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Background and purpose: We used radiomic analysis to establish a radiomic signature based on anatom-
ical magnetic resonance imaging (MRI) sequences and explore its effectiveness as a novel prognostic bio-
marker for skull base chordoma (SBC).

Materials and methods: In this retrospective study, radiomic analysis was performed using preoperative
axial Ty FLAIR, T,-weighted, and enhanced T, FLAIR from a single hospital. The primary clinical endpoint
was progression-free survival. A total of 1860 3-D radiomic features were extracted from manually seg-
mented region of interest. Pearson correlation coefficient was used for feature dimensional reduction and
a ridge regression-based Cox proportional hazards model was used to determine a radiomic signature.
Afterwards, radiomic signature and nine other potential prognostic factors, including age, gender, histo-
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Prognosis
Progression-free survival logical subtype, dural invasion, blood supply, adjuvant radiotherapy, extent of resection, preoperative
Radiomics KPS, and postoperative KPS were analyzed to build a radiomic nomogram and a clinical model. Finally,

Skull base chordoma we compared the nomogram with each prognostic factor/model by DeLong’s test.
Results: A total of 148 SBC patients were enrolled, including 64 with disease progression. The median
follow-up time was 52 months (range 4-122 months). The Harrell’s concordance index of the radiomic
signature was 0.745 (95% CI, 0.709-0.781) for the validation cohort, and its discrimination accuracy in
predicting progression risk at 5 years in the same cohort was 82.4% (95% CI, 72.6-89.7%).
Conclusions: The radiomics is a low-cost, non-invasive method to predict SBC prognosis preoperatively.
Radiomic signature is a potential prognostic biomarker that may allow the individualized evaluation of
patients with SBC.

© 2019 Elsevier B.V. All rights reserved. Radiotherapy and Oncology 141 (2019) 239-246

Chordoma is a rare primary malignant bone tumor with an
incidence of 1 every million individuals per year [1], and skull
base chordomas (SBC) represent thirty percent of the cases [2].

Abbreviations: MRI, magnetic resonance imaging; SBC, skull base chordoma;
PFS, progression-free survival; FLAIR, fluid attenuated inversion recovery; PACS,
picture archiving and communication system; DICOM, digital imaging and
communications in medicine; KPS, karnofsky performance status; CI, confidence
interval; AUC, area under curves; ROI, region of interest.
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SBC has poor prognosis and a 10-year survival rate of 58.7%
[3]. The poor outcome is primarily due to a high rate of local
recurrence [4], which was reported to be as high as 68% [5], with
most recurrences occurring within 5 years after the initial sur-
gery [6]. Local recurrence of SBC is the marker of treatment fail-
ure, and novel prognostic biomarkers are urgently needed [7].
Current studies indicate that gender is associated with SBC prog-
nosis [8], while the pathologic and perioperative Karnofsky per-
formance status (KPS) are also potential prognostic biomarkers
[6], as are the extent of tumor removal and postoperative radia-
tion therapy [9]. However, because of the rarity of the disease,
the number of case samples reported in these studies is usually
small, so that these potential SBC prognostic factors are still con-
troversial [10].
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Magnetic resonance imaging (MRI), a routinely used diagnostic
tool [11], provides a non-invasive and low-cost method for extract-
ing prognostic information in SBC [12,13]. Radiomics [14], a subset
of the field of medical imaging research based on the technology of
machine learning, has progressed dramatically in recent years,
enabling a comprehensive expression of tumor heterogeneity and
more advanced prognostic applications [15]. Establish a prognostic
model using high-throughput quantitative radiomic features
extracted from medical images provides a novel potential tool for
clinicians to implement personalized treatment plans and progno-
sis assessments [16-19]. Furthermore, our previous radiomic anal-
yses have been successfully applied in many different oncological
diseases [20-25] and clarified the relationship between radiomic
features and prognosis [26,27]. Therefore, radiomics may also pro-
vide a potential tool for analyzing the prognosis of SBC [28-32].

In this retrospective study, we hypothesized that radiomic anal-
ysis would provide a prognostic biomarker for SBC in the form of a
radiomic signature. We performed radiomic analysis to extract
MRI-based quantitative radiomic features and developed a novel
radiomic signature for individualized, pretreatment evaluation of
progression-free survival (PFS) in patients with SBC. Collectively,
these findings provide potentially critical insights for individual-
ized treatment and follow-up planning.

