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METHODS

INTRODUCTION

Peritoneal carcinomatosis (PC) is defined by the intra-
peritoneal dissemination of any tumor which does not origi-
nate from the peritoneum itself [1]. The imaging findings in 
PC can range from simple fluid accumulation to nodules and 
infiltrative masses [2]. Although most morphological changes 
indicating PC are inconsistent and may be visible only at later 
stages of the disease [3], malignant ascites represents an early 

manifestation that may be encountered in most patients with 
PC [2].

Common imaging methods in the PC evaluation are rep-
resented by ultrasonography (US) and computed tomography 
(CT) [4]. US can identify free intra-abdominal collections with 
over 90% sensitivity and specificity [5], while also being able to 
demonstrate internal debris and septa more accurately than 
CT [6]. However, centrally located inoculations (e.g. in the mes-
entery) cannot be highlighted by this method because of the 
acoustic impedances created by intestinal gas and abdominal 
adipose tissue [7, 8]. Overall, contrast-enhanced CT examina-
tion provides a sensitivity of 25-100% and a specificity of 78-100% 
in the preoperative staging of PC [9, 10]. But such high diag-
nostic power is often achieved after visualization of advanced 
changes of PC (greater and lesser sac ascites, omental cake sign, 
etc.), together with the overall assessment of abdominal organs 
[11]. When peritoneal implants are the only visible manifesta-
tion of PC, the CT ability to identify PC decreases to 57.14% sen-
sitivity almost null specificity [3, 11]. However, both techniques 
mostly rely on identifying the morphological changes suggestive 
of PC, and for this reason, their contribution in diagnosing PC 
without a circumscribed tumor and in differentiating peritoneal 
implants from scar tissues is limited [12]. 

The CT examination can detect intra-peritoneal effusions 
(IPEs) as small as 50 ml [13]. Apart from being an early sign 
of PC [2], the pathological analysis shows that this type of 
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ABSTRACT

The morphological changes suggesting peritoneal carcinomatosis are inconsistent and may be visible only at later stages of the disease. 
However, malignant ascites represents an early sign, and this fluid exhibits specific histological characteristics. This study aimed to quantify the 
fluid properties on computed tomography (CT) images of intraperitoneal effusions through texture analysis and evaluate its utility in differ-
entiating benign from malignant collections. Fifty-two patients with histologically proven benign (n=29) and malignant (n=23) intraperitoneal 
effusions who underwent CT examinations were retrospectively included. Texture analysis of the fluid component was performed on the 
non-enhanced phase of each examination using dedicated software. Fisher and the probability of classification error and average correlation 
coefficients were used to select two sets of ten texture features, whose ability to distinguish between the two types of collections were tested 
using a k-nearest-neighbor classifier. Also, each of the selected feature’s diagnostic power was assessed using univariate and receiver operating 
characteristics analysis based on the calculation of the area under the curve. The k-nearest-neighbor classifier was able to distinguish between 
the two entities with 71.15% accuracy, 73.91% sensitivity, and 68.97% specificity. The highest-ranked texture parameter was Inverse Difference 
Moment (p=0.0023; area under the curve=0.748), based on which malignant collections could be diagnosed with 95.65% sensitivity and 44.83% 
specificity. Although successful, the texture assessment of benign and malignant collections is less effective in reflecting the cytological differ-
ences between the two groups.
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was found in two patients with cardiac failure (in both cases, 
no associated pathologies that could have caused intraperi-
toneal fluid accumulation were detected). Intra-abdominal 
abscesses (or secondary peritonitis) were due to cholecysti-
tis in two patients, appendicitis in three, and a postoperative 
abscess in one subject. Three patients had intraperitoneal col-
lections from acute perforations of the upper gastrointestinal 
tract by benign ulcers. Pancreatitis-related collections were 
due to pancreatic ascites in four patients, infected peripancre-
atic collections in two, and one subject with pseudocysts. 

Twenty-three patients suffered from oncological disease. 
Regarding ovarian cancers, nine patients were diagnosed with 
serous carcinoma, three with clear cell carcinoma, one with 
malignant mixed Müllerian tumor, and one with transitional 
cell carcinoma.

