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ARTICLE INFO ABSTRACT

Keywords: Purpose: Prostate multiparametric MRI (mpMRI) is the imaging modality of choice for detecting clinically sig-
MRI nificant prostate cancer (csPCa). Among various parameters, lesion maximum diameter and volume are currently
Radiomics considered of value to increase diagnostic accuracy. Quantitative radiomics allows for the extraction of more
Shape

advanced shape features. Our aim was to assess which shape features derived from MRI index lesions correlate
with csPCa presence.

Materials and Methods: We retrospectively enrolled 75 consecutive subjects, who underwent mpMRI on a 3T
scanner, divided based on MRI index lesion Gleason Score in a csPCa group (GS > 3 + 4, n = 41) and a non-
csPCa one (n = 34). Ten shape features were extracted both from axial T2-weighted and ADC maps images, after
lesion tridimensional segmentation. Univariable and multivariable logistic analysis were used to evaluate the
relationship between shape features and csPCa. Diagnostic performance was assessed measuring the area under
the curve of the receiver operating characteristic (ROC) analysis. Diagnostic accuracy, sensitivity, and specificity
were determined using the best cut-off on each ROC. A P value < 0.05 was considered statistically significant.
Results: Univariable analysis demonstrated that almost every shape feature was statistically significant between
csPCa e non-csPCa groups. However, multivariable analysis revealed that the parameter defined as surface area
to volume ratio (SAVR), especially when extracted from ADC maps is the strongest independent predictor of
csPCa among tested shape features.

Conclusion: The radiomic shape feature SAVR, extracted from ADC maps after index lesion segmentation, ap-
pears as a promising tool for csPCa detection.

Prostate cancer
Gleason score

1. Introduction

Prostate cancer (PCa) has the highest prevalence among malig-
nancies affecting men and is a leading cause of cancer related deaths in
the United States [1]. Over the last decade, PCa screening, performed
with serum levels of prostate-specific antigen (PSA) testing and sys-
tematic prostate biopsies, has reduced both the incidence of advanced
PCa and PCa mortality [2]. Nevertheless, this approach leads to over-
diagnosis and consequently over-treatment of low-risk and indolent
PCa, with significant implications in terms of patient care [3,4]. Indeed,
the mortality of PCa greatly varies according to various factors and in

particular Gleason score (GS), which is of great importance in the
stratification of risk for PCa patient [5,6].

In this setting, multiparametric MRI (mpMRI) of the prostate has
been proposed as a triage test to reduce unnecessary biopsies and over-
diagnosis of clinically insignificant PCa, defined as GS < 4 + 3 or as
maximum cancer core length < 6 mm [7]. The very aim of mpMRI is to
identify index lesions inside the prostatic gland with a high probability
of clinically significant prostate cancer (csPCa) [8]. In the current PI-
RADSv2 guidelines, lesion measurement is performed by reporting the
largest dimension on the axial plane, with possible addition of the
largest dimension on sagittal and/or coronal images and volume
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calculation using the ellipsoid formula. A lesion volume = 0.5 cc in
mpMRI is suggestive of csPCa. Despite mpMRI being a powerful diag-
nostic tool, its interpretation can be challenging and it could still be
missing a relatively low percentage of csPCa [9,10]. Several strategies
are currently investigated to further increase the diagnostic accuracy of
mpMRI in the detection of csPCa, such as the combination of imaging
and laboratory tests, although results are still conflicting in literature
[11,12]. Other proposed approaches focus on quantitative analysis of
MR images and appear promising [13]. In a recent paper, Tamada et al.
showed in a large cohort of patients that diffusion kurtosis did not show
a clear added value compared with conventional diffusion weighted
imaging methods for clinical prostate cancer evaluation [14]. Of great
interest is the field of radiomics, the conversion of medical images into
high-dimensional data [15]. Radiomic approaches have been proposed
in order to identify the presence of disease on MRI and also to non-
invasively grade, stage and stratify disease risk [16-20]. Among the
extractable features are those tied to lesion shape. These are descriptors
of region of interest size and shape in the three dimensions, and con-
trary to other radiomic data, they are independent from gray level value
distribution, potentially allowing for greater reproducibility [21]. A
recent study by Krishna et al. explored the diagnostic value of radiomic
shape features in the discrimination between benign prostate hyper-
plasia and PCa in the transitional zone, with encouraging results [22].

