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Objective: To investigate whether multidetector computed tomography (MDCT)-based
radiomics features can discriminate between serous borderline ovarian tumors (SBOTSs)
and serous malignant ovarian tumors (SMOTs).

Patients and Methods: Eighty patients with SBOTs and 102 patients with SMOTs,
55) from
December 2017 to June 2020, were enrolled in this study. The interclass correlation coeffi-

confirmed by pathology (training set: n = 127; validation set: n =
cient (ICC) and least absolute shrinkage and selection operator (LASSO) regression were
applied to select radiomics parameters derived from MDCT images on the arterial phase
(AP), venous phase (VP), and equilibrium phase (EP). Receiver operating characteristic
(ROC) analysis of each selected parameter was carried out. Heat maps were created to
illustrate the distribution of the radiomics parameters. Three models incorporating selected
radiomics parameters generated by support vector machine (SVM) classifiers in each phase
were analyzed by ROC and compared using the DeLong test.

Results: The most predictive features selected by ICC and LASSO regression between
SBOTs and SMOTs included 9 radiomics parameters on AP, VP, and EP each. Three models
on AP, VP, and EP incorporating the selected features generated by SVM classifiers produced
AUCs of 0.80 (accuracy, 0.75; sensitivity, 0.74; specificity, 0.75), 0.86 (accuracy, 0.78;
sensitivity, 0.80; specificity, 0.75), and 0.73 (accuracy, 0.69; sensitivity, 0.71; specificity,
0.67), respectively. There were no significant differences in the AUCs among the three
models (AP vs. VP, P = 0.199; AP vs. EP, P = 0.260; VP vs. EP, P = 0.793).

Conclusion: MDCT-based radiomics features could be used as biomarkers for the differ-
entiation of SBOTs and SMOTs.

Keywords: ovarian tumors, multidetector computed tomography; MDCT, radiomics

Introduction
Epithelial ovarian tumors account for approximately 60% of all ovarian tumors.
According to their histological characteristics and clinical manifestations, they can
be divided into benign, borderline, and malignant.'! Compared with malignant
ovarian tumors, borderline ovarian tumors usually appear at a younger age, and
the prognosis is much better than that of malignant ovarian tumors.' > Evaluation of
malignancy can aid in clinical management decisions.

Many medical imaging methods, such as ultrasound, multidetector computed
tomography (MDCT), and magnetic resonance imaging (MRI), can provide impor-

tant information for the assessment, diagnosis, staging, and follow-up of ovarian
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tumors.* Imaging is one of the most important steps in
predicting the prognosis of patients and in distinguishing
malignant tumors from borderline lesions so that the most
appropriate treatment plan can be implemented. MDCT,
the recommended imaging modality for staging ovarian
cancer, and MRI, which is excellent for tissue differentia-
tion, are the most used methods in clinical work.*>

Previous studies have shown that MDCT and MRI
features can differentiate borderline ovarian tumors from
malignant tumors, according to analyses of the location,
shape, size, internal structure, and signal intensity of ovar-
ian tumors.®® Denewar et al reported that the minimum
apparent diffusion coefficient value of whole lesions and
the maximum diameter of solid components in MRI were
useful for differentiating borderline ovarian tumors from
malignant epithelial ovarian tumors.” By analyzing MDCT
features, Stephanie Nougaret et al reported that the solid
components are smaller, and the septations are thinner in
serous borderline tumors than in serous malignant
tumors.'® However, there are many similarities and over-
laps between ovarian borderline tumors and malignant
tumors. Hence, it is difficult to distinguish between the
two types of tumors by MDCT or MRI.

Radiomics provides important information for under-
standing the tumor phenotype and tumor microenviron-
ment by high-throughput mining and the quantification of
routine radiologic images.'' Quantitative parameters
retrieved from MDCT and MRI images have improved
the accuracy of diagnosis and prognosis in a variety of
tumors, including kidney,12 liver,"” and lung cancers.'
However, to our knowledge, no study has evaluated
MDCT-based radiomics features for their ability to differ-
entiate ovarian borderline tumors and malignant tumors.
Since epithelial ovarian tumors are of different subtypes,
different subtypes have different imaging manifestations,
and serous epithelial ovarian tumors are the most common.
This study aimed to investigate whether MDCT-based
radiomics features can discriminate serous borderline
ovarian tumors (SBOTs) and serous malignant ovarian
tumors (SMOTs) by establishing an MDCT radiomics
model to plan preoperative treatment and predict prognosis
of the patients.