 Laparoscopy was performed in 12 subjects, paracentesis 
in 13, and laparotomy in 27 patients. The same laboratory ana-
lyzed all the fluid samples. Each sample underwent cytological 
and biochemical analysis, as well as additional ancillary tests. 
The cytological analysis included a first step where the probes 
were centrifuged. Secondly, two pellets were then assembled 
from each probe, stained with hematoxylin and eosin and 
submitted to microscopical analysis. Tumoral cellularity was 
detected in the peritoneal fluid of 23 patients, which were 
included in the malignant IPEs group. The rest of the subjects 
were included in the benign IPEs group (Table 1).

CT protocol

All CT scans were performed on the same unit, Siemens 
Somatom Sensation, 16 slices (Siemens medical solutions, 
Forchheim, Germany). The CT scan covered the region from 
the dome of the liver to the ischial tuberosity attachment. The 
parameters of the CT scan were 120 kV, 200 mAs, slice thick-
ness of 3 mm. 

Texture analysis and fluid classification

The radiomics approach consists of four steps: image seg-
mentation using regions of interest, feature extraction, feature 
selection, and prediction. Each examination was reviewed 
on a dedicated workstation (General Electric, Advantage 

intra-peritoneal effusion (IPE) has several particularities in 
terms of biochemical, cytological, and physical features [14,15]. 
It is desirable that these distinctive features be also reflected on 
CT images, and could carry additional diagnostic information, 
but they are difficult to quantify during the routine evaluation 
of medical images.

Textures represent patterns of shapes and colors formed 
by the pixels within a digital image [16]. Texture analysis (TA) 
is a technique based on the extraction and processing of 
image-specific parameters, being able to provide an objective 
description of image contents by quantifying the distribution 
patterns and intensity of the pixels [17]. By specific parameters, 
TA can offer information about the tissue characteristics, and 
its utility has been proven especially in the diagnosis and prog-
nosis of oncological pathologies [18]. 

In the present study, TA was used to quantify the image 
features of IPEs on CT images. The aim was to determine if 
texture parameters could provide additional diagnostic infor-
mation to be used as a non-invasive criterion for distinguish-
ing between benign and malignant IPEs.

MATERIALS AND METHODS 
Patients

This Health Insurance Portability and Accountability Act–
compliant, single-institution study was approved by the institu-
tional review board (Ethics Committee of the “Iuliu Hațieganu” 
University of Medicine and Pharmacy Cluj-Napoca; registra-
tion number, 50/11.03.19), and a waiver of informed consent 
was obtained owing to its retrospective nature. In our radiology 
information system, reports of abdomino-pelvic CT scans were 
searched for the period May 2019 - January 2020 using the key-
words:” ascites”, “intra-abdominal collection/s” and “peritoneal 
carcinomatosis”. The original search yielded 238 reports. Each 
report was then analyzed and the studies which did not report 
the presence of ascites were excluded (n=29). The remaining 
209 studies were reviewed by one researcher to confirm the 
existence of the intra-abdominal fluid collections. The patients’ 
records were retrieved from the archive of our healthcare unit 
and investigated for disease-related data. The inclusion criteria 
were: a minimum transversal diameter of the collections of at 
least 30 mm, the existence of a final pathological diagnosis of 
the fluid, the absence of multiple synchronous pathologies that 
could have cause ascites, the absence of imaging artifacts, and 
the pathological analysis of the fluid being performed at less 
than 20 days before or after the CT examination. After apply-
ing these criteria, 52 patient records were included in this study.

Reference standard

Eight patients had a final diagnosis of cirrhosis without 
imaging evidence of hepatocellular carcinoma. Cardiac ascites 

TABLE 1. Patients

Main groups Underlying disease / condition n
Benign IPEs (n=29) Cirrhosis 8

Cardiac ascites 2
Acute mesenteric ischemia 3
Intra-peritoneal abscess 6
Pancreatitis-related collections 7
Gastrointestinal perforation 3

Malignant IPEs (n=23) Gastric adenocarcinoma 8
Ovarian cancer 14

Breast cancer 1
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Alongside the Fisher method, another selection technique 
based on the probability of classification error and average 
correlation coefficients (POE + ACC) was utilized [21]. By 
applying these selection methods, two sets, each containing 
ten features, were selected. The two selection techniques were 
associated in previous studies [22,23], showing good classifi-
cation results. 

