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Abstract

Background: To evaluate the performance of a decision support system (DSS) based on radiomics and machine
learning in predicting the risk of malignancy of ovarian masses (OMs) from transvaginal ultrasonography (TUS) and
serum CA-125.

Methods: A total of 274 consecutive patients who underwent TUS (by different examiners and with different
ultrasound machines) and surgery, with suspicious OMs and known CA-125 serum level were used to train and test
a DSS. The DSS was used to predict the risk of malignancy of these masses (very low versus medium-high risk),
based on the US appearance (solid, liquid, or mixed) and radiomic features (morphometry and regional texture
features) within the masses, on the shadow presence (yes/no), and on the level of serum CA-125. Reproducibility of
results among the examiners, and performance accuracy, sensitivity, specificity, and area under the curve were
tested in a real-world clinical setting.

Results: The DSS showed a mean 88% accuracy, 99% sensitivity, and 77% specificity for the 239 patients used for
training, cross-validation, and testing, and a mean 91% accuracy, 100% sensitivity, and 80% specificity for the 35
patients used for independent testing.

Conclusions: This DSS is a promising tool in women diagnosed with OMs at TUS, allowing to predict the individual
risk of malignancy, supporting clinical decision making.
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Key points

� A decision support system (DSS) was developed for
predicting malignancy-risk level of ovarian masses.

� The DSS is based on transvaginal ultrasound
imaging and serum CA-125 level.

� Radiomics and machine learning techniques were
implemented.

� The DSS showed 91% accuracy, 100% sensitivity,
and 80% specificity in independent testing.

� The DSS allows predicting individual risk level of
ovarian mass malignancy.

Background
Ovarian cancer (OC) is one of the most lethal cancers in
women [1], with over 295,400 cases diagnosed worldwide in
2018 and 184,800 deaths [2]. The lack of accurate screening
and diagnostic tools, the scarce symptomatology, abnormal
cell metabolism [3], and the rapid spread of disease are the
main causes of lethality. Biological markers, such as cancer
antigen-125 (CA-125), have been shown highly sensitive but
poorly specific for screening, and qualitative transvaginal
ultrasonography (TUS) are not informative enough to detect
OC at the early stage in the general population [4, 5]. To
date, no screening test has proven to reduce ovarian cancer
mortality, and ovarian cancer screening is not recommended
by any scientific society in the general population. Some soci-
eties recommend screening with CA-125 and TUS in high-
risk women (e.g., carriers of BRCA1 and other genes muta-
tions) [6].
The high false positive rate of diagnostic methods

leads to often useless surgeries for benign masses at final
histology and to the lack of centralisation of oncological
cases with worsening of the patient’s prognosis [7]. An
adequate and reproducible preoperative diagnosis is
therefore of paramount importance [8].
The adnexal ovarian masses appear to have particular

characteristics at TUS, helpful in the diagnosis to expert
operators. For example, masses with predominantly solid
composition, irregular in shape, large, and not present-
ing underlying shadows are more probably malignant.
Based on these characteristics, guidelines support specia-
lised clinicians to classify the risk of cancer of ovarian
masses on the bases of only ultrasound features as is for
the International Federation of Gynecology and Obstet-
rics (FIGO) classification [9] or with a combination of
ultrasound and biological markers, as is for the “risk of
malignancy index” (RMI) [10] or “assessment of different
neoplasias in the adnexa” (ADNEX) [11].
These classifications are helpful in high and low risk

groups but most of them require the knowledge of a
specific terminology [12] and a certain level of experi-
ence of the examiner in the assignment of echogenic

and structural features to OMs, and are inconclusive for
lesions assigned with an intermediate risk.
Radiomics is a quite recent but popular image process-

ing technique applied to radiological medical images, in-
cluding those obtained with TUS [13–15], based on the
extraction of quantitative data about lesion morphology
and texture features. These features have been shown to
be correlated to the pathophysiology of cancer tissue in
a large number of oncological diseases [16] and used in
multivariate classification models to discriminate cancer-
ous from non-cancerous tissues [17].
In the case of OC, we have recently developed a classi-