Patients and Methods

Patients
Our study was conducted in strict compliance with the
Declaration of Helsinki and was approved by the Ethics

Committee of the Affiliated Hospital

University. Informed consent was waived for this study

of Qingdao

due to its retrospective design, and all data were kept
confidential. By searching our institution’s database, 206
patients with SBOT and 323 patients with SMOT were
initially enrolled from December 2017 to June 2020. The
inclusion criteria were as follows: 1) SBOTs and SMOTs
were diagnosed by postoperative pathology; 2) SBOTs and
SMOTs were in an early stage (I and II) according to the
guideline of the International Federation of Gynecology
and Obstetrics (FIGO); and 3) the images were of suffi-
cient quality for radiomics analysis. The exclusion criteria
included: 1) SBOTs and SMOTs which were in a late stage
(ITII and IV) according to the FIGO guideline; and 2)
patients who received any treatment before CT examina-
tion or were on treatment at the time of CT examination
were also excluded to eliminate the effect of treatment on
imaging features. Finally, 80 SBOT patients (54 stage
I and 26 stage II) and 102 SMOTs (63 stage I and 39
stage II) were enrolled in this study.

MDCT Imaging Protocol

Contrast-enhanced pelvic CT scans were performed using
5 different CT scanners: Aquilion ONE (Canon Medical
Systems) in 42 patients, Discovery CT750 HD (GE med-
ical systems) in 31 patients, Optima CT670 (GE medical
systems) in 36 patients, iCT 256 (PHILIPS) in 34 patients,
and SOMATOM Definition Flash (SIEMENS) in 39
patients. In 3-phase contrast-enhanced examinations, the
contrast agent was injected though antecubital vein at the
rate of 2.0-3.0 mL/s (85—-100 mL bolus of iohexol, 300 mg
iodine/mL). Similar protocols were used as follows: 120
kV; 100300 mA; rotation time of 0.42-0.6 s; pitch of
0.599-0.984; thickness of 1-1.2 mm. The arterial phase
(AP) was performed at a delay time of 13-17 s after
abdominal aorta attenuation reached 100 Hounsfield units
using the tracking technique. The venous phase (VP) and
equilibrium phase (EP) were performed 30 s and 210
s after the AP, respectively.

MDCT Radiomics Analysis

The workflow of the radiomics analysis was as follows:
tumor segmentation, feature extraction, feature selection,
model construction, and evaluation (Figure 1). In this
study, the open-source 3D-slicer software (www.slicer.
org) was used to extract radiomics features. The editor
tools in the 3D-slicer were used to manually segment the
tumors in MDCT images. The regions of interest (ROIs)
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Figure | Workflow of radiomics analysis.
Abbreviations: |ICC, intraclass correlation coefficient; LASSO, least absolute
shrinkage, and selection operator; ROC, receiver operating characteristic.

were drawn manually on AP, VP, and EP, covering the
whole tumor by two radiologists in abdominal diagnosis
with 8 and 9 years of experience who were blinded to the
pathology results. When patients had bilateral ovarian
tumors, the larger one was analyzed. The lesion with the
larger maximum diameter on the axial image was defined
as the larger lesion. Then, a 3D model of the tumor was
built using the model generation module of the 3D slicer.
After tumor segmentation and 3D model generation, 1,167
radiomics features were extracted by the “radiomics”
package in the software. Radiomics parameters were
selected using 3D-slicer software, including seven cate-
gories: 14 shape features, 216 first-order features, 289
gray-level cooccurrence matrix features, 192 gray-level
run-length matrix features, 192 gray-level size zone matrix
features, 60 neighboring gray tone difference matrix fea-
tures, and 204 gray-level dependence matrix features.
Detailed information can be found in previous studies."’