Feature prediction

In the prediction step, two methods were used to evalu-
ate textural parameters’ ability to distinguish between the two 
IPEs groups. Firstly, the two sets of parameters selected by 
Fisher and POE+ACC methods were imported in into the B11 
program [19]. Within the B11 program, the capacity of feature 
sets to differentiate between various classes can be further 
explored, using classifiers. The classifier used in this step was 
the k-nearest-neighbor (k-NN) (which follows the partitioning 
method for clustering) [24]. The k-NN’s ability to distinguish 
between the two types of effusions was shown by quantifying 
its accuracy (expressed as a percentage of correctly classified 
lesions), sensitivity (true positive rate) and specificity (true 
negative rate). Secondly, the absolute values recorded by the 
two types of fluids for each parameter were compared using 
a univariate analysis test (Mann–Whitney U). The receiver 
operating characteristic (ROC) analysis was performed, with 
the calculation of the area under the curve (AUC) with 95% 
confidence intervals (CIs) for the parameters showing P val-
ues below 0.0025 (after Bonferroni correction) on the univar-
iate analysis. Statistical analysis was performed using a com-
mercially available dedicated software, MedCalc version 14.8.1 
(MedCalc Software, Mariakerke, Belgium).

RESULTS

Of the 238 patients that referred to our department during 
the study period, 52 were retrospectively included in our study 
(24 females, 28 males; mean age, 62.13 years, age range 34-87 
years). Subjects were divided according to the final cytological 
results of their sampled fluid into benign (n=29) and malignant 
IPEs (n=23). The mean time between the CT examination and 
the fluid sampling was 9.7 days (range, 2-19 days).

The sets of features highlighted by each of the selection 
methods are displayed in Table 2. The S(4,4)InvDfMom 
(inverse difference moment) parameter was selected by both 
methods, in each case yielding the best classification potential 
(as having the highest Fisher and the lowest POE+ACC coeffi-
cients). The same parameter was the only one that showed sta-
tistically significant results when comparing the absolute val-
ues of the parameters contained in each feature set (p=0.0023). 
The average values recorded for S(4,4)InvDfMom were 0.079 

workstation, 4.7 edition) by two radiologists (C.C. and, A.L. 
each with at least 15 years’ experience in abdominal imag-
ing), who were also blinded to the clinical picture. On the 
non-enhanced phase of each examination, the two research-
ers developed a common opinion about choosing a slice 
they considered the most representative for the fluid con-
tent. All examinations were anonymized, and the selected 
slices were retrieved in DICOM format (Digital Imaging and 
Communications in Medicine). A third researcher (P.A.S.) 
imported each image into a texture analysis software, MaZda 
version 5 [19]. 

Image segmentation

For the segmentation step, the same researcher (P.A.S.) 
incorporated the ascitic fluid in a two-dimensional (2D) 
region of interest (ROI). A semi-automatic level-set technique 
was used for the definition and positioning of each ROI. The 
researcher placed a seed in the approximate center of the fluid 
collection and the software automatically delineated the col-
lection based on gradient coordinates (Figure 1). A limitation of 
dynamics to μ±3σ (μ=gray-level mean; and σ=gray-level stan-
dard deviation) was applied to reduce the influence of contrast 
and brightness that could affect the true image textures [20]. 

Feature extraction

The feature extraction was automatically performed by 
the built-in tools of the MaZda software. The analysis of every 
ROI resulted in over 300 texture parameters which originated 
from the grey-level histogram, the wavelet transformation, the 
co-occurrence matrix, the run-length matrix, the absolute gra-
dient, and the autoregressive model. 

Feature selection

The MaZda program allows the selection of the most dis-
criminative features through several reduction techniques. 
One such technique is represented by the Fisher method. 
The Fisher coefficient (F) defines the ratio of between-class 
variances to within-class variances. This method provides a 
set of ten features that have a high discriminatory ability [20]. 

FIGURE 1. (A) Axial CT non-enhanced phase image of a 
58-year-old patient with cirrhosis. (B) The slice with the region 
of interest (red area) used for texture analysis.

BA
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[IQR (Interquartile range), 0.076 - 0.083] for benign and 0.084 
(IQR, 0.08 - 0.085) for malignant collections. The ROC anal-
ysis showed that this parameter was able to distinguish malig-
nant from benign IPEs with a sensitivity of 95.65% (CI, 78.1 - 
99.9%) and a specificity of 44.83% (CI, 26.4 - 64.3%) for a cut-off 
value of > 0.0787, a significance level of 0.0002 and an AUC of 
0.748 (CI, 0.608 - 0.858) (Figure 2). 