Materials and methods

We enrolled 148 patients with SBC, between January 2005 and
July 2014, at the Beijing Tiantan Hospital, Capital Medical Univer-
sity. The ethics committee of the Hospital approved this study and
informed consent was obtained from all participants. Our study
was conducted in accordance with the Declaration of Helsinki, TRI-
POD, and Guidelines of Luo et al [33,34]. The study design is illus-
trated in Fig. 1.

Eligibility criteria
Patient inclusion criteria were: (a) pathologically confirmed
SBC, (b) diagnosis made and surgery performed at our hospital,

and (c) preoperative MRI images stored in the Picture Archiving
and Communication System (PACS), including axial T; FLAIR, axial
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T,-weighted, and enhanced axial T; FLAIR sequences. Patient
exclusion criteria were: (a) patients without a history of tumor
resection, (b) patients without follow-up data, and (c¢) incomplete
clinical information or MRI sequences.

We retrospectively reviewed the inpatient records of enrolled
patients and collected potential prognostic factors that might be
associated with the prognosis of SBC, including age [10], gender
[8], histological subtypes [6], dural invasion [4], blood supply
[35], extent of resection [4], adjuvant radiotherapy [9], preopera-
tive KPS, and postoperative KPS [6].

The enrolled patients were divided into a training cohort and a
validation cohort based on the time of surgery: patients who
underwent surgery between January 2005 and December 2009
formed the training cohort, and patients who underwent surgery
between January 2010 and July 2014 formed the validation cohort.
In addition, the enrolled patients were re-divided into another
training cohort and another validation cohort by random number
at a 1:2 ratio. The details of primary treatment have been described
in our previous studies [4,6]. Details of study inclusion and exclu-
sion criteria (Fig. A.1), follow-up, clinical endpoints, MRI technique,
and tumor segmentation are described in the Appendix.

Radiomic feature extraction and radiomic signature building

The DICOM images and segmentation matrices were normal-
ized according to pixel spacing. Radiomic features expressing
tumor characteristics were high-dimensional quantitative features
extracted from the region of interest (ROI) of the MRI images.
Based on our radiomics platform (www.radiomics.net.cn) and our
previous research [23,24,32], we extracted 620 3-D radiomic fea-
tures from each MRI sequence (for a total of 1860 features,
Table A.1) [36]. Details of radiomic feature extraction are described
in the Appendix.

Due to the high dimensional nature of the radiomic features
extracted, over-fitting would have occurred if all 1860 radiomic
features were used to build a radiomic signature. Therefore, we
used Pearson correlation coefficient to select the features that were
most associated with prognosis in the training cohort with a cut-
off value of P < 0.05. And then tested the inter-correlation between
the features of P < 0.05 to minimize number of the features. The
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Fig. 1. Study flowchart. The flowchart of our study. The three MRI sequences in the figure are from the same location of a same patient. ROI, region of interest.
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cut-off value was defined as the absolute value of correlation coef-
ficient >0.8. A ridge regression-based Cox proportional hazards
model was used to test the relationship between these features
and PFS [37]. The ridge regression coefficients of the selected fea-
tures were used to develop a novel prognostic biomarker (namely,
a radiomic signature) for predicting the individual risk of disease
progression. The radiomic signature score for each patient was a
linearly-weighted combination of the selected features.

In order to facilitate clinical application, we normalized the
radiomic signature according to Eq. (1), thus transforming it into
a continuous risk score ranging between 0 and 1, with higher
scores indicating a greater probability of poor prognosis. The radio-
mic signature was further stratified into low and high risk via the
x-tile [38] and recursive partitioning analysis (RPA) [39], respec-
tively. Radiomic feature extraction, dimensional reduction, and
radiomic signature construction were implemented using MATLAB
R2016a (MathWorks, Natick, MA).

Signature — Training,,;,

Normalized signature = —=>— —
Training,,,, — Training,;,

(1)

Prognostic factors validation

The potential association between prognostic factors (including
radiomic signature) and PFS was validated in the validation cohort.
Kaplan-Meier survival analysis and log-rank test were used to
determine the relationship between the categorical radiomic sig-
nature and PFS, as well as the nine other potential prognostic fac-
tors. The cut-off value of age was calculated using the Youden
index [40].

