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Abstract Ovarian cancer is one of the three most common gynecological cancers in the world, and is regarded

as a priority in terms of women’s cancer. In the past few years, many researchers have attempted to develop and

apply artificial intelligence (Al) techniques to multiple clinical scenarios of ovarian cancer, especially in the field

of medical imaging, Al-assisted imaging studies have involved computer tomography (CT), ultrasonography (US),

and magnetic resonance imaging (MRI). In this review, we perform a literature search on the published studies

that using Al techniques in the medical care of ovarian cancer, and bring up the advances in terms of four clinical

aspects, including medical diagnosis, pathological classification, targeted biopsy guidance, and prognosis prediction.

Meanwhile, current status and existing issues of the researches on Al application in ovarian cancer are discussed.

INTRODUCTION

VARIAN cancer is the one of the three
most common gynecological cancers in
the world, but is the most lethal cancer in
women. Data from GLOBOCAN 2020 show
that there were 313,959 cases of newly diagnosed
ovarian cancer patients and about 207,252 deaths in
2020 globally, which have been increasing continu-
ously.™ From the SEER (Surveillance, Epidemiology,
and End Results) database, the authoritative source for
cancer statistics in United States, the overall five-year
relative survival rate for all types and stages of ovarian
cancer is 48.6%.%! This awkward situation could be at-
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tributed to the fact that early symptoms of ovarian can-
cer often go unnoticed and there is no reliable or rec-
ommended screening method for ovarian cancer. Early
diagnosis, stratification, and treatment are the keys to
reducing mortality and prolonging survival time.

The term of artificial intelligence (AI) was initially
emerged in the 1950s, referring to the intelligence pro-
gramming developed by modern computerized machine.
It is usually used to mimic human intelligence, such as
cognitive and learning abilities, and to solve practical
problems in reality. As the most important subset of Al,
machine learning is usually defined as a computerized
algorithms that can independently improve itself during
constant practice. Depending on the form of supervi-
sion information, machine learning has 3 major types,
including supervised, unsupervised, and reinforcement
learning. With the introduction and obvious success of
convolutional neural network, deep learning has been
recognized as a competent Al technique throughout
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the world. The most typical instance of AI application is
the Google’s product, AlphaGo, beating the best human
chess player in 2016.5! Deep learning, an important
branch of Al algorithm, can conduct imaging identifica-
tion, language processing, etc., by using multi-layered
artificial neural network analysis model, which mimics
the neural network of a human brain.™

In recent years, with the penetration and devel-
opment of Al technology in medicine, many innovation
have been made in imaging diagnosis, histological
classification/grading, and prognostic prediction for
malignancies. For the high efficiency in work force and
excellent ability in autonomic learning, the machine
learning algorithm and radiomics have expanded the
applications to multiple imaging modalities in the di-
agnosis and treatment of ovarian cancer,”™ and have
obtained many achievements.

AI-ASSOCIATED CLINICAL
INVESTIGATIONS ON OVARIAN CANCER

According to literature searches for clinical inves-
tigation from PubMed and Web of Sciences based on
terms of [“artificial intelligence” OR “machine learning”
OR “deep learning” OR “radiomics”] AND [“imaging” OR
“medical imaging” OR “CT” OR “MR” OR “ultrasound”
OR “ultrasonograpy”] AND [“ovarian cancer” OR “ovarian
carcinoma”] in the field of full-text, we have identified
totally 18 clinical investigations published by June 2021
(Table 1). The clinical scenarios involved in these stud-
ies include imaging diagnosis (n=7), metastasis (n=2),
target biopsy guidance (n=1), and prognostic prediction
(n=9). Only 2 of these studies were prospective, and
the rest were retrospective. In terms of effectiveness
validation of machine learning models or algorithms, 10
studies performed soly internal validation, while only 2
performed both internal and external validations.

The greatest potentials for Al in clinical oncology
lie in the integration of intelligent approaches with clin-
ical workflows, e.g., cancer identification, diagnosis,
treatment, and follow-up, to improve the management
of cancers. The development of big data analysis and
intelligent algorithms have provided solid foundations
for the application of AI in the field of medicine, and
have strengthened the capabilities of medical profes-
sionals. However, more prospective researches are
needed to fully explore the potential of Al in practical
clinical scenarios.®!