The k-NN’s performance in distinguishing the two groups 
is shown in Table 3. Two patients with cirrhosis, two with 
secondary peritonitis, one with ulcer perforation, two with 
gastric cancers, two with serous ovarian carcinomas, and one 
subject with transitional cell carcinoma were misclassified 
following the processing of features selected by both Fisher 
and POE+ACC method. Overall, the best performance of 
the k-NN classifier was achieved following the computation 
of POE+ACC selected features (accuracy= 71.15%, sensitivity= 
73.91%, and specificity= 68.97%).

DISCUSSION

 Our results indicate that the S(4,4)InvDfMom was the 
only parameter that showed statistically significant results 
at the univariate analysis (p=0.0023). Based on the values 
recorded by this parameter, the distinction of malignant 
from benign collections showed a remarkably high sensitivity 
(95.65%) that unfortunately came at the cost of a relatively low 
specificity (44.83%). InvDfMom reflects the local homogene-
ity of an image. The value of this parameter rises when more 
pixel pairs are close to gray-scale value, resulting in higher val-
ues for homogeneous images [25]. We recorded higher values 
of this feature for the malignant than for the benign group.

It was expected that the malignant group would show a 
higher degree of heterogeneity, this feature being a known 
characteristic of malignant tissues [26]. On the other hand, 
benign IPEs can express various types of appearances, mostly 
depending on the underlying pathology [27,28]. For example, 
the gross evaluation can identify clear fluid (mostly in liver 

cirrhosis), or the accumulations can have a cloudy appearance 
(in pancreatitis, intestinal perforations and bacterial perito-
nitis) [27]. Our benign IPEs group included multiple types of 
collections (free fluid, incapsulated, inflammatory and puru-
lent), thus expressing broad density variations on CT images. 
This density variations were quantified by the TA software in 
the form of the InvDfMom parameter, which consecutively 
increased its values in the benign group. 

Although including only unorganized collections in the 
benign group would have led to different results, this would 
have caused a potential bias in our study. However, certain 
macroscopic differences can be observed based on the maps 
that show the distribution of the S(4,4)InvDfMom parameter 
over the two types of effusions (Figure 3). Considering these 
observations, the texture analysis of the two groups most likely 
highlighted the differences of the fluids physical properties 

TABLE 2. The sets of parameters highlighted by the selection methods and the univariate analysis results (p-values).

Fisher F p-value POE + ACC PP p-value
S(4,4)InvDfMom 0.933 0.0023 S(4,4)InvDfMom 0.3909 0.0023
S(2,2)SumEntrp 0.7111 0.0073 S(3,3)InvDfMom 0.4216 0.2572
Horzl_GLevNonU 0.5724 0.0078 S(2,2)SumVarnc 0.456 0.1195
135dr_GLevNonU 0.5713 0.0096 WavEnHH_s-2 0.4561 0.2495
45dgr_GLevNonU 0.5709 0.0082 Skewness 0.4646 0.1877
Vertl_GLevNonU 0.5702 0.0087 Perc.01% 0.4719 0.8755
Horzl_RLNonUni 0.545 0.0096 S(5,-5)SumAverg 0.474 1
135dr_RLNonUni 0.5411 0.0107 S(2,0)SumOfSqs 0.4798 0.0497
Vertl_RLNonUni 0.5382 0.0087 S(0,1)InvDfMom 0.4809 0.7752
45dgr_RLNonUni 0.5348 0.0102 S(4,-4)DifVarnc 0.75 0.0785

F, Fisher coefficient; POE+ACC, probability of classification error and average correlation coefficient; PP, POE+ACC coefficient; InvDfMom, inverse 
difference moment; SumEntrp, sum entropy; Horzl/135dr/45dgr/Vertl,  horizontal/135 °/45 °/vertical direction for feature computation; 
GLevNonU, grey level nonuniformity; RLNonUni, run length nonuniformity; SumVarnc, sum variance; WavEn, wavelet energy; Skewness, histo-
gram’s skewness; Perc.01%, 1% percentile; SumAverg, sum average; SumOfSqs, sum of squares; DifVarnc, difference variance

FIGURE 2. The receiver operating characteristics curve of the 
S(4,4)InvDfMom (Inverse Difference Moment) parameter for 
distinguishing malignant from benign ascites.
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rather than the histopathological group to which the collec-
tions belonged. 