Furthermore, a univariate Cox proportional hazards model was
used to calculate the Harrell’s concordance index (C-index) for the
continuous radiomic signature and nine other potential prognostic
factors. A multivariate regression analysis was performed using
Akaike Information Criterion [41] (AIC) for factors with a result
of P<0.05 in univariate Cox regression analysis. Multivariable
Cox proportional hazards models were built for developing a radio-
mic prognosis nomogram [42] (including continuous radiomic sig-
nature) and a clinical prognosis model (excluding continuous
radiomic signature) using the factors selected by AIC. Afterwards,
we used the continuous radiomic signature, nine other potential
prognostic factors, radiomic prognosis nomogram, and clinical
prognosis model to predict the individual probabilities of 5-year
PFS after surgery. Radiomic signature and age were used as contin-
uous variables, while the other eight factors were used as categor-
ical variables. These prognostic models were used to predict the
individual probabilities of 5-year PFS and the discriminant accu-
racy of the Cox models were evaluated using the time-dependent
area under curves (AUC) [43]. The DeLong’s test was used to com-
pare the radiomic prognosis nomogram and each clinical factor/-
model [44].

The 95% confidence interval (CI) of the C-indices and AUCs were
calculated by bootstrapping with 1000 resampling. The calibration
curves were used to assess the degree of variability of the predic-
tions and to compare the PFS with the true PFS in the validation
cohorts [45]. The calibration curves were tested using the
Hosmer-Lemeshow test to determine whether the predicted curve
and the true curve significantly differed [46].

Statistical analysis

Median and range were reported for age and follow-up time,
whereas frequencies and proportions were reported for categorical
variables including the categorical radiomic signature. Differences
in continuous variables and categorical variables were assessed
using the independent samples t-test and Fisher exact test, respec-

tively. All statistical tests were two-sided. Significance was set as
P < 0.05. Validation of the prognostic factors and statistical analysis
were implemented with R version 3.6.1 (R Foundation for Statisti-
cal Computing, Vienna, Austria).

Results

Overall, 148 patients were enrolled. Fifty patients formed the
training cohort, and 98 patients formed the validation cohort.
The primary demographic and clinical data of the training and val-
idation cohorts are listed in Table A.2 and Table 1, respectively. The
data of training cohort are described in the Appendix. In the valida-
tion cohort, thirty-eight (39%) patients had documented progres-
sion during the follow-up. The median (range) PFS was
17.5 months (4-67 months) in the progression patients, and the
median (range) follow-up time was 52 months (4-122 months)
in the censored patients. There were no statistically significant dif-
ferences between the progression and no progression groups in
potential prognostic variables with the exception of categorical
radiomic signature (P<0.001) and histological subtype
(P=0.006). There were 57 (58%) conventional SBC patients, and
these patients had significantly poor prognoses. There were no
dedifferentiated SBC enrolled in our study. Radiomic signature
and histological subtype had significant statistical differences
between the progression group and no progression group in the
training and validation cohorts. All experimental results of the ran-
domly divided samples are described in the Appendix (Table A.5,
Fig. A.5, Fig. A.6).

We calculated the ICC of the radiomic features using the ROI
selected by the two radiologists. The ICC values (range, 0.89-
0.98) showed that the features were stable between two radiolo-
gists. Based on the training cohort, we selected, among the 1,860
high-dimensional radiomic features, the fifteen features that were
most strongly associated with PFS to build a radiomic signature.
The details of the selected radiomic features are described in
Table A.3.

The radiomic signature was an effective prognostic biomarker
when used as a categorical variable. Low risk was defined as radio-
mic signature score <0.5 and high risk as score >0.5 via the x-tile.
Statistically significant discrimination of the PFS among the high-
risk and low-risk progression groups, divided by the categorical
radiomic signature, was observed in the training and validation
cohorts (Fig. 2). Both p-values of log-rank test were <0.001. In
the validation cohort, there were 63 (64%) patients in the high-
risk group, including 36 (57%) patients with progression (Table 2),
while there were 35 (36%) patients in the low-risk group, including
2 (6%) patients with progression. The low-risk group thus had a
significantly better prognosis than high-risk group (P<0.001).
The categorical radiomic signature showed a high sensitivity of
94.7% and a low false negative rate of 5.3%. Meanwhile, the accu-
racy and specificity were 70.4% and 55.0%, respectively. There were
no statistical differences between the groups in the follow-up time
of censored patients (P =0.758). Among the nine other potential
clinical prognostic factors, histological subtype (P=0.002) and
blood supply (P=0.031) of the tumor were statistically different
PFS between their subgroups (Fig. A.4, Table A.4). The performance
of RPA-based categorical radiomic signature are described in the
Appendix (Fig. A.2 and Fig. A.3).