At present, researches on Al in the field of medical
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imaging related to ovarian cancer mainly focus on imag-
ing diagnosis, pathological classification, targeted biop-
sy guidance, and prognosis prediction. The sample size
of these studies varies. Patient number in the studies on
predicting tumor progression-free survival ranges from
88 to 364, while the sample sizes in Al-assisted imag-
ing studies for differential diagnosis of ovarian tumors
ranges from 32 to 451. Besides, the AI models and tool
platforms used by researchers among studies are also
different. Furthermore, most of these studies were in
lack of external verification, the evaluation and veri-
fication of the established models were not sufficient.
Therefore, effectiveness of these models in clinical prac-
tice need to be carefully determined by well-designed
studies and high level evidences. These issues might
be the main reasons that hinder the transformation of
computer intelligent technologies into clinical practice."

Imaging diagnosis

Radiologists in oncological imaging usually detect and
evaluate tumor and its growth patterns based on an-
atomical and morphological features, such as tumor
location, size, shape, relationship with adjacent struc-
tures, as well as hemodynamic parameters in intra-
venous contrast enhanced imaging. Compared with
subjective assessment by radiologists, machine learn-
ing algorithms and models could automatically extract
large amount of objective quantitative information,
such as histogram and texture features in tumor from
conventional medical images. Several articles have
shown that Al is capable to perform similarly or better
than human intelligence in tumor recognition, charac-
terization, and follow-up monitoring.®*?

As ultrasound is the most convenient and avail-
able imaging method, machine learning assisted ul-
trasonography on ovarian cancer has been initially in-
vestigated. It was reported that a deep learning model
based on ultrasound images achieved accuracy higher
than 85% in differentiation of benign and malignant
tumors.™! Zhang et al. used a deep learning model
to predict definitive diagnosis of ovarian tumors and
achieved an accuracy of 0.99."* Aramedia-Vidaurreta
reported that a machine learning algorithm based on
ultrasound images in combination with clinical data
reached a diagnostic accuracy of 0.98."*! However,
due to the high sensitivity and low specificity of US,
machine learning assisted US is mainly used in tumor
detection instead of tumor classification and grading.

MRI is featured by multi-parameter, multi-plane
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imaging and good soft tissue resolution. It is the
most important imaging method for gynecological
tumors. For suspicious adnexal lesions found by US,
MRI can further provide a variety of anatomical and
morphological information to help diagnosis. How-
ever, in some particular instance, it is still difficult
to distinguish benign lesion, such as ovarian cysta-
denoma, from malignant ovarian tumors.!® ! The
performance of apparent diffusion coefficients (ADC)
by region of interest (ROI) of ovarian lesions on MR
diffusion weighted imaging in distinguishing ovarian
borderline tumor from malignancy has shown sensitiv-
ity and specificity of 61.9% and 93.8%, respectively
by semi-automatic delineated ROI, and of 100% and
80%), respectively by manual delineated ROI.!"'® '
Comparably, Wang R et al. developed a deep learning
model with neural network technique for diagnosis
of ovarian tumors using routine MR imaging in com-
bination with clinical variable, and compared its per-
formance with that of radiologists. The results showed
that the AI diagnostic model using neural network had
higher specificity (0.92 vs. 0.64, P < 0.001), compara-
ble sensitivity (0.75 vs. 0.63, P = 0.407), and higher
accuracy (0.87 vs. 0.64, P < 0.001). With assistance
of AI model, junior radiologists improved their diagnos-
tic accuracy (0.77 vs. 0.64, P < 0.001) and specificity
(0.81 vs. 0.64, P < 0.001); meanwhile, compared with
senior radiologist, junior radiologists assisted with Al
model showed higher specificity (0.81 vs. 0.70, P =
0.005), lower sensitivity (0.69 vs. 0.83, P = 0.097),
with comparable accuracy (0.77 vs. 0.74, P = 0.409).®
These results indicate that Al is promising in improving
differential diagnosis of ovarian tumors.