fication model based on radiomics applied to ultrasonog-
raphy to automatically classify lesions with proven
benign versus malignant histopathology on surgical spec-
imens, allowing a stratification of low versus high risk of
cancer with a mean 84% accuracy, 79% sensitivity, and
86% specificity [18].
In this work, we evaluated the performance of such

classification model when used in combination with CA-
125 in predicting the risk level of malignancy of OMs
(very low risk, medium-high risk), to be used by specia-
lised clinicians as decision support system (DSS) for a
personalised diagnostic and treatment pathway for indi-
vidual patients. We then tested generalisation and repro-
ducibility of such DSS on a patients’ cohort independent
from that used for the development of the previous sys-
tem, being the DSS used by different examiners with dif-
ferent experience.

Methods
Study design and study population
This is a single-centre, observational, retrospective, and
prospective clinical study. The study population includes
two cohorts.
The first cohort is retrospective and inclusion criteria

were as follows: consecutive women with age ≥ 18 years
who underwent TUS and were diagnosed with OMs,
then scheduled for surgery within 2 weeks after TUS
examination at Fondazione IRCCS Istituto Nazionale dei
Tumori di Milano from January 1, 2017, to December
31, 2019. CA-125 serum level was required.
The second cohort was prospective and inclusion cri-

teria were as follows: consecutive women with age ≥ 18
years who underwent TUS and were diagnosed with
OMs, then scheduled for CA-125 level test and surgery
within 2 weeks after US examination at Fondazione
IRCCS Istituto Nazionale dei Tumori di Milano from
January 1, 2021, to April 31, 2021.
Patients in the prospective cohort and patients still

alive and traceable in the retrospective cohort signed the
study-specific informed consent. For deceased or un-
traceable patients, the Principal Investigator has filled in
the “replacement form for informed consent” approved
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by the ethics committee, in compliance with DGPR 679/
2016. The study protocol was approved by the Ethical
Committee (Protocol MULTIAROMA INT. N157/20
Scientific Responsible Dott. Valentina Chiappa, approved
22/07/2020).
A gynaecologist with more than 10 years of experience

(senior experience) performed all US examinations and
diagnosis at TUS, saving the 2D image frames in
DICOM format with the patient’s ovarian mass acquired
in longitudinal and perpendicular sections, respectively.
Ultrasound competence was not assessed using quantita-
tive scale considering pass/fail scores (e.g., assessment of
ultrasound skills).
For both the cohorts, final histology after surgery was

considered as standard reference for the definite
diagnosis.

The DSS
The DSS was based on an ensemble of three radiomic
machine learning models, specifically designed to classify
the risk level for (i) fully solid OMs (“solid masses”), (ii)
fully liquid OMs (“cystic masses”), and (iii) OMs with
solid and liquid components (“mixed masses”). Such

radiomic machine learning models have been previously
proposed and tested on the first patient cohort in [18].
Two hundred and sixty-nine (269) stable radiomics
features have been found as stable predictors to char-
acterise the echogenic structure and morphometry of
solid OMs by the first model, 278 for the liquid
masses by the second model, and 306 for the third
one customised for the lesions with mixed solid and
liquid components.
An improvement in the design of such radiomic model

is considered in this work by integrating the malignancy
risk predicted by each of the three TUS radiomic models
[18] with the information on the presence/absence of
acoustic shadows, and combining the malignancy risk
predicted by such TUS-based model with the serum
CA-125 level, considering two different thresholds de-
pending from the menopausal status (premenopause/
postmenopause as correctors for CA-125 level). Indeed,
the presence of acoustic shadows [12] among solid com-
ponents has been well acknowledged associated with an
OM classification of very low risk of malignancy [11].
Thus, we integrated the malignancy risk predicted by
the model trained on radiomic features within the

