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Radiomics in the CT diagnosis of ovarian cystic
malignancies - a pilot study

B S =7H A
=

Lucian Marginean'?, Paul-Andrei Stefan**#°, Rares Cristian Filep'?,
Csaba Csutak®®, Andrei Lebovici®®, Diana Gherman®®,
Roxana-Adelina Lupean’®, Bogdan Andrei Suciu®!°

MEDICAL IMAGING

1) Radiology and Medical Imaging, Clinical
Sciences Department, “George Emil Palade”
University of Medicine, Pharmacy, Science,
and Technology, Targu Mures, Romania

2) Interventional Radiology Department,
Targu Mures County Emergency Clinical
Hospital, Targu Mures, Romania

3) Department of Biomedical Imaging and
Image-Guided Therapy, General Hospital
of Vienna (AKH), Medical University of
Vienna, Austria

4) Department of Anatomy and Embriology,
Morphological Sciences, Iuliu Hatieganu
University of Medicine and Pharmacy, Cluj-
Napoca, Romania

5) Department of Radiology and Imaging,
Cluj County Emergency Clinical Hospital,
Cluj-Napoca, Romania

6) Department of Radiology and Imaging,
Surgical  Specialties, luliu Hatieganu
University of Medicine and Pharmacy, Cluj-
Napoca, Romania

7) Department of Histology, Morphological
Sciences, Iuliu Hatieganu University of
Medicine and Pharmacy, Cluj-Napoca,
Romania

8) “Dominic  Stanca” Obstetrics and
Gynecology Clinic, Cluj County Emergency
Clinical Hospital, Cluj-Napoca, Romania

9) First Surgical Clinic, Targu Mures
County Emergency Clinical Hospital, Targu
Mures, Romania

10) Department of Anatomy, Morphological
Sciences, “George Emil Palade” University
of Medicine, Pharmacy, Science, and
Technology, Targu Mures, Romania

DOI: 10.15386/mpr-2594

Manuscript received: 05.12.2022
Received in revised form: 07.02.2023
Accepted: 06.03.2023

Address for correspondence:
Paul Andrei Stefan
stefan_paul@ymail.com

This work is licensed under a Creative
Commons Attribution-NonCommercial-
NoDerivatives 4.0 International License
https://creativecommons.org/licenses/
by-nc-nd/4.0/

Abstract

Background and aims. The conventional computed tomography (CT) appearance of
ovarian cystic masses is often insufficient to adequately differentiate between benign
and malignant entities. This study aims to investigate whether texture analysis of the
fluid component can augment the CT diagnosis of ovarian cystic tumors.

Methods. Eighty-four patients with adnexal cystic lesions who underwent CT
examinations were retrospectively included. All patients had a final diagnosis that
was established by histological analysis in forty four cases. The texture features of the
lesions content were extracted using dedicated software and further used for comparing
benign and malignant lesions, primary tumors and metastases, malignant and
borderline lesions, and benign and borderline lesions. Texture features’ discriminatory
ability was evaluated through univariate and receiver operating characteristics analysis
and also by the use of the k-nearest-neighbor classifier.

Results. The univariate analysis showed statistically significant results when
comparing benign and malignant lesions (the Difference Variance parameter,
p=0.0074) and malignant and borderline tumors (the Correlation parameter, p=0.488).
The highest accuracy (83.33%) was achieved by the classifier when discriminating
primary tumors from ovarian metastases.

Conclusion. Texture parameters were able to successfully discriminate between
different types of ovarian cystic lesions based on their content, but it is not entirely
clear whether these differences are a result of the physical properties of the fluids
or their appartenance to a particular histopathological group. If further validated,
radiomics can offer a rapid and non-invasive alternative in the diagnosis of ovarian
cystic tumors.
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of ovarian masses is the distinction
between malignant and benign lesions

Background and aims
Ovarian cystsrepresentacommon

gynecological disorder, being the [4], considering its major impact
result of physiological or pathological — on subsequent medical and surgical
processes [1]. Ultrasonography ~ management [5]. Most of the time, when

represents the first-line imaging method
for investigating ovarian lesions [2],
while computed tomography (CT) is
usually reserved for evaluation in the
pretreatment planning of a suspected
adnexal malignancy [3].