Another aspect that calls into question the TA results is the 
lack of presence of the first order histogram parameters in the 
sets selected by Fisher and POE+ACC. The histogram analy-
sis reflects only the pixel intensity values, and not the spatial 
relations between the pixels [29]. It would have been expected 
that the malignant collections would express higher densities 
on the CT images, due to their dense cellular population [30] 

and frequent blood contamination [11], and therefore higher 
values of the histogram parameters. The first order parame-
ters could not be used for differentiating between the two 
types of collections for two reasons. Firstly, malignant IPEs 
often contain chylomicrons, being one of the most common 
causes of chylous ascites [28].The presence of fat components 
would automatically decrease the densities recorded on CT 
images and therefore the values of the histogram parameters. 
Secondly, several collections included in the benign group are 
characterized by increased viscosity and high cellularity [31], 
especially in the case of infectious and inflammatory accumu-
lations, which consequently increased the density and histo-
gram parameters values recorded in these types of IPEs, thus 
reducing the differences between the two groups.

Similar research that analyzed the capability of texture 
features to discriminate between benign and malignant asci-
tes based on CT images was conducted by Baroud et al [32]. 
Besides using the same TA software (MaZda), the workflow 
was almost entirely different: the feature reduction techniques 
were based on Fisher and Mutual Information, and the feature 
vectors were classified using the linear discriminant analysis 
method. Following this approach, the researchers were able to 
distinguish collections associated with peritoneal carcinoma-
tosis from ascites without underlying malignancy in 86.5% of 
cases, and from peritonitis-related ascites in 76.2% of images. 
Although the percentages of correctly classified images were 
similar to our results, the authors concluded that TA seemed 
feasible in distinguishing different types of ascites and could 
increase the diagnostic confidence in differentiating between 
different types of ascites [32]. In a previous article [33] we 
demonstrated that the texture features of ascites extracted 
from magnetic resonance images showed good capability 
in differentiating benign from malignant collections. In the 
above-mentioned research [33], after applying the same two 
selection methods, the best results were obtained by an arti-
ficial neural network classifier after importing the Fisher 
selected features (accuracy 91.84%; sensitivity 100% and speci-
ficity 42.86%). However, based on magnetic resonance (MRI) 
images, two different texture parameters showed adequate 
discriminative power (Run Length Nonuniformity computed 
from vertical and horizontal directions) [33]. 

Positive cytology can diagnose malignant ascites with 
almost 100% specificity but with variable sensitivity rates [34]. 
By using a highly elaborated protocol, Runyon et al. [35] were 
able to identify malignant cells in 96.7% of the patients with 
peritoneal carcinomatosis. However, it is safe to assume that 
not all healthcare units follow such a rigorous workflow pro-
cess as the one described in the abovementioned study, which 
included a single method of fluid sampling (paracentesis), a 
reevaluation of the initial negative results with a second sam-
pling of a larger specimen, and strict coordination between 

TABLE 3. The performance of the k-nearest-neighbor classifier 
in distinguishing between the two groups, and the numbers 
of misclassified samples from each histopathological entity. 
Between the brackets are values corresponding to the 95% 
confidence interval

Selection method Fisher POE+ACC
Misclassified cases 34 / 65.38% 15 / 28.85%
Accuracy (%) 34.62 (21.9- 49.09) 71.15 (56.92-82.87
Sensitivity (%) 21.74 (7.46-43.7) 73.91 (51.59-89.77)
Specificity (%) 44.83 (26.45- 64.31) 68.97 (49.17- 84.72)
Cirrhosis 6 3
Cardiac ascites - -
Acute mesenteric ischemia 1 -
Peritonitis 5 2
Pancreatitis-related collections 3 2
Gastrointestinal perforation 1 2
Gastric adenocarcinoma 6 3
Ovarian cancer 11 3
Breast cancer 1 -

F, Fisher coefficient; POE+ACC, probability of classification error and 
average correlation coefficient

FIGURE 3. Generated texture maps showing differences 
between benign and malignant intra-peritoneal collections; (A) 
a CT image of a 68-year old patient with histologically-proven 
malignant ascites and (B) generated map based on the Inverse 
Difference Moment texture feature extracted from Figure 4.A; 
(C) a CT image of a 58-year old patient with cirrhosis; and (D) 
generated map based on the Inverse Difference Moment tex-
ture feature extracted from Figure 4.C.

A B

C D
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the timing of the sampling procedure with the laboratory [35]. 
Firstly, our workflow model included several sampling meth-
ods, no strict coordination between the laboratory and the 
sampling procedure, and no reevaluation of the initial nega-
tive results during the same hospitalization period. Secondly, 
we were unable to retrieve any information about the state of 
the fluids and the transportation procedures that could also 
alter the quality of this analysis [35].