Fig. 1 Software interface for the mass types and transvaginal ultrasound image selection
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ovarian mass with the information on the presence/ab-
sence of acoustic shadows near the mass that does not
modify such risk (if acoustic shadows are absent) or re-
duce such risk (if acoustic shadows are present). On the
other hand, for patients diagnosed with OMs at TUS,
serum CA-125 level higher than of 71 U/mL (double
compared to the upper normal level) for postmeno-
pausal women [19] and 200 U/mL for premenopausal
women [20, 21], respectively, have been found associated
to a classification of medium-high risk of malignancy.
Specifically, according to such a combined risk ap-

proach, in this work, we defined the following DSS and
predicted risk:

� When an OM is shown by TUS without acoustic
shadows and the serum CA-125 level is below the
threshold, the DSS predicts the risk level of malig-
nancy based on the classification of the radiomic
models (very low risk or medium-high risk);

� When an OM is shown by TUS with acoustic
shadows and the serum CA-125 level is below the
threshold, the DSS predicts a very low risk of
malignancy;

� When an OM is shown by TUS with or without
acoustic shadows and the serum CA-125 level is
above the threshold, the DSS predicts a medium-
high risk of malignancy.

The DSS was implemented in a stand-alone software
tool that can be installed on dedicated Microsoft win-
dows workstations, in an on-premise configuration, with
the following minimum characteristics: operative system
windows 10, processor Intel i5 × 86 64, RAM of 8 GB,
and 8 GB of free space on the hard drive.
For each patient’s ovarian mass, the number of TUS

images to upload in the software is only one: the 2D
image frame saved in DICOM format with the mass ac-
quired in the longitudinal section.

Fig. 2 Manual segmentation interface
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The software tool allows high-resolution viewing of
the uploaded TUS image, visual inspection of liquid and
solid components of the ovarian mass as well as the
presence or absence of acoustic shadow, and fast seg-
mentation of the OMs, through an easy-to-use graphical
interface (Fig. 1 and Fig. 2). The segmentation modality
is manual, and a process of random manipulations of
the contour (small geometrical modifications of the
manual contour creating different contours from differ-
ent operators) is automatically performed by the soft-
ware to minimise the dependency of the radiomic
analysis from the manual segmentation of different oper-
ators [18]. Robust radiomic features are automatically
calculated and selected by the software for the manipu-
lated segmented mass on the TUS image according to
the specific mass type as described in our previous work
[18] (269 features for solid masses, 278 features for cys-
tic masses, and 306 features for mixed masses). Such
radiomic features are used by one of the three machine
learning models, according to the mass type, to predict
the risk of malignancy of the mass based only on the
TUS radiomic features within the mass. Finally, the

supplementary information (i.e., the presence/absence of
acoustic shadows at ultrasonography, the menopausal
status of the woman, and the serum CA-125 level) is
provided to the software (Fig. 3) that predicts the risk of
malignancy of the mass (Fig. 4).
In this work, the diagnostic performance and re-

producibility of the DSS software was tested by two
TUS examiners with different levels of experience:
the first one (Examiner 1) was a gynaecologist with
less than 2 years of experience (intermediate experi-
ence), the second one (Examiner 2) was the gynae-
cologist with more than 10 years of experience
(senior experience).

Statistical analysis
Data are presented as median and interquartile range
(IQR), for patients’ age, frequencies and percentage for
mass characteristics, and premenopausal or menopausal
status. Diagnostic performances were obtained in terms
of sensitivity, specificity, and accuracy comparing the re-
sults of the DSS (very low versus medium-high) versus
histopathology reference standard (benign versus

Fig. 4 Interface of the classification results

Fig. 3 Interface for supplementary information: presence of acoustic shadows, subject menopausal state, and serum CA-125 level
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malignant), with 95% confidence intervals (CI), calcu-
lated according to the binomial distribution.