One of the most important goals
of imaging in the -characterization

analyzing CT images of an ovarian cyst,
physicians do not pay particular attention
to the liquid content, mainly focusing
on finding attributes advocating for
malignancy (multilocularity, irregular
and thickened cystic septs, internal
vegetations etc.) [4]. However, these
features are not always pathognomonic,
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especially because many benign ovarian tumors of mixed
type (with solid and liquid components) can mimic a
malignant lesion [5,6].

On the other hand, the pathological examination
of ovarian cysts reveals specific characteristics regarding
their fluid composition, which can be typical for certain
diseases [7]. These characteristics are related to the
physical properties (clarity, color, homogeneity), as well
as to the cellularity and chemical composition of the
contained fluids [8,9]. Although the pathological features
are difficult to be quantified visually on CT images, they
may have a significant influence on the intensity and
distribution of the pixels within an image [10].

The differences between the pixel intensities
define the texture of an image, which can be more or
less perceptible to human visual inspection [11]. Texture
analysis is a branch in the field of radiomics and it is based
on the extraction and processing of the pixels’ intensity
variations, thus providing a quantitative and detailed
description of the image content [12]. In recent years
this technique has been integrated into computer-aided
diagnosis (CAD) [13]. Through specific algorithms, the
CAD-based applications involving medical images aim to
offer a more objective description of certain pathological
processes and may increase the accuracy of their diagnosis.
The basic principle of CT-based texture analysis is that a
pathological process that alters the tissue (in this case, the
fluid) alters the local image densities, which will in turn
give textural features different values from those of the
normal structure [14].

In the present research work, texture analysis
applied to CT examinations was used to quantify the fluid
contained in several histological types of ovarian cysts. The
purpose was to determine if these texture characteristics
can be further integrated into a CAD system to augment
the diagnostic accuracy of ovarian lesions.

Methods

This single-institution, retrospective pilot study has
been approved by the institutional review board (ethics
committee of the Iuliu Hatieganu University of Medicine
and Pharmacy Cluj-Napoca; registration number: 50; date:
11 March 2019), and informed consent was obtained from
each patient at the time of their examination. A search
of our radiology database was conducted to identify all
abdominopelvic CT scans containing images of ovarian
lesions from November 2016 to May 2019, by using a
keyword search with the following words: “ovary”,
“ovarian”, “cyst(s)”, “ovarian + cyst/s”, and “adnexal”.
The original search yielded 307 reports. Each report was
analyzed by one radiologist, and studies in which the
keyword in the report did not refer to an ovarian lesion
were excluded (n =94). The remaining 213 studies were
reviewed by the same researcher to confirm the lesions’
existence. The other exclusion criteria were: the presence
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of artifacts within the cystic lesions (n = 12), subjects with
an uncertain pathological outcome (n = 36), the lack of
gynecological follow-up (n = 32), and lesions containing
a small quantity of fluid (a maximum diameter of the
fluid content of less than 15 mm) (n=49). Based on these
criteria, 84 patients were included in the study (mean age
51.21 years, range 23—84 years).

Firstly, patients were divided into four main groups
according to clinical and histopathological diagnosis:
benign cysts (n=44), borderline tumors (n=9), primary
ovarian tumors (n=22), and ovarian metastases (n=9).
Primary ovarian tumors and ovarian metastases were
also considered together as the malignant cysts group
(n=31). Details about the groups of patients, the types of
lesions included in each group, and the number of days
that elapsed from the CT examination till the pathological
analysis of the lesions are detailed in table I.

The physiological (simple) ovarian cysts group
included multiple entities, such as cystic follicles, corpus
luteum, follicular cysts, corpus luteum cysts, and serous
inclusion cysts [7,9]. All these entities were included in the
benign group. Although none had undergone pathological
analysis, they were all monitored under a well-established
protocol, which certified their benign character. No simple
cyst exceeded the size of 50 mm, thus according to the
ACR criteria [15], their nature was most likely benign and
did not require follow-up by default. However, they were
recorded at subsequent examinations for the underlying
disease where their involution or disappearance was
noted. Cysts were followed through imaging modalities
such as ultrasonography (n=19), CT (n=15), and magnetic
resonance (n = 7) along with the underlying disease (n
= 16), or at periodic gynecological follow-ups (n = 15).
None of the lesions comprised in the metastases group
underwent pathological analysis, their diagnosis being
straightforward since the primary tumor was previously
documented. All the other lesions underwent pathological
examination.