Our study has several limitations. First, due to its retrospec-
tive design, it may have selection and verification bias. Also, 
being a pilot study, our research incorporated a relatively small 
number of patients. Second, the only criterion that decided 
the subjects’ inclusion in each histopathological group was the 
cytological analysis (the presence of the absence of malignant 
cells in the fluid samples), which implies several pitfalls that we 
previously addressed. Third, the ROI segmentation employed 
in this pilot study comprised a single largest cross-section-
based delineation instead of a multi-slice or three-dimensional 
volume analysis. Also, the inter- and intra-observer agreement 
was not assessed. Also, the MaZda software used in this arti-
cle could be considered as outdated, as there were no official 
updates for in several years. However, in this study, we used 
a newly developed Beta version of this software, released in 
2016 (available at https://data.mendeley.com/datasets/dkxy-
rzwpzs/1). Although more modern dedicated TA software 
packages are available, MaZda steel represents a popular TA 
method, since it provides one of the largest numbers of feature 
customization, selection, extraction and processing methods. 
Also, it offers an intuitive interface, and thus the possibility of 
being used by non-image processing specialists, such as regu-
lar physicians.

CONCLUSION

In conclusion, our objective, namely to assess ascites fluid 
with texture analysis in order to determine non-invasive dif-
ferentiation criteria for benign and malignant IPEs, showed 
statistically significant results. However, it is not clear whether 
these differences were determined by the malignant cellu-
larity or by other cytological, biochemical or physical fluid 
properties.

REFERENCES

[1] Diop AD, Fontarensky M, Montoriol P-F, Da Ines D. 
CT imaging of peritoneal carcinomatosis and its mim-
ics. Diagnostic and Interventional Imaging 2014;95:861–72. 
https://doi.org/10.1016/j.diii.2014.02.009.

[2] Singh, S.; Devi, Y.S.; Bhalothia, S.; Gunasekaran, V. Peritoneal 
Carcinomatosis: Pictorial Review of Computed Tomography 
Findings. 2016. https://doi.org/10.21474/IJAR01/936.

[3] Khaladkar, S.M.; Aditi, G.; Dhaval, T. Dierentiation of malignant 
and benign ascites by Ultrasonography and/or CT. Int. J. Healthc. 
Biomed. Res. 2015, 3, 102–116.

[4] Funicelli L, Travaini LL, Landoni F, Trifirò G, Bonello L, Bellomi M. 
Peritoneal carcinomatosis from ovarian cancer: the role of 
CT and [18F]FDG-PET/CT. Abdom Imaging 2010;35:701–7. 
https://doi.org/10.1007/s00261-009-9578-8.

[5] Topal NB, Gurel S, Ercan I, Savci G. The role of ultrasonography and 
computed tomography in determining the etiology of ascites. Saudi 
Medical Journal 2007.

[6] Vanhoenacker FM, De Backer AI, Op de BB, Maes M, 
Van Altena R, Van Beckevoort D, et al. Imaging of gastrointestinal 
and abdominal tuberculosis. Eur Radiol 2004;14 Suppl 3:E103-115. 
https://doi.org/10.1007/s00330-003-2047-9.

[7] Yeh HC. Ultrasonography of peritoneal tumors. Radiology 
1979;133:419–24. https://doi.org/10.1148/133.2.419.

[8] Derchi LE, Solbiati L, Rizzatto G, De Pra L. Normal anat-
omy and pathologic changes of the small bowel mes-
entery: US appearance. Radiology 1987;164:649–52. 
https://doi.org/10.1148/radiology.164.3.3303119.

[9] Pannu HK, Bristow RE, Montz FJ, Fishman EK. Multidetector CT 
of peritoneal carcinomatosis from ovarian cancer. Radiographics 
2003;23:687–701. https://doi.org/10.1148/rg.233025105.

[10] Franiel T, Diederichs G, Engelken F, Elgeti T, Rost J, Rogalla P. 
Multi-detector CT in peritoneal carcinomatosis: diagnostic role 
of thin slices and multiplanar reconstructions. Abdom Imaging 
2009;34:49–54. https://doi.org/10.1007/s00261-008-9372-z.

[11] Smereczyński A, Kołaczyk K, Bernatowicz E. Difficulties in dif-
ferentiating the nature of ascites based on ultrasound imaging. J 
Ultrason 2017;17:96–100. https://doi.org/10.15557/JoU.2017.0013.