Results
Population
From the first cohort, we retrospectively tested 239
women with available TUS images of OMs, serum CA-
125 levels, and histopathological results after surgery.
TUS images were obtained from a VOLUSON-E8 sys-
tem (General Electric Healthcare, Chicago, USA). Me-
dian age of the patients was 55 years with an IQR of 22
(minimum 18, maximum 84).
Most of patients (61%) referred symptoms before TUS:

pelvic or abdominal pain (50%), bloating (20%), increase
in abdominal circumference (19%), weight gain or loss
(18%), weakness nausea (17%), irregular menstrual pe-
riods (14%) (13%), abnormal uterine bleeding (6%), dys-
pareunia (3%). The characteristics of the three groups of
OMs (solid, liquid and mixed) for this first cohort are
summarised in Table 1. The majority of patients (62%)
were postmenopausal.
From the second, independent cohort, we prospectively

tested 35 women with available TUS images of OMs,
serum CA-125 levels, and histopathological results treated
from January 1, 2021, to April 30 2021. TUS images were
obtained from a HERA W10 system (Samsung, Seoul,
South Korea). Median age of the patients was 50 years
with an IQR of 25 (minimum 18, maximum 73). The
characteristics of the three groups of OMs (solid, liquid,
and mixed) for this second cohort are summarised in
Table 2; 57% of patients were postmenopausal.
Histological characteristics of the OMs after surgery

and International Federation of Gynecology and Obstet-
rics (FIGO) stage in case of malignancy for both cohorts
1 and 2 are summarised in Table 3.

DSS performance
The performance metrics of DSS (specificity, sensitivity,
accuracy, positive predictive value, negative predictive
value), with 95% CI in square brackets, are shown in
Table 4 for the first and second cohorts as well as for
the two different examiners using DSS on the same im-
ages of the same patients.
Serum CA-125 levels above thresholds were found for

81 women (71 and 10 from the first and second cohorts,
respectively), corresponding to 30% of the 274 OMs.
Acoustic shadows were identified in 46 TUS (37 and 9
from the first and second cohorts, respectively), corre-
sponding to 17% of the 274 OMs. Serum CA-125 levels
below threshold was found in 36 of the 46 women with
acoustic shadows in their TUS (30 and 6 from the first
and second cohorts, respectively), corresponding to 13%
of the 274 OMs. The classification of the remaining 157
OMs (138 and 19 from the first and second cohorts, re-
spectively, corresponding to 57% of the 274 OMs)
depended on the radiomic models.
Sample images from different settings are shown in

Figs. 5, 6, 7, 8, and 9. Specifically, Fig. 5 shows cases with
acoustic shadows being classified as medium-high (a) or
very low (b) risk. Figure 6 shows cases without acoustic
shadows being classified as medium-high (a) or very low
(b) risk. Figure 7 shows cases of solid OMs being classi-
fied as medium-high (a) or very low (b) risk. Figure 8
shows cases of cystic OMs being classified as medium-
high (a) or very low (b) risk. Figure 9 shows cases of
mixed OMs being classified as medium-high (a) or very
low (b) risk.

Discussion
AI technology has recently brought an unprecedented
growth of applications to medical imaging, and AI pre-
dicting models are entering into clinical practice, thanks

Table 2 Second cohort population

Number of
patients

Mass
type

Median age
(IQR)

Postmenopausal
(%)

Malignant
(%)

Malignant, median age
(IQR)

Second cohort (35
women)

8 Solid 54 (9) 6 (75.0%) 7 (87.5%) 54 (8)

13 Liquid 42 (23) 4 (30.8%) 1 (7.7%) 68 (0)

14 Mixed 54 (29) 10 (71.4%) 12 (85.7%) 58 (23)

IQR Interquartile range

Table 1 First cohort population

Number of
patients

Mass
type

Median age
(IQR)

Postmenopausal
(%)

Malignant
(%)

Malignant, median age
(IQR)

First cohort (239
women)