As tumor size has been related to aggressiveness of PCa [8,23], the
purpose of this study was to evaluate whether radiomic shape features
derived from MR images could be effective in csPCa identification,
using target prostate biopsy or radical prostatectomy as the reference
standard.

2. Materials and methods

This retrospective study was approved by the local Institutional
Review Board and the need for written informed consent was waived.

2.1. Patient population

All exams of consecutive patients who underwent prostate mpMRI
at our Institution, based on current clinical guidelines between June
2016 and March 2018 (n = 198), were reviewed [5]. Patients were
excluded if no suspicious index lesion were identified at mpMRI (PI-
RADSv2 score < 3, n = 72), if they did not undergo targeted biopsy or
radical prostatectomy within 3 months of the exam (n = 24), if they
had incomplete or inadequate (e.g. presence of artifacts) images (n = 7)
or in case histopathological confirmation of PCa (GS = 3 + 3) in the
MRI index lesion was unavailable (n = 20). A urologist, with 5 years of
experience in performing cognitive MRI targeted transrectal ultra-
sound-guided (TRUS) biopsies, was responsible for sampling at least
two cores from the index lesion in addition to standard 12-core sys-
tematic TRUS biopsy. A detailed description of the biopsy procedure
has been previously reported [12]. Based on index lesion GS, two

Patients who underwent mpMRI between
June 2016 and March 2018 (n = 198).
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Table 1
Technical parameters of each MRI sequence included in the multiparametric
MRI protocol.

Axial Axial Sagittal Coronal DCE
Dwi 2w 2w 2w
TR (ms) 4900 4000 4000 4000 4.38
TE (ms) 89 101 101 101 1.55
Slice thickness 3 3 3 3 3
(mm)*
Matrix 144 x 144 310 x 320 310 x 320 310 x 320 115 x 192
FOV (mm) 200 x 200 200 x 200 200 x 200 200 x 200 260 x 260

DWI: Diffusion Weighted Imaging; DCE: Dynamic Contrast Enhanced; T2w: T2-
weighted; TR: repetition time; TE: echo time; FOV: field of view.

DWI was performed with b values of 50, 800 and 1500sec/mm?

DCE temporal resolution was 6 s and total acquisition time was.4 min

“no gap between slices.

groups were identified: csPCa (GS > 3 + 4) and non-csPCa groups. A
flow chart of patient selection is shown in Fig. 1.

2.2. MRI data acquisition and image analysis

The mpMRI acquisition protocol performed on a 3T scanner
(Magnetom Trio, Siemens Healthcare, Erlangen, Germany) without
endorectal coil followed PI-RADSv2 recommendations has been pre-
viously reported (Table 1) [8,20]. Two readers trained in urogenital
imaging reviewed axial T2-weighted (T2w), DWI and ADC map images
of included patients identifying index lesions in accordance to PI-
RADSv2 guidelines. Subsequently, working in consensus, they anno-
tated images from both T2w and ADC maps by drawing polygonal re-
gions of interest on each slice in which the index lesion was visible,
generating a volume of interest (VOI), using a dedicated software
(ITKSnap, v3.6.0) (Fig. 2) [24]. In case of discordance a third, senior,
radiologist reviewed the images to reach a final agreement.

The extracted VOIs were then analyzed with an open-source
package for quantitative data extraction from medical images
(Pyradiomics, v2.1.2) [25]. In particular, ten shape parameters were
recorded from each T2w and ADC map VOIs (Table 2). In detail, these
were derived from the approximated triangle mesh of the VOIs, built by
vertices placed halfway on the edge between voxels inside and outside
the segmentation mask, subsequently connected forming triangles of
three adjacent vertices [21].

2.3. Statistical analysis

Data were tested for normal distribution by the Kolmogorov-
Smirnov test and expressed as mean * standard deviation or as
median and range, as appropriate. Univariable logistic analysis was
used to assess the relationships between shape features and group
classification. Thereafter, only features found significant at univariable

Patients with a PI-RADSV2 > 3 index lesion (n = 126). I

{ No suspicious index lesion (n=72). |

Patients excluded:
* no targeted biopsy or radical prostatectomy
within 3 months of mpMRI (n = 24);

Patients finally included in the study (n = 75).