All CT scans were performed on the same unit,
Siemens Somatom Sensation, 16 slices (Siemens medical
solutions, Forchheim, Germany), using a standard
imaging protocol. Before the scan, all patients were given
an appropriate amount of water to drink to fill the bladder.
The CT scan covered the region from the dome of the liver
to the ischial tuberosity attachment. Contrast-enhanced
CT (CECT) images were obtained following the injection
of 80-140 ml of nonionic iodinated contrast material at
a concentration of 350 mg/ml [iohexol (Omnipaque 350;
Daiichi-Sankyo Health Care, Tokyo, Japan)] at a rate of 2
ml/sec. The parameters of the CT scan were 120 kV, 200
mAs, and a slice thickness of 3 mm. Arterial and venous
phase images were obtained during 25-30 sec and 65-75
sec delay, respectively.

The radiomics approach consisted of five steps:
image pre-processing, lesion segmentation, feature
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extraction, feature selection, and prediction. After the
patients’ selection, the examinations were individually
reviewed by one radiologist. This researcher was blinded
to the clinical outcome of the patients. On the venous phase
of each CECT examination, the slice containing the most
eloquent characteristics of the cystic fluid was selected.
Representative slices were saved in DICOM format
(Digital Imaging and Communications in Medicine) and
imported into a texture analysis software, MaZda version
5 [16,17]. This software allowed the extraction of texture
characteristics from a predetermined region of interest
(ROI) within the image. The segmentation consisted
of a semi-automatic level-set technique integrated into
the MaZda software was used for ROI definition and
positioning. The ROI was set within the cystic walls and
the software automatically delimitated the liquid content
from the walls and any other solid components (Figure 1).
To minimize the effect of brightness and contrast variations,
a gray-level normalization for each ROI was performed
using the limitation of dynamics to p + 36 (u = gray-level
mean; and ¢ = gray-level standard deviation) [13].

Pixel information was expressed through specific
texture parameters which were derived from the gray-
level histogram, co-occurrence matrix, run-length matrix,
autoregressive model, Haar wavelet, geometry, and the
absolute gradient [16]. The Grey Level Co-Occurrence
Matrix (GLCM)-derived texture features were extracted
by defining six interpixel distances for each of the
four directions between the pixels taken into account
(horizontal, vertical, 45°, and 135° direction).

The extraction of the texture features was
automatically performed by the software after the ROI
definition. The analysis of each ROI provided a large
number of texture parameters (over 300). To highlight
the most appropriate parameters for the comparison of
selected groups, their number was reduced by applying
the Fisher selection method. Fisher coefficients (F, the
ratio of between-class to within-class variance) select a
set of 10 features that have high discriminatory power and
are also well-correlated with each other [10]. A cut-off
value of F>2 was chosen to differentiate between features
with poor and good discriminatory potential.

L&

Figure 1. Contrast-enhanced computed tomography image of a 56 years old patient with histologically proven serous carcinoma (A). For
texture analysis, one lesion’s cystic content is used as the region of interest (green area) (B).

The optimal sets of features obtained from each
comparison were further imported into the B11 program
(part of MaZda package). The B11 software allows to
further process the data by the use of classifiers. A k-nearest-
neighbor (k-NN) classifier (which follows the partitioning
method for clustering) [10,18] was used to compare vectors
of texture features between benign and malignant lesions,
primary tumors and metastases, malignant cysts and
borderline lesions, and benign cysts and borderline lesions.