93 Solid 56 (21) 58 (62.4%) 57 (61.3%) 51 (20)

67 Liquid 51 (22) 36 (53.7%) 12 (17.9%) 54 (19)

79 Mixed 58 (23) 54 (68.4%) 54 (68.4%) 58 (21)

IQR Interquartile range
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to the wide availability of digital medical images and the
technical advancements in hardware and software archi-
tectures compared with the technologies and libraries of
the past. AI has been applied to TUS OMs in some stud-
ies, albeit not as extensively as some other imaging mo-
dalities such as radiography, mammography, computed
tomography, and magnetic resonance imaging for solid
cancers. An automatic analysis of TUS images based on
quantification of gray-level features was proposed by
Zimmer et al. [22] obtaining a success rate of 80–90%
for benign OMs but only 70% for solid and mixed malig-
nant OMs. An expert system [23] and artificial neural
networks [24, 25] were applied to classify US image into
benign and malignant but image features were manually
measured and provided by the experimenters. Kazendar
et al. [26] developed a fully automatic machine learning
classifier stratifying US images as benign or malignant
masses with an accuracy of 77% when images were en-
hanced with a Local Binary Pattern operator. An auto-
matic scoring system, HistoScanning, based on the
quantification of tissue disorganisation induced by ma-
lignant processes in backscattered ultrasound waves be-
fore image processing was developed as computer-aided
technology able to predict malignant versus benign OMs
with excellent sensitivity (90%) and high specificity
(88%). However, this tool should be embedded in the US
system to properly function [27].
In our study, we have created, tested, and prospect-

ively validated a predictive model to triage OMs based
on radiomic analysis of TUS images combined with
menopausal status and CA125 levels. Our model proved
to be an accurate and reproducible DSS for the clinicians
with an accuracy of 91% on the validation cohort.
For this purpose, ultrasonography studies from a retro-

spective cohort of 239 patients and from a prospective
cohort of 35 patients were analysed by two different ex-
aminers using a stand-alone software tool in which the
DSS was implemented, allowing fast manual segmenta-
tion of OM, robust radiomic analysis, and classification
of risk level of single-subject OMs.

Table 3 Histopathological characteristics of ovarian masses
included in the study

Variable Ovarian masses,
number (%)

Benign 132 (48.2)

Malignant 142 (51.8)

Total 274 (100.0)

Histopathological type of benign masses

Serous cystoadenoma/cystoadenofibroma 48 (36.4)

Mucinous cystoadenoma 9 (6.8)

Endometrioma 12 (9.1)

Ovarian fibroma/fibrothecoma 38 (28.8)

Teratoma 8 (6.1)

Pelvic inflammatory disease 2 (1.5)

Peritoneal cyst/pseudocysts 3 (2.3)

Hydrosalpinx 7 (5.3)

Paraovarian cyst / paratubaric cyst 5 (3.8)

Total 132 (100.0)

Histopathological type of malignant masses

High-grade serous ovarian cancer 58 (40.9)

Low-grade serous ovarian cancer 6 (4.2)

Serous borderline tumour 12 (8.5)

Mucinous borderline tumour
gastrointestinal type

7 (4.9)

Mucinous borderline tumour endocervical
type

5 (3.5)

Mucinous ovarian cancer 2 (1.4)

Endometrioid ovarian cancer 4 (2.8)

Clear cell ovarian cancer 4 (2.8)

Granulosa cell ovarian tumour 3 (2.1)

Ovarian carcinosarcoma 5 (3.5)

Dysgerminoma 1 (0.7)

Ovarian metastases from other tumour 22 (15.5)

Tubal cancer 1 (0.7)

Yolk sac tumour 3 (2.1)

Immature teratoma 6 (4.2)

Sertoli Leydig tumour 3 (2.1)

Total 142 (100.0)

FIGO stage of primitive ovarian cancers

IA 26 (21.7)

IB 2 (1.7)

IC1 4 (3.3)

IC2 1 (0.8)

IC3 6 (5.0)

IIA 3 (2.5)

IIB 6 (5.0)

IIIA1 6 (5.0)

Table 3 Histopathological characteristics of ovarian masses
included in the study (Continued)

Variable Ovarian masses,
number (%)

IIIA2 1 (0.8)

IIIB 9 (7.5)