Statistical Analysis

The age and maximum diameter of the tumor on the axial
images of SBOTs and SMOTs were compared using a two
independent samples ¢-test. All extracted radiomics fea-
tures from MDCT images on AP, VP, and EP were con-
verted into normalized values. Interclass correlation
coefficient (ICC) and least absolute shrinkage and selec-
tion operator (LASSO) regression were used to select
radiomics parameters in all patients. The selected para-
meters and their regression coefficients were recorded.
Receiver operating characteristic (ROC) curves and the
area under the ROC curves (AUCs) were calculated for
the selected radiomics parameter. Heat maps were gener-
ated to depict the distribution of the selected radiomics
parameters of the three phases. According to the date of

MDCT imaging, the cohort was divided into a training set
(n = 127) and validation set (n = 55). Then selected
radiomics parameters were used to train the support vec-
tor machine (SVM) classifier in the training set on AP,
VP, and EP, respectively. Lastly, the predictive perfor-
mance was assessed in the validation set using the same
thresholds determined in the training set, and ROC curves
and AUCs of the validation set were computed. The
AUCs of AP, VP, and EP between SBOTs and SMOTs
were compared using the DeLong test. Statistical analysis
was performed using SPSS 23.0 (Chicago, IL, USA). The
LASSO regression and SVM classifier were performed
using the scikit-learn package of Python (https://www.
python.org). P < 0.05 was considered statistically
significant.

Results

Clinical Characteristics

A total of 182 patients were included in this study, of
which 80 (43.96%) were SBOTSs, and 102 (56.04%) were
SMOTs. The general characteristics of the training and
validation sets are shown in Table 1. The mean ages
between the SBOTs and SMOTs were significantly differ-
ent in the training set (41.2 + 11.2 years vs. 52.5 = 9.0
years, P < 0.001) and validation set (40.2 + 15.2 years vs.
54.5 £ 10.0 years, P < 0.001). However, there was no
significant difference in the tumor maximum diameter of
the SBOTs and SMOTs in the training and validation sets.

Selection of Radiomics Features
There were 7 categories and 1167 radiomics parameters in
total for every ROI. Radiomic features with ICCs lower than
0.80 were excluded. There were 756, 812, and 786 radiomics
features with good interreader agreement in the three phases,
respectively, and the ICCs ranged from 0.802 to 0.904.
After the LASSO method, each phase selected 9 radio-
mics features with higher AUC values in Table 2. The
ROC curves and AUC values are shown in Figure 2. The
radiomics parameters with the top two AUC values were
Run Length Non-Uniformity Normalized (RLNN) (AUC
=0.72) and IMC2 (AUC = 0.74) in AP, RLNN (AUC =
0.71) and IMC2 (AUC = 0.69) in VP, and RLNN (AUC =
0.70), median (AUC = 0.69), and Gray Level Non-
Uniformity Normalized (GLNN) (AUC = 0.69) in EP.
The radiomics parameter distributions of AP, VP, and EP
between SBOTs and SMOTs is demonstrated with heat
maps in Figure 3.
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Table | The Patient Characteristics of SBOTs and SMOTs

Training Set (n =127)

Validation Set (n = 55)

SBOTSs (n =56)

SMOTs(n=71) | p

SBOTs (n=24) | SMOTs(n=31) |p

412+ 11.2
6.0+ 34

Age (years, mean *std)

Maximum diameter (cm, mean * std) 8.1+ 44

525+90

<0.001
0.098

<0.001
0.112

402 £ 15.2
6.7 +44

54.5 + 10.0
9.1 £3.7

Abbreviations: SBOTs, serous borderline ovarian tumors; SMOTs, serous malignant ovarian tumors.

Table 2 The Most Predictive Features Between SBOTs and SMOTs Selected by LASSO Regression