[12] Iafrate F, Ciolina M, Sammartino P, Baldassari P, Rengo M, 
Lucchesi P, et al. Peritoneal carcinomatosis: imaging with 64-MDCT 
and 3T MRI with diffusion-weighted imaging. Abdom Imaging 
2012;37:616–27. https://doi.org/10.1007/s00261-011-9804-z.

[13] Valle M, Federici O, Garofalo A. Patient selection for cytoreductive 
surgery and hyperthermic intraperitoneal chemotherapy, and role 
of laparoscopy in diagnosis, staging, and treatment. Surg Oncol Clin 
N Am 2012;21:515–31. https://doi.org/10.1016/j.soc.2012.07.005.

[14] Huang L-L, Xia HH-X, Zhu S-L. Ascitic Fluid Analysis in the 
Differential Diagnosis of Ascites: Focus on Cirrhotic Ascites. 
Journal of Clinical and Translational Hepatology 2014;2:58–64. 
https://doi.org/10.14218/JCTH.2013.00010.

[15] Bala L, Sharma A, Yellapa RK, Roy R, Choudhuri G, Khetrapal C. 
(1)H NMR spectroscopy of ascitic fluid: discrimination between 
malignant and benign ascites and comparison of the results 
with conventional methods. NMR Biomed 2008;21:606–14. 
https://doi.org/10.1002/nbm.1232.

[16] Raveane W, Arrieta MAG. Texture Classification with Neural 
Networks. In: Omatu S, Neves J, Rodriguez JMC, Paz Santana  JF, 
Gonzalez SR, editors. Distributed Computing and Artificial 
Intelligence, Cham: Springer International Publishing; 2013, p. 325–
32. https://doi.org/10.1007/978-3-319-00551-5_40.

[17] Varghese BA, Cen SY, Hwang DH, Duddalwar VA. Texture 
Analysis of Imaging: What Radiologists Need to Know. 
American Journal of Roentgenology 2019;212:520–8. 
https://doi.org/10.2214/AJR.18.20624.

[18] Liu Z, Wang S, Dong D, Wei J, Fang C, Zhou X, et al. The Applications 
of Radiomics in Precision Diagnosis and Treatment of Oncology: 
Opportunities and Challenges. Theranostics 2019;9:1303–22. 
https://doi.org/10.7150/thno.30309.

[19] Strzelecki M, Szczypinski P, Materka A, Klepaczko A. A soft-
ware tool for automatic classification and segmentation of 
2D/3D medical images. Nuclear Instruments and Methods 
in Physics Research Section A: Accelerators, Spectrometers, 
Detectors and Associated Equipment 2013;702:137–40. 
https://doi.org/10.1016/j.nima.2012.09.006.

[20] Collewet G, Strzelecki M, Mariette F. Influence of MRI acquisi-
tion protocols and image intensity normalization methods on tex-
ture classification. Magnetic Resonance Imaging 2004;22:81–91. 
https://doi.org/10.1016/j.mri.2003.09.001.

[21] Kjær L, Ring P, Thomsen C, Henriksen O. Texture Analysis in 
Quantitative MR Imaging. Acta Radiologica 1995;36:127–35. 
https://doi.org/10.1080/02841859509173364.



Csaba Csutak, et al.: The role of texture analysis in the diagnosis of ascites

Bosn J Basic Med Sci. 2021;21(4):488-494 494 www.bjbms.org

[22] Mayerhoefer ME, Breitenseher MJ, Kramer J, Aigner N, 
Hofmann  S, Materka A. Texture analysis for tissue discrimina-
tion on T1-weighted MR images of the knee joint in a multicenter 
study: Transferability of texture features and comparison of feature 
selection methods and classifiers. Journal of Magnetic Resonance 
Imaging 2005;22:674–80. https://doi.org/10.1002/jmri.20429.

[23] Fruehwald‐Pallamar J, Czerny C, Holzer-Fruehwald L, Nemec SF, 
Mueller-Mang C, Weber M, et al. Texture-based and diffu-
sion-weighted discrimination of parotid gland lesions on MR 
images at 3.0 Tesla. NMR in Biomedicine 2013;26:1372–9. 
https://doi.org/10.1002/nbm.2962.

[24] Karegowda A, Ma J, Manjunath AS. Cascading k-means cluster-
ing and k-nearest neighbor classifier for categorization of diabetic 
patients. Int J Engineer Advanced Technol 2012;1:147-51.