In the univariate Cox analyses, the C-index of the continuous
radiomic signature was 0.745 (95% CI, 0.709-0.781) in the valida-
tion cohort (Table A.4). The discrimination accuracy of the contin-
uous radiomic signature for predicting 5-year progression risk was
82.4% (95% Cl, 72.6%-89.7%) in the same cohort (Fig. 3A, Table A.4).
The Cox model of the continuous radiomic signature also demon-
strated favorable calibration in the validation cohort (Fig. 3B).
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Table 1
Descriptive statistics of patients with chordoma in validation cohort.

Variable Validation (N = 98) Progression (n = 38) No progression (n = 60) P

Age at surgery (years), median (range) 38 (5-67) 38 (11-58) 38 (5-67) 0.977

Gender (%) 0.673
Male 58 (59) 24 (63) 34 (57)
Female 40 (41) 14 (37) 26 (43)

Histological subtypes (%) 0.006
Conventional 57 (58) 29 (76) 28 (47)
Chondroid 41 (42) 9 (24) 32 (53)
Dedifferentiated 0(0) 0(0) 0(0)

Dural invasion (%) 1.000
Intradural 34 (35) 13 (34) 21 (35)
Extradural 64 (65) 25 (66) 39 (65)

Blood supply (%) 0.096
Abundant 53 (54) 25 (66) 28 (47)
Poor 45 (46) 13 (34) 32 (53)

Extent of resection (%) 0.404
<70% 3(3) 0(0) 3(5)
70-90% 15 (15) 8(21) 7 (12)
90-100% 63 (64) 24 (63) 39 (65)
100% 17 (17) 6(16) 11 (18)

Adjuvant radiotherapy (%) 0.290
Yes 39 (40) 18 (47) 21 (35)
No 59 (60) 20 (53) 39 (65)

Preoperative KPS (%) 0.116
<60 9(9) 6(16) 3(5)
70 17 (17) 6(16) 11 (18)
80 42 (43) 19 (50) 23 (38)
90 29 (30) 7 (18) 22 (37)
100 1(1) 0(0) 1(2)

Postoperative KPS (%) 0.629
<60 12 (12) 7 (18) 5(8)
70 9(9) 4(11) 5(8)
80 30(31) 11 (29) 19 (32)
90 44 (45) 15 (39) 29 (48)
100 3(3) 1(3) 2(3)

Radiomics signature (%) <0.001
High risk 63 (64) 36 (95) 27 (45)
Low risk 35(36) 2 (5) 33 (55)

Follow-up time (months), median (range) 42 (4-122) 17.5 (4-67) 52 (4-122) -

p-values are the result of Fisher exact tests (categorical variables) or independent-samples t-tests (continuous variables).
Abbreviations: KPS, Karnofsky performance status.
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Fig. 2. Progression-free survival stratified by risk according to categorical radiomic signature. Kaplan-Meier curves showing progression-free survival in patients stratified by
categorical radiomic signature and classification in the training (A) and validation (B) cohorts. High-risk and low-risk curves are compared with the log-rank test.
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Table 2
Descriptive statistics of patients with chordoma in high/low risk groups of validation
cohort.