The absolute values of the highest-rank parameters
were also compared between selected groups by consuming
the Mann—Whitney U test. Continuous data were expressed
as the median and interquartile range (IQR). The receiver
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operating characteristic (ROC) analysis was performed,
with the calculation of the area under the curve (AUC)
with 95% confidence intervals (Cls) for the parameters
showing P values below 0.05 on the univariate analysis.
The classifier’s ability to distinguish between the two
histological types of adnexal lesions was shown by
quantifying its sensitivity (Se, true positive rate), specificity
(Sp, true negative rate), and accuracy (Acc, percentage of
correct classified lesions), with 95% CI. Statistical analysis
was performed using commercially available dedicated
software MedCalc version 14.8.1 (MedCalc Software,
Mariakerke, Belgium).
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Results occurrence matrix (Table II). The k-NN classifier results
Except for the benign and malignant comparison,  are displayed in table III. The ROC analysis results are
all the other compared groups produced only one texture  displayed in table IV. The median values for the selected
feature that exceeded the F>2 cut-offs. Table I shows the  parameters are shown in table V. The ROC curves are
patient groups. Most of the parameters that exceeded the  displayed in figure 2.
statistical significance threshold were derived from the Co-

Table 1. Main groups of patients, types of lesions contained in each group; diameter (median, range), pathological confirmation measured
in days (median, range), and pathological results regarding the cysts’ content (in brackets, the percentage of lesions from each disease
with the similar findings).

Number of Pathologic
Types of lesions Diameter (mm) ST () Pathological findings

physiological (simple) cyst 31.12 (15-48)
serous cystadenoma 3 71.6 (47.5-100.4) 74 (42-113) serous fluid, 33%; clear fluid, 33%.
serous fluid, 33%; “green-brown”
Benign cysts cystadenofibroma 3 62.7 (45.7-84.1) 40 (21-56) fluid, 33%.
1 0/ .
mucinous cystadenoma 4 156.35 (130.1-192.2) 58 (14-137) Sl TG, 2 T e BIeE Galll

and cellular debris, 25%.
tubo-ovarian abscess 3 45 (37.9-52.6) 11.22 (9-13) purulent, 66%.

gelatinous content, 75%;

mucinous content, 25%

mucinous borderline tumor 3 41.9 (34.6-45) 26.2 (13-24) mucinous content, 33%

gelatinous content, 13.6%; brownish

Borderline serous borderline tumor 6 63.5(39.4-110) 23.6 (13-29)
tumors

serous carcinoma 16 59.42 (25.9-111.8) 80.28 (28-168) content, 56.4%; serous fluid, 18%.
. o). 1 .
Primary clear cell carcinoma 2 38.9 (31.8-46) 12 (21-3) ;g’;r fluid, 50%; slightly hemorrhagic,
0
tumors granulosa cell tumor 2 105.4 (67-143.9) 26.6 (21-32) serous fluid, 100%;
mucinous gelatinous content, 50%;
cystadenocarcinoma 2 141 (89-193) 2050-32) yellow and necrotic content, 50%
G colon adenocarcinoma 1 40 42 -
vanan gastric adenocarcinoma 5 61.81 (33.4-110) 35.4 (16-64) -
metastases
breast cancer 3 53.75(51-80) 40.33(29-63) -

Table II. The best-suited features for discriminating between groups and the univariate analysis results. Bold values are statistically
significant. DifVarnc, difference variance; Correlat, correlation; InvDfMom, inverse difference moment.

Fisher
Compared groups Selected features

Benign and malignant S(2,0)DifVame 212 <0.01

S(2,0)Correlat 2.05 0.77
Primary tumors and metastases S(0,1)Correlat 2.52 0.08
Malignant and borderline S(0,3) Correlat 2.15 0.04
Benign and borderline S(2,-2)InvDfMom 3.14 0.28

Table III. Results of the k-NN (k-nearest-neighbor) classification of selected groups using texture features extracted by the Fisher
method. All values are expressed as percentages. Between brackets, the values correspond to the 95% confidence interval.

Compared groups Sensitivity Specificity

Benign and malignant lesions 64.71 (52.17-75.92) 70.73 (54.46-83.87) 55.56 (35.33-74.52)
Primary tumors and metastases 83.33 (65.28-94.36) 90.48 (69.62- 98.83) 66.67 (29.93-92.5)
Malignant and borderline tumors 73.53 (55.64-87.12) 83.33 (65.28-94.36) 0(0.01-60.24)
Benign and borderline tumors 80 (56.34-94.27) 87.5 (61.65-98.45) 50 (6.76-93.24)
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Table IV. The receiver operating characteristic analysis results. Between the brackets, values correspond to the 95% confidence interval.
AUC, area under the curve; S(2,0)DifVarnc, difference variance; S(3;0)Correlat, correlation.