Phase Feature Name Feature Class Regression Coefficient
AP LargeDependenceEmphasis GLDM 0.329
ZoneEntropy GLSZM 0.325
RunLengthNonUniformityNormalized GLRLM —0.273
GrayLevelNonUniformityNormalized GLSZM 0.228
IMC2 GLCM 0.215
MCC GLCM 0.174
LowGrayLevelRunEmphasis GLRLM 0.159
MaximumProbability GLCM —0.156
RootMeanSquared FIRSTORDER 0.132
VP IDN GLCM 0.692
RunLengthNonUniformityNormalized GLRLM —0.584
IMC2 GLCM 0.563
ClusterShade GLCM 0.476
InverseVariance GLCM 0.347
Contrast NGTDM —0.322
LowGraylevelZoneEmphasis GLSZM 0.321
Median FIRSTORDER —0.318
GrayLevelNonUniformityNormalized GLSZM 0.305
EP RunLengthNonUniformityNormalized GLRLM —0.598
Median FIRSTORDER —0.578
IMC2 GLCM —0.570
MCC GLCM 0.569
GrayLevelNonUniformityNormalized GLSZM 0.549
GrayLevelNonUniformityNormalized GLRLM —0.457
ClusterShade GLCM 0.447
LowGraylevelZoneEmphasis GLSZM 0.430
IDMN GLCM 0.428

Abbreviations: SBOTs, serous borderline ovarian tumors; SMOTs, serous malignant ovarian tumors; AP, arterial phase; VP, venous phase; EP,

equilibrium phase.

Predictive Performance of the SVYM

Classifier

The predictive performances of the AP, VP, and EP models
in the validation set are shown in Table 3, which is based
on the same thresholds of the SVM classifier in the train-
ing set. The AP, VP, and EP radiomics models showed
AUCs of 0.8, 0.86, and 0.73, respectively. The VP model
showed a good predictive performance with a relatively
higher AUC, accuracy, and sensitivity. The ROC curves of
the three models are shown in Figure 4. However,

according to the DeLong test, there were no significant
differences in ROCs among the AP, VP, and EP radiomics
models (AP-VP, P =0.199; AP-EP, P = 0.260; VP-EP, P =
0.793) (Table 4).

Discussion

Previous studies have demonstrated that MDCT and MRI
are useful diagnostic methods to discriminate ovarian
borderline tumors and carcinomas with high sensitivity
and specificity.”'*'® Additionally, several risk prediction
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Figure 2 The ROC curves and AUC values of the most predictive features between SBOTs and SMOTs with LASSO regression in AP (A), VP (B), and EP (C). The numbers

in each figure mean the radiomics parameters in.Table 2

Abbreviations: ROC, receiver operating characteristic; AUC, area under curve; SBOTs, serous borderline ovarian tumors; SMOTs, serous malignant ovarian tumors;
LASSO, least absolute shrinkage, and selection operator; AP, arterial phase; VP, venous phase; EP, equilibrium phase.

EP

Figure 3 The heat maps of radiomics parameter distribution of the AP, VP and EP between SBOTs and SMOTs. Difference in colors means different value of radiomics

parameter.

Abbreviations: AP, arterial phase; VP, venous phase; EP, equilibrium phase; SBOTs, serous borderline ovarian tumors; SMOTs, serous malignant ovarian tumors.

models have been proposed to distinguish benign, border-
line, and malignant ovarian tumors.'>?° The MDCT diag-
nosis of ovarian malignant tumors is related to various
findings, such as the presence of bilateral and cystic-solid
masses, a large soft-tissue component with necrosis,
a tumor with thick and irregular septa, and large papillary
components.”’ These results can be explained by

Table 3 The Predictive Performance of AP, VP, and EP Model

AUC Accuracy Sensitivity Specificity
AP model 0.80 0.75 0.74 0.75
VP model 0.86 0.78 0.80 0.75
EP model 0.73 0.69 0.71 0.67

Abbreviations: AUC, area under curve; AP, arterial phase; VP, venous phase; EP,
equilibrium phase.

underlying pathophysiological differences between bor-
derline and malignant tumors. The data in MDCT images
may still conceal many underlying, invisible, and histolo-
gical differences, while visual assessment by humans
could not allow for detecting subtle differences in radio-
mic information. Therefore, SBOTs and SMOTs may not
be distinguishable from each other based on visual inspec-
tion of conventional medical images. Probably, the appli-
cation of machine learning methods may further improve
the diagnostic and predictive value of imaging. In this
study, we used radiomics to extract data from MDCT
images to detect differences between early stage SBOTs
and SMOTs because early stage tumors grow locally and
do not disseminate, as they can form a unified standard for
tumor segmentation in 3D-slicer software.
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Figure 4 The ROC curves and AUC values of the AP, VP, and EP to differentiate
SBOTs and SMOTs.