IIIC 37 (30.8)

IVA 5 (4.2)

IVB 14 (11.7)

Total 120 (100.0)

FIGO International Federation of Gynecology and Obstetrics
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Compared to our first model developed (AROMA
pilot study) [18], we have improved the DSS by introdu-
cing clinical and biological parameters easy to be ob-
tained (CA-125 value and menopausal status) and an
TUS parameter (presence of shadows) that is simple to
identify for the examiners because it is a clear, common,
and well-known US image feature associated with be-
nign ovarian masses [28].
We have also tested the reproducibility of the tool

with different TUS machines and between examiners
with different levels of experience with excellent results.
Although the subjective impression of the experienced
TUS examiner can perform well in defining those OMs
to be surgically treated [29], the lack of reproducibility
among different examiners represents one of the highest
clinical unmet needs in gynaecologic oncology TUS [30].
Our tool aims to bring this gap providing a fair and re-
producible approach for assessing the nature of OMs.
A strength of our study is the radiomic analysis

according to the IBSI guidelines of the International Bio-
marker Standardisation Initiative (IBSI), which is a guar-
antee of feature extraction reproducibility. Moreover,
definitive histological examination after surgery—consid-
ered as reference standard—was available for all patients.
Furthermore, the model, classifying patients into two

classes (very low risk and medium-high risk) overcomes
the problem of the “uncertain” OM class: the current
recommendations for the “uncertain” class problem are
to assess the OMs by second-level imaging (e.g., mag-
netic resonance imaging) or to address directly to sur-
gery, with a high number of false positives. With our
predictive model, the masses in the very low class can be
managed conservatively, while the masses in the
medium-high risk class can be assessed by second-level
imaging (e.g., magnetic resonance imaging) or surgery,
with a reduction of about one third in false positives and

false negatives. This dichotomy certainly represents an
important decision support for less experienced exam-
iners in OMs triage.
The DSS system showed excellent diagnostic perform-

ance, not only for the first cohort of patients (retrospect-
ive), used to train and test the DSS, but also for the
second one (prospective), used as independent test, both
in terms of sensitivity and specificity, demonstrating a
high generalisation and reproducibility of results with re-
spect to the two different TUS systems and with respect
to the two different examiners. This advantage is war-
ranted by random manipulations of manual segmenta-
tion of the OMs by an examiner, simulating variations in
segmentations miming different examiner segmenta-
tions. Radiomic features are selected as stable among
these manipulations and this avoids a certain percentage
of intrinsic error.
With respect in particular to the examiner reproduci-

bility, it should be noted that, in the first cohort, all
OMs were defined in the same class by the two exam-
iners (solid or cystic or mixed), while in the second co-
hort two of the 35 OMs were defined differently (solid
for the first examiner, mixed for the second one): how-
ever, the DSS classified them with the same level of risk
(medium-high risk). Considering that all the OMs ana-
lysed in this study (both for the retrospective and for the
prospective court) were sent to the intervention on the
basis of the indications of the medical oncologists’ spe-
cialists and that the negative predictive value of the DSS
is higher than 97%, the tool showed high potential in
avoiding treatments to negative patients while maintain-
ing a high ability in selecting the patients to be referred
for surgery.
Of note, the predictive values were quite balanced due

to the disease prevalence that was 51.5% (123/239) in
the first cohort and 57.1% (20/35) in the second

Table 4 Performances of the decision support system for the two patient cohorts and the two examiners

Examiner 1 Examiner 2

First cohort (239 women) Sensitivity 122/123, 99.2% (95.6–100.0) 121/123, 98.4% (94.3–99.8)

Specificity 88/116, 75.9% (67.0–83.3) 91/116, 78.5% (69.9–85.5)

Accuracy 210/239, 87.9% (83.0–91.7) 212/239, 88.7% (84.0–92.4)

PPV 122/150, 81.3% (74.2–87.2) 121/146, 82.9% (75.8–88.6)

NPV 88/89, 98.9% (93.9–100.0) 91/93, 97.9% (92.5–99.7)