fi Yo
Compared Texture parameter Significance ouden Cut-off Sensitivity Specificity
groups level index

Benign and

S(2,0)DifVarnc 0.0003
malignant
Malignantand g 3. )00 et 0.0012 0.62
borderline

>79.28

>0.054

59.09% (36.4-79.3%)  86.05% (72.1-94.7%)  0.74 (0.61-0.84)

75% (19.4-99.4%)  87.1%(70.2-96.4%) 0.8 (0.63-0.92)

Table V. The median and interquartile range values for the selected parameters.

e 3 Individual q 9
Compared groups Individual groups Interquartile range

Benign cysts . 64.17 58.5-68.3
. (2,0)DifVarnc
. . Malignant cysts 80.34 65.39-84.63
Benign and malignant .
Benign cysts <0.01 -0.14-0.1
. S(2,0)Correlat
Malignant cysts -0.0109 -0.19-0.44
Primary tumors and Primary tumors -0.11 -0.2-0.03
. S(0,1)Correlat
metastasis Ovarian metastases (0,1)Correla -0.04 -0.32-0.19
Mali tt -0.01 -0.16 - 0.18
Malignant and borderline 2 1gnz?n umors S(3;0)Correlat
Borderline tumors 0.05 -0.00045 - 0.09
. . Benign tumors 0.08 0.07 -0.13
B 1 2,-2)InvDfM
enign and borderline Borderline tumors S@.2)mv om 0.08 0.05-0.1

A 100
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Figure 2. ROC curves displaying the diagnostic value of the (2,0)DifVarnc parameter in differentiating malignant from benign tumors
(A) and the diagnostic value of the S(3;0)Correlat parameter in differentiating malignant from borderline tumors (B).

When comparing benign and malignant lesions,
the k-NN misclassified eight simple cysts, one mucinous
cystadenoma, one serous c, all cystadenofibromas, all
cases of clear cell carcinoma, one case of mucinous
cystadenocarcinoma, six serous carcinomas and one
metastasis. The S(2,0)DifVarnc (difference variance)
feature held the highest F coefficient (2.12), with median
values of 64.17 (IQR, 58.5-68.3) for the benign and 80.34
(IQR, 65.39-84.63) for the malignant group, and showed
statistically significant results at the univariate analysis
(p=0.00074). The S(2,0)Correlat (correlation) feature had
higher values for malignant (median, -0.0055; IQR, -0.14-
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0.107) than for benign cysts (median, -0.0109; IQR, -0.19
— 0.44), but the comparison of the two groups based on this
feature’s values was not statistically significant (p=0.7767).
For a cut-off of >79.28, the S(2,0)Correlat parameter could
identify the malignant lesions with 59.09% sensitivity and
86.05% specificity.

When the texture features extracted from primary
tumors and ovarian metastasis were compared, two primary
and three secondary lesions were misclassified by k-NN.
S(0,1)Correlat was the only parameter that exceeded the F
cut-off value, having median values of -0.04 (IQR, -0.32 —
0.19) for metastasis and -0.11 (IQR, -0.2 — 0.03) for primary
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tumors, but the comparison of the two entities based on
the values of this feature was not statistically significant
(P=0.0896).

Comparing malignant and borderline lesions, the
k-NN classifier failed to correctly classify all borderline
lesions. The only parameter that acceded the cut-off value was
represented by S(3;0)Correlat (Correlation, F=2.15), with
median values of -0.0192 (IQR, -0.16 — 0.18) for malignant
and 0.057 (IQR, -0.00045 — 0.09) for borderline lesions.
Based on S(3;0)Correlat’s values, de distinction between
the two entities was statistically significant (P=0.0488). For
a cut-off value of >0.054, the S(3;0)Correlat parameter was
able to identify malignant lesions with 75 % sensitivity and
87.1% specificity.

Regarding the distinction between benign and
borderline cysts, two lesions from each group were
misclassified by k-NN. S(2,-2)InvDfMom (Inverse
difference moment) was the dominant feature (F=3.14),
having higher values for borderline (median, 0.0852; IQR,
0.07 -0.13) than for benign lesions (median, 0.0816; IQR,
0.05—0.1), but the comparison of these values did not hold a
statistical significance (P = 0.2858).