Variable High risk Low risk P
(n=63) (n=35)

Age at surgery (years), median (range) 39 (11-67) 36 (5-63) 0.064

Gender (%) 0.523
Male 39 (62) 19 (54)

Female 24 (38) 16 (46)

Histological subtypes (%) 0.200
Conventional 40 (63) 17 (49)

Chondroid 23 (37) 18 (51)
Dedifferentiated 0(0) 0(0)
Dural invasion (%) 0.507
Intradural 20 (32) 14 (40)
Extradural 43 (68) 21 (60)
Blood supply (%) 0.138
Abundant 38 (60) 15 (43)
Poor 25 (40) 20 (57)

Adjuvant radiotherapy (%)

Yes 27 (43) 12 (34) 0.519
No 36 (57) 23 (66)

Extent of resection (%) 0.362

<70% 1(2) 2(6)
70-90% 12 (19) 3(8)
90-100% 40 (63) 23 (66)

100% 10 (16) 7 (20)

Preoperative KPS (%) 0.244
<60 8 (13) 1(3)

70 13 (19) 4(10)
80 24 (40) 18 (55)
90 17 (26) 12 (32)
100 1(2) 0 (0)

Postoperative KPS (%) 0.068
<60 11 (15) 1(6)

70 8 (13) 1(3)
80 17 (28) 13 (32)
90 25 (40) 19 (55)
100 2 (4) 1(3)

Progression (%) <
Yes 36 (57) 2 (6) 0.001
No 27 (43) 33(94)

Follow-up time in censored patients 50 (8-84) 55(4-122) 0.758

(months), median (range)

p-Values are the result of Fisher exact tests (categorical variables) or independent-
samples t-tests (continuous variables) for high-risk and low-risk groups. The high
and low risk groups are divided by the radiomic signature score of each patient, the
cut-off value is 0.5.

Abbreviations: KPS, Karnofsky performance status.

Time—dependent ROC curve

The p-value of the Hosmer-Lemeshow test for the 5-year PFS pre-
dictive ability of the continuous radiomic signature was 0.29.
Among nine other potential clinical prognostic factors, only the
histological subtype had a certain prognostic ability (C-index and
time-dependent AUC > 0.6), but it still showed a significant differ-
ence (DeLong’s test P < 0.001) compared with the radiomic progno-
sis nomogram (Fig. 4) in predictive performance (Fig. 3A,
Table A.4). Moreover, continuous radiomic signature (P <0.001),
histological subtype (P =0.004), and blood supply (P = 0.035) had
statistical differences in the univariate Cox analyses, and the three
factors had also been selected by AIC.

In the multivariable Cox analyses, the C-indices of clinical
model and combined model (radiomic signature + clinical model,
namely, radiomic prognosis nomogram, Fig. 4) were 0.684 (95%
Cl, 0.644-0.724) and 0.768 (95% CI, 0.734-0.803) in the validation
cohort, respectively (Table A.4). And the discrimination accuracies
for predicting 5-year progression risk were 73.0% (95% CI, 59.4%-
80.2%) and 84.6% (95% CI, 74.2%-91.1%) in the same cohort, respec-
tively (Fig. 3A, Table A.4). The combined model also demonstrated
favorable calibration in the validation cohort (Fig. 3B). The p-value
of the Hosmer-Lemeshow test was 0.34. The clinical model showed
a significant difference (DeLong’s test P = 0.003) compared with the
radiomic prognosis nomogram in predictive performance (Fig. 3A,
Table A.4).

Discussion

In the present retrospective study, we adopted a radiomic anal-
ysis using anatomical MRI images to develop a radiomic signature
and a radiomic nomogram in a training cohort for SBC patients.
Afterwards, we tested their prognostic utility for the validation
cohort using Kaplan-Meier survival analysis, univariate and multi-
variate Cox regression analysis.

We confirm that histological subtype is a prognostic indicator in
SBC, with chondroid SBC characterized by better prognosis [10].
Meanwhile, whether other factors can be identified as prognostic
factors is controversial and remains to be further explored
[5,6,8,9]. Although it is generally believed that the largest possible
extent of the resection is a predictor of better prognosis, whether
the extent of resection can be identified as a prognostic factor
might depend on the surgical approach and the tumor location.
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Fig. 4. Radiomic prognosis nomogram. Probability of 5-year progress-free survival in patients with skull base chordoma using the radiomic nomogram, which was developed

by continuous radiomic signature, histological subtypes, and blood supply.

Some scholars argue that resection requires caution [5]. Moreover,
whether to carry out postoperative adjuvant radiotherapy still
needs further study [10]. The relative radioresistance of chordoma
cells demands the administration of high-dose irradiation to sensi-
tive regions, so that overtreatment and radiation toxicity are prob-
lems to be considered.