Second cohort (35 women) Sensitivity 20/20, 100.0% (83.2–100.0) 20/20, 100.0% (83.2–100.0)

Specificity 12/15, 80.0% (51.9–95.7) 12/15, 80.0% (51.9–95.7)

Accuracy 32/35, 91.4% (76.9–98.2) 32/35, 91.4% (76.9–98.2)

PPV 20/23, 86.967% (66.4–97.2) 20/23, 86.967% (66.4–97.2)

NPV 12/12, 100.0% (74.5–100.0) 12/12, 100.0% (74.5–100.0)

Data are given as ratios, percentages (95% confidence intervals). Note: two of the 35 ovarian masses were defined differently by the two examiners (solid for the
first examiner, mixed for the second): however, the decision support system classified them with the same level of risk (medium-high risk)
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independent cohort. This balanced prevalence, as ex-
pected [31], enhances the role of the DSS in predicting
the risk of malignancy allowing to strongly reduce both
false positives and false negatives. We would also specify
that all patients enrolled in the study underwent surgery
for various reasons: suspicion of malignancy on ultra-
sound, patient request, symptoms worsening the quality
of life, reasons connected with fertility. There were no
sources of bias due to the exclusion of very low-risk
cases due to human readers.

Our work has some limitations. Compared to the
more widely used ADNEX model, our DSS does not
stratify the risk of the OM to be a borderline tumour, an
early or advanced ovarian cancer or a metastasis [11, 32,
33]. Moreover, the validation will take advantage of co-
horts from more centres and larger sample size. All
ultrasound examinations were performed by an experi-
enced reader; thus, images may have been leaning to-
wards a higher-than-average quality. We did not
perform a classification of ultrasound images by the two

Fig. 5 Transvaginal ultrasound of ovarian masses with acoustic shadows: (a) solid mass with acoustic shadows, CA125 205 IU/mL, immature teratoma
on histological examination (medium-high risk), (b) mixed adnexal mass with acoustic shadows, benign teratoma on histological examination (very
low risk)
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human readers into the two risk classes. Given that
readers’ experience might be a key issue in both ultra-
sound image acquisition and interpreting findings from
ultrasound concerning ovarian cancer, the comparison on
the use of the DSS among users of different experiences
including the image acquisition step could possibly
highlight the fact that less experienced readers, such as
those performing ultrasound examinations in centres with
limited ovarian cancer workflows, might benefit from our
model to a greater extent or, on the contrary, showing a

lower performance when ultrasound images are acquired
by less skilled operators. More so, it might be interesting
to review whether having a human read parallel to the
automatic classification system could possibly lead to an
even higher accuracy, leaning towards a double-read sys-
tem combining imaging features and human insight.
In conclusion, our DSS tool for predicting the risk

level of malignancy of OMs through combination of
TUS features and clinical/biological parameters shows
high accuracy. The tool is semi-automated and provides

Fig. 6 Transvaginal ultrasound of ovarian masses without acoustic shadows: (a) solid mass without acoustic shadows, CA 125 12 IU/mL, malignant on
histological examination (Krukenberg ovarian tumour) (medium-high risk), (b) cystic mass without acoustic shadows, endometrioma at histological
examination (very low risk)
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Fig. 7 Transvaginal ultrasound of solid ovarian masses: (a) clear cell ovarian cancer on histological examination (medium-high risk), (b) ovarian
fibroma on histological examination (very low risk)
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Fig. 8 Transvaginal ultrasound of cystic ovarian masses: (a) mucinous ovarian cancer on histological examination (medium-high risk), (b) mucinous
cystoadenoma on histological examination (very low risk)
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a reproducible analysis among different TUS machines
and examiners that could offer a useful second opinion
after an only qualitative visual analysis of TUS images by
a single examiner, supporting the clinical decision mak-
ing. The results obtained in the “real-world” through
prospective validation on the considered cohort of pa-
tients are exciting and will be monitored on other co-
horts in a multicentre setting.
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