Discussion

Our results show that the absolute values of the
extracted texture features provide statistically significant
results when comparing benign and malignant lesions,
and malignant and borderline ones, but failed to provide
adequate results when comparing primary tumors and
metastases and benign and borderline tumors. Contrarily, the
k-NN classifier provided the best results when comparing
primary tumors and metastases and benign and borderline
tumors. The results shown by conventional statistical
analysis and the k-NN classifier may appear contradictory.
However, when differentiating between groups, the k-NN
classifier considered the entire feature set provided by the
Fisher technique, while conventional statistical methods
individually analyzed the absolute values of each parameter.
The semi-automatic classification system showed a better
sensitivity but a lower specificity than common statistical
methods. Therefore, we consider that the common statistical
methods are best-suited to offer information that are more
useful for a future implementation of this protocol.

Computer-aided diagnosis in radiology has made
substantial progress in the last decades, from a relatively small
research topic to actual implementation in some fields of
clinical practice. Currently, numerous software programs are
available and offer multiple approaches to CAD [11,19,20],
most of them being based on texture classification. The
Grey Level Co-Occurrence Matrix (GLCM) is one of the
most widespread methods of texture analysis. This method
is based on quantifying the distribution and relationships
between the gray levels held by the pixels in an image
[21]. Difference variance, correlation, contrast, and inverse
difference moment are all GLCM-based features [22].

The heterogeneity of an image can be measured
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by several parameters, one of them being the difference
variance, which assigns a higher value for pairs of pixels that
deviate more from the average value of the histogram [23].
The higher median values of this parameter obtained by the
malignant lesions suggest a more heterogeneous aspect of
the fluid (denoting the existence of extreme values of pixel
intensities) compared with the relative homogeneity of the
benign group. This fact is in accordance with the results of
another research involving textural analysis of malignant
lesions, the heterogeneity being a well-recognized feature
of malignancy [24]. All images of cystadenofibromas were
misclassified k-NN. This is also a common issue encountered
by classical imaging methods (CT, US, MRI) [5]; even on
gross examination at the time of surgery, cystadenofibromas
often resemble a malignant lesion [25]. Although the two
types of lesions cannot be macroscopically differentiated
based on the CT images of their content, the texture maps
generated by the MaZda software show visible differences
between them (Figure 3).

Another GLCM-based feature, Correlation, was the
second dominant when comparing benign and malignant
cysts and the dominant feature when malignant and
borderline lesions and primary tumors and metastasis were
compared. Correlation indicates the linear dependency of
grey levels of neighboring pixels and it is often used to
measure deformation and displacement [26]. Through this,
it reflects the consistency of the textures of an image, with
higher values of this feature corresponding to more fine
image textures determined by similar gray-level regions
[27,28]. The values of this parameter in metastases are
higher than in primary tumors, which be caused by the
former having a more uniform content, probably because
the vast majority of them originated from gastrointestinal
tract tumors. A statistically significant result was observed
when comparing the absolute values of this parameter
between malignant and borderline lesions (P=0.0488).
Borderline lesions recorded higher values than malignant
lesions, which indicates a higher consistency of their
contents. First, this could be motivated by the fact that
the vast majority of the borderline lesions included in the
study showed a gelatinous content (75%), as opposed to
the heterogenous types of fluid found in malignant lesions
(mostly serous, but also brownish and yellow). Second,
the different types of cellular populations found within the
fluid may have influenced the textures, the blood products,
necrosis, and malignant cells creating a more turbid
appearance of the fluids contained by the lesions from the
malignant group. Inverse Difference Moment represents
another GLCM-based feature, its values being directly
proportional to the level of uniformity of the image [26,29].
Our results showed higher values for borderline than for
benign lesions. Again, as in the previous case, this could
be a consequence of the fact that all borderline lesions
included were of serous type and 75% of them presented
gelatinous content on gross examination.
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Figure 3. Generated maps showing differences between a malignant and a benign lesion. A) a contrast-enhanced computed tomography
image on a 73-year-old patient with pathologically confirmed clear cell carcinoma; and B) generated map based on the S(2,0)DifVarnc
(difference variance) feature extracted from this lesion; C) a contrast-enhanced computed tomography image of a 42-year old patient
with pathologically confirmed mucinous cystadenoma; and D) generated map based on the S(2,0)DifVarnc feature extracted from this

lesion.