[25] Sharma N, Ray AK, Sharma S, Shukla KK, Pradhan S, 
Aggarwal LM. Segmentation and classification of medical 
images using texture-primitive features: Application of BAM-
type artificial neural network. J Med Phys 2008;33:119–26. 
https://doi.org/10.4103/0971-6203.42763.

[26] Skogen K, Schulz A, Dormagen JB, Ganeshan B, Helseth E, Server A. 
Diagnostic performance of texture analysis on MRI in grading 
cerebral gliomas. European Journal of Radiology 2016;85:824–9. 
https://doi.org/10.1016/j.ejrad.2016.01.013.

[27] Ascitic Fluid Analysis|Ascites Interpretation. Geeky Medics. 2018. 
Avai lable online: ht tps://geekymedics.com/ascitic-fluid-anal ysis/
(accessedon 4 December 2019).

[28] Approach to the Patient with Ascites—OpenThink Labs—Research 
and Development Division of Negeri Pelangi—A Pay it Forward 
Community.n.d.Availableonline:ht tp://wiki.openthinklabs.com/ 
science-corner/kesehatan/penyakit-perut/ascites/research-pa per/
approach-to-the-patient-with-ascites (accessed on 4 December 
2019).

[29] Szczypinski, P.M.; Klepaczko, A. MaZda—A Framework for 
Biomedical Image Texture Analysis and Data Exploration In 
Biomedical Texture Analysis: Fundamentals, Tools and Challenges; 
Szczypinski, P.M., Klepaczko, A., Depeursinge, A., Al-Kadi, O.S., 
Mitchell, J.R., Eds.; Academic Press: Cambridge, MA, USA, 2017.

[30] Sangisetty SL, Miner TJ. Malignant ascites: A review 
of prognos-tic factors, pathophysiology and therapeu-
tic measures. World J Gastrointest Surg 2012; 4(4): 87-95. 
http://dx.doi.org/10.4240/wjgs.v4.i4.87 PMID: 22590662

[31] Gnannt R, Fischer MA, Baechler T, et al. Distinguishing infected 
from noninfected abdominal fluid collections after surgery: an 
imaging, clinical, and laboratory-based scoring system. Invest 
Ra-diol 2015; 50(1): 17-23. ht tp://dx.doi.org/10.1097/RLI.000 
0000000000090 PMID: 25198832

[32] Baroud, S, Schernthaner, R, Mayerhoefer, M, Wibmer, A, 
Muin, D, Ba-Ssalamah, A, Feasibility of Texture-based Classification 
of Different Types of Ascites at Contrast-enhanced Multidetector 
CT: Preliminary Results. Radiological Society of North America 
2011 Scientific Assembly and Annual Meeting, November 26 - 
December 2, 2011 ,Chicago

[33] Stefan P-A, Puscas ME, Csuak C, Lebovici A, Petresc B, Lupean R, 
et al. The utility of texture-based classification of different types of 
ascites on magnetic resonance. J BUON 2020;25:1237–44.

[34] Parsons SL, Watson SA, Steele RJC. Malignant asci-
tes. BJS (British Journal of Surgery) 1996;83:6–14. 
https://doi.org/10.1002/bjs.1800830104.

[35] Runyon BA, Hoefs JC, Morgan TR. Ascitic fluid analy-
sis in malignancy-related ascites. Hepatology 1988;8:1104–9. 
https://doi.org/10.1002/hep.1840080521.

[36] Michael CW, Davidson B. Pre-analytical issues in effusion cytol-
ogy. Pleura and Peritoneum 2016;1:45–56. https://doi.org/10.1515/
pp-2016-0001.

Related articles published in BJBMS
1. Cross-sectional imaging and cytologic investigations in the preoperative diagnosis of parotid gland tumors – an updated liter-

ature review
 Sebastian Stoia et al., BJBMS, 2020
2. A three-dimensional computed tomography study to determine the ideal method for fluoroscopically-guided bone marrow aspi-

ration from the iliac crest
 Ryan S. D'Souza et al., BJBMS, 2020

https://www.bjbms.org/ojs/index.php/bjbms/article/view/5028
https://www.bjbms.org/ojs/index.php/bjbms/article/view/5028
https://bjbms.org/ojs/index.php/bjbms/article/view/4744
https://bjbms.org/ojs/index.php/bjbms/article/view/4744