= incomplete or inadequate exams (n=7);
* no histopathological confirmation of PCa in
the MRI index lesion (n = 20).

Fig. 1. Flow chart illustrating the patient selection process.
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Fig. 2. An example of image annotation performed on the ADC map (A) and
T2w (B) images of a patient with low Gleason Score prostate cancer (3 + 3)
located in the left mid gland transitional zone. On the right, the corresponding
volumetric representation of the region of interest is shown.

logistic analysis were entered in the multivariable logistic analysis. The
diagnostic performance of each shape feature was assessed measuring
the area under the curve (AUC) of the receiver operating characteristic
(ROC) analysis [26]. AUC differences among parameters were analyzed
using the Hanley-McNeil method. Diagnostic accuracy, sensitivity, and
specificity, with corresponding 95% confidence intervals, were de-
termined using the best cut-off on each ROC. A p value < 0.05 was
considered statistically significant. MedCalc Statistical Software version
13.1.2 was used for statistical analysis.

3. Results

A total of 75 patients were finally included in our study with their
clinical parameters reported in Table 3. Of these, 41 belonged to the
csPCa group and 34 to the non-csPCa one.

At univariable analysis, all variables derived from T2w images were
significant (Table 4), while at multivariable analysis the surface area to
volume ratio (SAVR) was the only significant predictors of csPCa (O.R.

Table 2
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Table 3
Clinical information of patient population. Data are presented as mean =+
standard deviation.

non-csPCa csPCa
Number of patients 35 40
Age, median (interquartile range) 67 (8.5) 68 (8.25)
PSA (mean * standard deviation) 6.6 = 2.44 10.1 * 9.20
Cognitive Targeted TRUS-Biopsy 21 21
Radical Prostatectomy 14 19
Gleason Score 3 + 3 17 -
Gleason Score 3 + 4 18 -
Gleason Score 4 + 3 - 17
Gleason Score 4 + 4 - 14
Gleason Score 4 + 5 - 3
Gleason Score 5 + 4 - 6

PSA: prostate-specific antigen; TRUS: transrectal ultrasound; csPCa: clinical
significant prostate cancer.

0.0102, 95% C.I. 0.0009 to 0.1197, p < 0.0001). Of all the variables
obtained from ADC map images, only differences in elongation and
flatness derived from the ADC map VOIs did not result statistically
significant (Table 5), while at multivariable analysis, SAVR was the
only significant predictor (O.R. 0.0098, 95% C.I. 0.009 to 0.1073,p <
0.0001). Fig. 3 shows a graphical representation of SAVR distribution in
the study population. This parameter is calculated as follows from the
VOI triangle mesh:

ENf 1

i=12

ZNf Oa; X (Ob; X Oc;)
i=1 6

Iaibi X a;c;l

For each face in the mesh (i), defined by three vertices (a; b;, c;), the
volume of the tetrahedron defined by i and the image origin (O) is
calculated. The surface area is obtained from the sum of all triangle
mesh areas and the volume from the sum of all tetrahedron volumes
[21].

Finally, the multivariable analysis of T2w and ADC-derived SAVR
showed statistical significance only for the latter (p = 0.002). At ROC
curve analysis it obtained an AUC of 0.78 with a specificity and sen-
sitivity, respectively of 97% and 56%.

4. Discussion

Radiomics, in possible combination with machine learning, has
shown several interesting imaging applications in recent literature
[27-31]. In particular, it has been applied to prostate MRI for staging,
recurrence and tumor aggressiveness evaluation [19,20,32-34]. The
results of our study showed that, among shape features extracted from
MRI, the SAVR derived from ADC maps has the highest accuracy and
appeared as the most promising tool in the discrimination of csPca from
non-csPca, outperforming even previously proposed parameters such as
lesion volume and maximum diameter. Indeed, a robust validation of

Names and definitions of ten shape features extracted from both T2-weighted and ADC map images after index lesion segmentation.

Shape Feature Name Definition

Maximum 3D Diameter
Major Axis

Minor Axis

Least Axis

Flatness

Elongation

Sphericity

Surface Area

Volume

Surface Area to Volume Ratio

Maximum 3D diameter is defined as the largest pairwise Euclidean distance between tumor surface mesh vertices.
This feature yields the largest axis length of the VOI-enclosing ellipsoid.