Abbreviations: ROC, receiver operating characteristic; AUC, area under curve;
AP, arterial phase; VP, venous phase; EP, equilibrium phase; SBOTSs, serous border-
line ovarian tumors; SMOTs, serous malignant ovarian tumors.

Radiomics is a variety of mathematical methods to
provide tumor heterogeneity data by extracting and ana-
lyzing the gray intensity and position of pixels in the
image.”? Tumors are heterogeneous, with spatial variations
in the number of tumor cells, angiogenesis, extracellular
Studies
a significant correlation between radiomics features and

matrix, and necrotic areas. have shown
underlying pathological changes.”> *° Imaging plays an
important role in assessing the heterogeneity within
a tumor in a noninvasive manner, as random sampling or
biopsy does not represent the entire phenotype within the
tumor. Epithelial ovarian tumors are heterogeneous neo-
plasms primarily subdivided into benign, borderline, and
malignant types. Microscopically, the hallmark of SBOTs
is the presence of epithelial hyperplasia forming stromal

polyps, glands, and papillae with generally abundant

Table 4 The Results of Multiple Comparisons of the AUCs by
the Delong Test

Z Statistic p
AP-VP 1.283 0.199
AP-EP 1.127 0.260
VP-EP 0.262 0.793

Abbreviations: AUC, area under curve; AP, arterial phase; VP, venous phase; EP,
equilibrium phase.

eosinophilic cytoplasm and mild to moderate nuclear aty-
pia. This type differs from serous carcinoma in that it lacks
destructive stroma invasion. SMOTs vary from glandular
to papillary to solid and often contain psammoma bodies.
Tumor cells are generally of medium size, and the stroma
may be scanty or desmoplastic.'*® These microscopic
differences are related to radiomics features, which
means that imaging can reveal general pathological man-
ifestations. Our results indicate that the radiomics features
of SBOTs and SMOTs were different, and the radiomics
parameters with the nine AUC values in each phase were
selected for different SBOTs and SMOTs.

In our study, the radiomics features of RLNN, GLNN,
and IMC2 showed higher predictive values for the differ-
entiation of SBOTs and SMOTs because three of them were
found in all phases. RLNN measures the similarity of run
length in the whole image, and a smaller value indicates that
the run length in the image is more homogeneous. GLNN
measures the variability of gray intensity values in images,
and smaller values indicate greater similarity in the intensity
values. IMC2 quantifies the complexity of texture. In addi-
tion, the radiomics features of RLNN had a higher AUC in
all three phases, and RLNN may be regarded the most
meaningful feature for differentiating these two types of
tumors. Our results show that radiomics can detect these
microscopic differences in SBOTs and SMOTs, and
a radiomics-based machine-learning classifier has achieved
satisfactory results in distinguishing SBOTs and SMOTs.
This information is important at the time of initial diagnosis
and aids in clinical management decisions.

It has been reported that radiomics features are always
affected by the acquisition parameters to different
degrees.”” Although this study was a single-center retro-
spective study without other external data validation, the
patients enrolled in our study were evaluated using five
different CT scanners. Given that different CT scanners are
used, our results indicate that radiomics may be widely
performed in multiple centers. Although there was no
significant difference in the AUC of the AP, VP, and EP
radiomics models according to the Delong test, there was
higher accuracy, sensitivity, and specificity in the VP
model. Thus, the diagnostic performance of the VP
model should be better than that of the other two models
in comprehensive consideration.

This study has several limitations. First, our study was
a single-center retrospective study. Second, we did not eval-
uate subjective findings and related laboratory examinations,
which combined with the radiomics features model, may
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yield some exciting results. Third, since the boundary of the

tumor is drawn manually, the interference of the volume

effect cannot be avoided completely. With the rapid devel-

opment of computer science, semiautomatic image recogni-

tion software will be developed in the future.

In summary, MDCT-based radiomics features could be

used as biomarkers for the differentiation of SBOTs and

SMOTs. The diagnostic performance of the VP model may
be better than that of the AP and EP models in compre-
hensive consideration.
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