Differentiating benign and malignant adnexal
masses on CT is a topic of interest for many studies in
the literature [4,5,30-32]. The research conducted by
Zhang et al. [32] described that Multi-Detector Computed
Tomography can accurately classify ovarian lesions into
benign and malignant groups with a sensitivity of 8§6-90%
and specificity of 77-84%. Jung et al. [4] reported that
contrast-enhanced CT had a sensitivity of 92-95% and a
specificity of 74-80% for the diagnosis of malignant adnexal
masses. Our results showed lower diagnostic values for the
classification of the two entities. These results should be
interpreted taking into account that only the liquid content
of the cysts was analyzed, and no other morphological
features (cystic septations, internal vegetations566 etc.)
or ancillary imaging findings (ascites, peritoneal implants,
etc.) were considered [4]. In a previous study [33] we
were able to demonstrate that the attenuation of the cystic
component of ovarian masses on three phases of CECT,
benign and malignant lesions could be differentiated with
89.47% sensitivity and 62.5% specificity. However, in
the current study, we only used the venous phase of the
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CECT, thus not being able to assess the contrast dynamics
of texture features.

There are very few CAD-based studies in the field
that aim to differentiate between benign and malignant
ovarian tumors. One research having similar objectives
[14] involved processing 3D US images of benign and
malign adnexal tumors, which obtained higher accuracy
sensitivity and specificity (97%, 94.3%, and 99.7%)
compared to our study. This research [14] followed a
different approach: features were extracted from a 3D
volume that encompassed the entire ovary, the population
comprised of both solid and mixed-type tumors, and a
different classifier was used (Decision Tree). Also, it
included multiple images extracted from the same patient
(2000 images from 20 patients). However, a 3D analysis
of the lesions may provide additional details that may
increase the accuracy of the classification. In a previous
study [34] we demonstrated that the texture features of the
fluid component of adnexal masses, as extracted from T2-
weighted images of magnetic resonance examinations were
able to identify malignant lesions with 84.62% sensitivity
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and 80% specificity. The better results may be due to the
more heterogenous information comprised in MRI images.
Following the same workflow but based on ultrasound
images, in a previous study [35] we demonstrated that the
two groups were discriminated by the same k-NN classifier
with 71.43-80% sensitivity and 87.5-89.77% specificity.
In both studies [34,35] we obtained more accurate results
than the ones observed on CT images. Texture analysis of
ovarian cysts remains a hot topic in the radiology research
community, with more studies aiming to use this tool in
characterizing adnexal masses [36,37].

In our center, the pathological examination mainly
includes the analysis of the solid components of ovarian
cystic lesions. Consequently, only a part of the included
lesions had a description of the gross appearance and
cytology of the liquid. Being a retrospective study, it could
have had selection bias, especially in the proportion of
adnexal malignancies. The fact that no inter or intraobserver
agreement was assessed during the lesions’ segmentation
can also be viewed as a limitation. Manual delineation of
the structure of interest contours is not required by this
technique, thus not being necessary to assess the inter- or
intra-observer reproducibility in the current study. The
software used in this study can be regarded as outdated
since an official new version has not been released in more
than ten years. However, for this research, we used a newly
developed beta version released four years ago (MaZda
version 5). Although currently several other texture
programs have been developed, few others can offer built-
in techniques for feature reduction and vector classification
within an intuitive interface that can be used by non-image
processing specialists, such as medical doctors.

Conclusions

The high discriminative power obtained by the
texture parameters indicates that they may be influenced by
the histopathological features of a particular group and not
only that they reflect the physical properties of the liquids.
Also, because possible contamination of the cystic content
may result in alterations of the texture parameters, results
must be interpreted with caution. However, the preliminary
results obtained by the CAD technique indicate that this
type of system can distinguish between different types of
ovarian cystic lesions based on their content. Moreover,
if validated on larger groups of images, the CAD tool can
represent an adjuvant component in leading physicians
toward a more accurate non-invasive diagnosis.
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