This feature yields the second-largest axis length of the VOI-enclosing ellipsoid.

This feature yields the smallest axis length of the VOI-enclosing ellipsoid.

Flatness shows the relationship between the largest and smallest principal components in the VOI shape.
Elongation shows the relationship between the two largest principal components in the VOI shape.

Measure of the roundness of the shape of the tumor region relative to a sphere.

Sum of the area of each triangle in the mesh.

The volume calculated from the triangle mesh of the VOI

Measure of the degree of tumor shape compactness (sphere-like shape).

VOI: volume of interest.
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Table 4

Univariable analysis results for features extracted from T2-weighted images.
T2w Feature non-csPCa csPCa O.R. (95% C.L) p value
Maximum 3D Diameter 13.11 (4.47 - 26.30) 19.59 (8.49 - 54.30) 1.1 (1.0-1.2) 0.0005
Major Axis 13.67 (6.47 — 24.59) 19 (9.15 - 46.85) 1.1 (1.0-1.2) 0.0018
Minor Axis 8.15 (1.67 — 14.84) 13.97 (4.18 - 38.76) 1.2(1.1-1.4) < 0.0001
Least Axis 5.76 (0 — 10.49) 9.67 (3.43 - 21.48) 1.4 1.2-1.7) < 0.0001
Flatness 0.39 (0 - 0.65) 0.5 (0.24 - 0.8) 2.5 (0.8-7.7) 0.0003
Elongation 0.59 = 0.16 0.73 = 0.16 2.0 (0.8-5.1) 0.0004
Sphericity 0.80 (0.62 - 1.59) 0.76 (0.44 - 0.92) 0.01 (0.001-0.6) 0.0112
Surface Area 290.25 (33.18 - 1056.47) 856.27 (103.9 - 5040.23) 1.02 (1.01-1.03) < 0.0001
Volume 332 (36 - 2016) 1528 (88 - 13616) 1.01 (1.00-1.03) < 0.0001
Surface Area to Volume Ratio 0.87 = 0.20 0.62 = 0.22 0.01 (0.001-0.1) < 0.0001

Data are expressed as mean * standard deviation or median and range as appropriate.

csPCa, clinical significant prostate cancer; O.R.: odds ratio.

Table 5

Univariable analysis results for features extracted from ADC map images.
ADC Feature non-csPCa csPCa O.R. (95% C.I.) p value
Maximum 3D Diameter 10.77 (4.47 - 24.08) 18.49 (6.63 - 56.04) 1.2(1.1-1.3) < 0.0001
Major Axis 11.48 (5.91 - 23.17) 16.83 (7.52 - 43.59) 1.2(1.1-1.3) < 0.0001
Minor Axis 7.15 (2.47 - 16.8) 12.62 (4.79 - 34.65) 1.3(1.1-14 < 0.0001
Least Axis 5.44 (0 -9.27) 9.14 (3.51 - 19.67) 1.4(1.2-1.8) < 0.0001
Flatness 0.49 (0 - 0.64) 0.51 (0.27 - 0.83) 11.1 (0.5 - 268.5) 0.1275
Elongation 0.69 = 0.15 0.73 = 0.16 2.8 (0.1 - 57.0) 0.5068
Sphericity 0.86 = 0.13 0.76 = 0.11 0.01 (0.001 - 0.44) 0.0103
Surface Area 250.73 (50.56 — 894.61) 662.25 (106.09-4233.64) 1.01 (1.00 - 1.02) < 0.0001
Volume 296 (48 - 1736) 1096 (96 — 11384) 1.01 (1.00 - 1.02) < 0.0001
Surface Area to Volume Ratio 0.91 + 0.20 0.63 = 0.22 0.0098 (0.0009 - 0.1073) < 0.0001

+

Data are expressed as mean
csPCa, clinical significant prostate cancer; O.R.: odds ratio.

Lesion
I ncsPCa
[T csPCa

Surface Area to Volume Ratio

ADC T2w

Sequence

Fig. 3. Letter-value plot showing the distribution of lesion surface area to vo-
lume ratio in relation to extraction sequence and clinical significance.