Pathological classification
Ovarian cancer usually presented as a heterogeneous
mass that is composed of different histologic subtypes,
such as high-grade serous, low-grade serous, endo-
metrioid, clear cell, and mucinous type. Each histo-
logical type is associated with unique clinical etiology,
response to a therapy, and molecular signatures, e.g.,
diverse transcriptional regulatory programs.% 2!
Several studies investigated Al technique in preop-
erative pathological classification of ovarian cancers. MRI
and clinical parameters are usually used for histological
prediction of ovarian cancer. Akazawa M et al. used 5
machine learning algorithms, including support vector
machine, random forest, naive bayes, logistic regres-
sion, and XGBoost, to predict pathological classification
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with 16 numerical values from preoperative examina-
tions, including MRI. The machine learning algorithm of
XGBoost demonstrated the highest accuracy of 0.80.%%
Other studies have also taken the advantages of machine
learning techniques to extract quantitative information
from multiple sequences of MR imaging to diagnose,
classify, and predict treatment effect on ovarian cancer.
123,241 0jan L et al. compared a traditional model which in-
cludes age, CA125, lesion texture, ascites, and ADC val-
ue, a combined radiomics model which contains 4 DWI
and 1 DCE-MRI characters, and a mixed model (the tra-
ditional plus the combined radiomics parameters) in pre-
dicting the type of epithelial ovarian cancer (EOC). They
found that the traditional model achieved the best diag-
nostic performance, while the combined radiomics model
showed better performance in distinguishing pathological
subtypes of EOC in early FIGO stage disease. How-
ever, the difference was not statistically significant,!
which is probably due to its small sample size. Prospec-
tive cohort studies with larger sample size and exter-
nal validation are needed in the future to explore the
value of AI techniques in predicting pathology.

Targeted biopsy guidance

Al-guided biopsy has been investigated on ovarian
cancer. Precise US-guide biopsy in vivo is the key to
improve stratification in patients with high-grade se-
rous ovarian cancer (HGSOC), for heterogeneity in
tumor microenvironment of HGSOC has been shown
widespread among the patients.!**?°! Machine learn-
assisted radiomics models can capture the spatial het-
erogeneity of tumors by extracting quantitative infor-
mation from conventional medical images.®™ Beer L
et al. P tried to register CT radiomic tumor habitats
atlas to the synchronous US images to develop a pre-
cise tissue sampling technique for US-targeted biopsy.
Accurate spatial matching between CT and US images
was achieved for larger tumors and failed in the regis-
tration for smaller lesions. The high degree of misreg-
istration for small omental lesions in anterior-posterior
axis was mainly caused by the variability of the anteri-
or abdominal wall and omentum due to the local pres-
sure of ultrasound probe. It is expected that patient
tracker system is able to correct the local abdominal
wall movement of patients and overcome this issue,
thus improve the success rate of targeted biopsy.

Staging of ovarian cancer
Early detection of metastasis is important to the treatment,
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prognosis and survival of patients.® Although MRI
has high accuracy in identifying local and distant me-
tastases, traditional MRI technique is generally not
sensitive enough to detect small metastases.***!
Peritoneal metastases (PMs) usually induce surface
invasion of organs and secondary lymph node metas-
tasis through peritoneal blood and lymph circulation,®®
which frequently result in even poor prognosis.?”! Song
XL et al. developed a radiomics model based on preop-
erative MRI to individually predict PM in ovarian cancer
patients and achieved good performances in both the
training group and the validation group.®*® Recently,
another study by Ai Y et al.® use machine learning
technologies to extract radiomics features from preop-
erative CT images of 101 patients with ovarian cancer
and build an Al predictive model in combination with
clinical models (including age and CA125 level), which
has shown potentials in overcoming low sensitivity of CT
in detecting small lymphatic metastasis. Al-assisted im-
aging diagnostic approaches have shown feasibility and
accuracy in evaluating metastatic status, and is promis-
ing to facilitate the clinical decision-making processes in
the treatment of patients with ovarian cancer.

Prognosis prediction
It is reported that over 75% patients with ovarian cancer
are diagnosed at advanced stage due to obscure symp-
toms at early stage of the disease, with a 5-year survival
rates only 15%—25%.1“"! Despite the high responsive-
ness to platinum-based chemotherapy, recurrences occur
in up to 80% patients with advanced ovarian cancer,
with a median progression-free survival (PFS) of 12-18
months.*! It is generally accepted that high genomic
heterogeneity is related to the reduced PFS,2628 41431
Given the circumstances of the poor progno-
sis and high heterogeneity of ovarian cancers, many
studies have attempted to predict prognosis through
characterizing ovarian cancer. Our literature search-
ing found that the investigations published are mainly
about the associations of overall survival (OS), PFS, or
relapse-free survival (RFS) with characteristics on CT
images of ovarian cancer. Some studies demonstrated
a significant association of radiomics features extract-
ed from CT images with OS and PFS.P ***1 Different
Al algorithms have been employed to extract CT image
features and construct AI models to predict disease
prognosis. Investigators integrated clinical parameters
and the extracted image features together in selected
combinations into AI models, some of which outper-
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formed the clinical model for the predictive tasks.