Radiomics has the capability to mine prognostic information
from MRI [14,18,47]. In addition, radiomic analysis is feasible in
preoperative, low-cost, and non-invasive prediction of prognosis
based on MRI [19]. Due to the high heterogeneity among chordoma
patients, predicting progression risk is challenging [48,49]. How-
ever, radiomic analysis is possible to provide an additional method
by which tumor heterogeneity can be characterized [36]. There-
fore, distinct radiomic signature might guide clinical practice
together with other clinical factors such as histological subtype.

In the present study, we extracted a total of 1860 3-D radiomic
features from three MRI sequences. Although the rapid develop-
ment of deep learning algorithms produced a major breakthrough
in the field of radiomics [50,51], it is not suitable for rare diseases
such as chordoma, where the limited training samples risks mak-
ing deep learning shallow, and discriminative features difficult to
learn. And the radiomic features with interpretability were differ-
ent from deep learning features, which were generally lacking
interpretability. Therefore, radiomic analysis using hand-crafted
features with specific explanations may be more suitable for this
rare disease study [52]. Ridge regression is a biased estimation
regression method suitable for collinear data analysis, which by
abandoning the unbiasedness of the least squares method gains
in realism and reliability of the regression coefficients, at the cost
of losing part of the information and some accuracy [53]. We used
this approach in the present study to prevent the fifteen selected
radiomic features from overfitting.

Although the MRI images used in this study were acquired dur-
ing nearly 10 years, we found little impact of this variability on the
prognostic model’s predictive validity, as verified in validation
cohort. Rather than randomly dividing patients, we grouped
patients by surgery time (early vs. late). This revealed that the
model built on the training data, i.e. past patients, could be used
to predict the prognoses of new patients. This design increased
the generalization ability of the prognostic model.

The categorical radiomic signature stratified the validation
cohort patients into high-risk and low-risk groups with signifi-

cantly different PFS. The prediction results for 5-year PFS revealed
that MRI-based radiomic analysis successfully stratified patients
according to their continuous radiomic signature. Moreover, the
performance of the radiomic signature and nomogram outper-
formed nine other prognostic factors and clinical model. Although
common prognostic factors could be used to predict the prognosis
of SBC [54-57], our experimental results indicate that their predic-
tive ability is limited. Therefore, the use of the radiomics not only
allows for the prediction of progression, but also complements
existing SBC prognostic biomarkers.

There are few studies of MRI-based radiomic analysis of PFS in
SBC.Yin et al [28-30] and Wei et al [31] have conducted radiomics-
based chordoma research. Yin et al are the pioneers of radiomics in
the application of chordoma. However, Yin's researches were the
differential diagnosis of sacral chordoma, which did not involve
the prognosis of chordoma. And the scan position of MRI/CT were
different from our study. Wei’s research could predict the recur-
rence probability of SBC. However, the use of a single T,-
weighted imaging sequence and a survival analysis method that
did not enrolled censored data limited the generalization ability
of their model. The present study not only validates previous
research results on the value of radiomics in prognosis and con-
firms the value of radiomics in better understanding tumor prog-
nosis, but also complements the prognostic biomarkers of SBC.
Additionally, high risk SBC patients might be identified using this
technique, so that more intensive treatments might be adminis-
tered [5], and follow-up intervals might be shortened. This addi-
tional information might also affect the decision of using an
adjuvant radiotherapy plan. High-risk patients might need strong
recommendations for postoperative adjuvant radiotherapy, while
low-risk patients might not receive adjuvant radiotherapy. Thus,
this additional method of risk stratification in SBC patients might
have a positive impact on improving treatment, avoiding
overtreatment, and prolonging survival.

While the present study offers significant benefits, it also has
some limitations which warrant discussion. First, because of the
extremely low incidence of chordoma, it was a retrospective study
with a relatively small sample size. A multicenter, prospective clin-
ical trial is thus required to address the limitation. Additionally,
manual segmentation was used, which may have resulted in incon-
sistent, subjective tumor segmentation, thereby reducing the mod-
el’s performance. Based on our previous findings, further studies of
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automatic segmentation algorithms are required to address this
limitation [58].

In conclusion, radiomics may allow predicting SBC prognosis.
These low-cost non-invasive methods, which can be used before
surgery, are likely to affect the planning of clinical treatment and
follow-up. Our results using the prognostic model suggest that
the radiomic signature we developed is a prognostic biomarker
of individual differences in SBC.
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