MRI lesion volume led to its consideration within the latest version of
PI-RADS as an independent indicator of clinical significance of PCa.
Similarly, maximum diameter (with a cut-off of 15 mm) is one of the
main criteria for defining the maximum lesion score in the same ima-
ging guideline, together with signs of PCa extra-prostatic extension.
Our results show that more accurate shape parameters could be
easily available once 3D lesion segmentation is performed. It should be
noted that while drawing simple lines to estimate lesion diameters is an
easier and faster task compared to 3D manual segmentation, prostate
index lesions are usually relatively small and this process required, in
our experience, less than 3 min on average. During the initial study

standard deviation or median and range as appropriate.

design phase, MRI sequences used for segmentation (i.e. T2w and ADC
map) were based on the dominant ones in the PI-RADSv2 [8]. The
choice to exclude dynamic contrast enhanced (DCE) sequences was also
due to their currently debated role [35-38].

Interestingly, the same shape feature, SAVR, resulted the most
useful after multivariable analysis for csPCa discrimination in both T2w
and ADC map images, strengthening our finding. We believe this also
supports the hypothesis that shape features could be more reproducible
independently of the imaging sequence from which they are extracted,
unlike other radiomic parameters, facilitating their clinical applic-
ability. It is also interesting to note that, overall, the SAVR derived from
the ADC was more significant in the final multivariable analysis. While
this might seem counterintuitive and unexpected, given the higher
spatial resolution of T2w images, it could be due to the dominant nature
of DWI and ADC in the peripheral zone, better reflecting PCa true ex-
tension in this area. Indeed, almost all of the lesions included in the
study were located in the peripheral zone. Furthermore, DWI and more
specifically ADC, can be considered the most robust and accurate se-
quence of prostate MR assessment, due to the higher contrast resolution
between the lesion and the surrounding tissue [39]; this opens the door
for a truly automated, even faster, post-processing pipeline from lesion
segmentation to shape feature extraction. ADC mean values both in the
form of ADC ratio and ADC 10 percentile have been previously pro-
posed as reproducible quantitative markers to assess PCa aggressiveness
[10,13,40,41]. More recently, Bonekamp et al. [42] did not find added
value using a machine learning approach on radiomic data, including
shape features, when compared to lesion mean ADC value. On the other
hand, the authors exclusively assessed texture features via a random
forest classifier without analyzing the merit of shape features directly,
as done in the present study. Furthermore, a different cut-off value for
the definition of csPCa was used (GS = 3 + 4). It is also interesting to
note that both the ADC mean and random forest achieved high sensi-
tivity (respectively 90% and 97%) but lower specificity (respectively
62% and 58%), while using the ADC-derived SAVR, we obtained a
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significantly higher specificity (97%). As specificity is a well-known
limitation of prostate MRI, as also attested by the radiologist perfor-
mance in the paper by Bonekamp and colleagues (sensitivity = 88%,
specificity = 50%), the SAVR could better complement strength and
limitations of MR prostatic imaging examination.

The results of our study revealed the robustness of geometric fea-
tures and more specifically, ADC-derived SAVR emerged as the most
powerful tool for identification of csPCa. We believe that shape fea-
tures, being independent of voxel gray level, could be easily applied
across scanners, with different field strengths and from various vendors
when compared to other radiomic parameters derived from histograms
and intensity value matrices.

The study presents several limitations. Low number of transitional
zone PCa did not allow to perform a sub-analysis based on zonal
anatomy. To guarantee an accurate annotation of MR images, we opted
for a consensus reading for lesion segmentation, which prevented us
from performing a reproducibility assessment analysis. The cognitive
MRI target TRUS biopsy technique is prone to GS underestimation;
however, several patients in our population underwent radical prosta-
tectomy and final histopathology results, were used to assess index le-
sions GS. Finally, this was a single-center and single-scanner study,
warranting future confirmation of our results in larger populations.

In conclusion, MRI index lesion shape features and in particular
ADC-derived SAVR could aid in csPCa detection. Radiomics analysis
through the quantitative assessment of geometric parameters has the
potential to be used as a non-invasive test to predict GS for patients
with csPCa; such analysis provides the additional benefit of automation,
which can reduce human effort and cost whilst preventing patient
morbidity and mortality associated with misdiagnosis and under/over-
treatment.
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