Lu H et al. proposed a prognostic scoring sys-
tem including 4 features by means of deep learning
algorithm and named it as the radiomic prognostic
vector (RPV), which was found to be four times more
accurate in predicting ovarian cancer deaths than doc-
tors’ estimation using the standard method. They also
found that RPV could identify 5% patients who has an
OS less than 2 years, which improves the established
prognostic prediction methods. In addition, high RPV
score was also associated with chemotherapy resis-
tance and poor surgical outcome, suggesting that RPV
can be used as a potential biomarker to predict patient
response to treatment.[*”! Meier A et al. reported that
smaller value of similarity entropy of a machine learn-
ing model was significantly associated with longer OS,
while inter-site textural heterogeneity metrics were
significantly associated with longer PFS.** Rizzo S et
al. presented that the radiomic features drawn from CT
images were significantly associated with disease pro-
gression at 12 months and disease residual after sur-
gery; additionally, the authors demonstrated that the
clinical-radiomic model outperformed the clinical mod-
el."7 Wei W et al. built a radiomic model for prediction
of PFS with four radiomic features, which was shown
to have a discriminative accuracy of 88.9% for predict-
ing 3-year recurrence, significantly better than that of
clinical prognostic model, i.e., 73.7%.“® Wang S et al.
developed a deep learning model to predict individual
recurrence risk and 3-year recurrence probability in HG-
SOC patients, which achieved a good performance.™

Since histological sampling from different sites of
ovarian cancer is not practically feasible, CT based ra-
diomics model using machine learning techniques could
be an optimal tool to capture the inter-site hetero-
geneity of the ovarian cancer. In 2017, Vargas et al.
reported a study with 12 inter-site texture metrics
to capture heterogeneity across metastastic lesions
on preoperative CT images in 38 HGSOC patients,
and found that metrics representing differences in
texture similarities across sites were associated with
shorter OS and incomplete surgical resection.!
Later, this research team further assessed the asso-
ciations of inter-site texture heterogeneity parame-
ters (inter-site cluster prominence, inter-site cluster
variance, inter-site cluster entropy) with survival and
BRCA status in 88 HGSOC patients, and demonstrat-
ed that high inter-site cluster variance was associated
with low PFS and OS, and high values of all the three
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metrics were significantly associated with lower com-
plete surgical resection in BRCA-negative patients.!"

In a recent study, PET/CT imaging has been in-
volved in prognostic prediction for non-small cell lung
cancer,!*® which indicated radiomic features extracted
from PET/CT images by machine learning algorithm can
be used to quantitatively assess intratumoral metabolic
heterogeneity. Wang X et al. extracted radiomic signa-
tures in PET and CT components from PET/CT images
of advanced HGSOC patients for the purpose to predict
PFS in combination with clinical factors. Comparing to
the predictive model that simply including clinical factors,
the predictive AI model that integrate clinical features
and radiomic signatures of PET images showed signifi-
cantly improved performance in both training set and
validation set.”™ However, the robustness of this study
need to be further confirmed by external validation.

Although radiomics models based on modalities
of CT and PET/CT have been shown promising in pre-
dicting outcomes and survival of patients with ovarian
cancer, it has to be noted that in most of the studies,
patient samples are relatively small and validations by
larger clinical dataset are needed, expecially for external
validation. Therefore, clinical studies that conducted
with multi-centric patients as validation cohorts are
necessary before translation of Al predictive models
into real world clinical practice.

SUMMARY

Medical imaging facilitated with Al has the ability
to efficiently explore the heterogeneities of ovarian can-
cer and determine the probable inherent connections
between original images and characters of the tumor
essence. Utilization of image based AI algorithm has
shown excellent performance in diagnosis, classification,
staging, and prognosis prediction of ovarian cancers.
However, most investigations of machine learning on
medical imaging of ovarian cancers are retrospective
approach with small sample size and lack external ver-
ification. High level clinical evidence is important to en-
sure that a novel technology benefits patients’ outcome.
Therefore, there is still a long journey to fully identify
the clinical application values of Al techniques in partic-
ular scenarios of patient’s care. It is expected that, with
the development in intelligent algorithm technology and
enhanced cooperation between medical professionals
and Al scientists, more well-designed clinical trials in
high evidence level will be coming up, based on which
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medical imaging in the field of precise diagnosis and
treatment for ovarian cancers will be developed greatly.
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