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Abstract

Multi-parametric magnetic resonance imaging (mp-MRI) has an increasingly important role in the
diagnosis of prostate cancer. Due to the large amount of data and variations in mp-MRI, tumor
detection can be affected by multiple factors, such as the observer’s clinical experience, image
quality, and appearance of the lesions. In order to improve the quantitative assessment of the
disease and reduce the reporting time, various computer-aided diagnosis (CAD) systems have been
designed to help radiologists identify lesions. This manuscript presents an overview of the
literature regarding prostate CAD using mp-MRI, while focusing on the studies of the most recent
five years. Current prostate CAD technologies and their utilization are discussed in this review.

Introduction

Prostate cancer (PCa) is currently the most common cancer occurring in men and is a
leading cause of cancer-related deaths among men in the United States [1]. In 2017, it is
estimated that the number of new cases and deaths will be 161,360 and 26,730, respectively,
and thus accounting for 19.3% of the new cancer cases and 8.4% of the cancer deaths in
American men [1]. Currently, the clinical standard for the definitive diagnosis of prostate
cancer is transrectal ultrasound (TRUS)-guided sextant or systematic biopsy. However, this
type of TRUS-guided biopsy has a significant sampling error and can miss up to 30% of
cancers. [2] Several approaches have been investigated in order to improve the accuracy of
image-guided prostate biopsy, including in-bore magnetic resonance imaging (MRI)-guided,
cognitive fusion, and MRI/TRUS fusion-guided biopsy [3].
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Multi-parametric MRI (mp-MRI) has an increasing role in the diagnosis of prostate cancer
[4]. Mp-MRI provides excellent soft-tissue contrast and is clinically used for the detection,
localization, characterization, staging, biopsy guidance, and active surveillance of prostate
cancer. Mp-MRI includes T2-weighted (T2w) MRI, diffusion-weighted imaging (DWI1),
dynamic contrast-enhanced MRI (DCE-MRI), and MR spectroscopy (MRS). Mp-MRI has
proven to be an effective technique for localizing high-risk prostate cancer [5,6]. It can also
help to guide biopsies in order to achieve a higher tumor detection rate and better reflect the
true Gleason grade. The European Society of Urogenital Radiology (ESUR) established the
Prostate Imaging-Reporting and Data System (PI-RADS) scoring system for mp-MRI of the
prostate [7]. Due to the large amount of mp-MRI data and the variations in MR scanners,
sequences, protocols, and patient motion, and etc., the detection can be affected by multiple
factors such as observer variability as well as the visibility and complexity of the lesions.

As mp-MRI creates large amounts of image data, computer-aided diagnosis of prostate
cancer using mp-MRI has become an active area of research [8]. Although guidelines, such
as the PI-RADS classification, exist for tumor detection and staging, no such guidelines are
available for tumor delineation. Inter-observer studies show substantial variation in tumor
contours [4,9]. CAD systems may help to make a clinical decision in a fast, effective, and
reliable way. It may also improve the quantitative assessment of the disease. Currently, most
CAD systems using prostate MRI focus on local, suspicious lesions and discrimination
between benign and malignant lesions within the entire grand. In this manuscript, we discuss
recent CAD research systems with prostate mp-MRI and their utilizations for prostate cancer
diagnosis.

CAD systems and technologies for prostate MRI

Prostate CAD with MRI has evolved during the past 10 years. Lemaitre et a/. [10] reported a
comprehensive review of various technical aspects of prostate CAD with mp-MRI. Wang et
al. [9] reviewed the CAD techniques related to image segmentation, registration, feature
extraction, and classification. They listed the performances of 15 CAD systems. Various
image processing and quantification methods were developed to facilitate prostate CAD with
mp-MRI [11-21]. To increase the robustness of the interpretation of mp-MRI data, Rouviere
et al. [22] showed that the combinations of shape and signal abnormalities in mp-MRI could
be used to stratify the risk of malignancy of focal abnormalities in the prostate. Several
alternative methods have been proposed to extract relevant features for each voxel for
classification into normal and tumor tissue using basic classifiers. such as support vector
machines [23] and logistic regression [24-26]. Viswanath et al. [27] use texture features,
such as Gabor wavelet and Haar wavelet transformation extracted from the T2w-MRI scan,
to represent each voxel. Groenendaal et al. [24] represent each voxel by several local
statistics, e.g. minimum, maximum, and median of the intensities obtained on apparent
diffusion coefficient (ADC) and Ktrans maps. Another approach is to detect regions of
interest in the prostate using clustering [28]. Vos et al. [29] used a two-step approach based
on a combination of features from T2w, T1, pharmacokinetic, and ADC maps. Texture
features, such as blobness, were also used to improve its performance of CAD systems. The
following section highlights several CAD systems and their technologies.
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Giannini et al. presented a fully automatic CAD system [30]. The pipeline of the CAD
system is shown in Figure 1; it is conceived as a 2-stage process. First, a malignancy
probability map for all voxels within the prostate is created. A parametric. color-coded map
of the prostate gland is generated; colors are assigned to the map based on the probability of
each voxel to be cancerous. A candidate segmentation step is then performed to highlight
suspected areas, thus evaluating both the sensitivity and the number of false-positive (FP)
regions detected by the system. Training and testing of the CAD scheme is performed using
whole-mount histological sections as the reference standard. In a cohort of 56 patients, the
area under the ROC curve obtained during the voxel-wise step was 0.91, while, in the second
step, a per-patient sensitivity of 97% was reached, with a median number of FP equal to 3 in
the entire prostate. The system could be potentially used as the first or second reader in order
to manage patients suspected of having PCa, and thus reducing both the radiologist’s
reporting time and the inter-reader variability.

Peng et al. evaluated the utility of a number of parameters obtained at T2w, DWI, and DCE-
MRI for prostate CAD and assessment of cancer aggressiveness [31]. The 10t percentile
and average ADC values, T2w signal intensity histogram skewness (Figure 2), and Tofts
K(trans) were analyzed, both individually and combined, via linear discriminant analysis,
and with receiver operating characteristic curve analysis with AUC as the figure of merit, in
order to distinguish cancer foci from normal foci. The Spearman rank-order correlation (rho)
was calculated between the cancer foci Gleason score (GS) and image features. The study
shows that the combination of 10t percentile ADC, average ADC, and T2-weighted
skewness yielded an AUC value for the same task of 0.95+0.02. ADC image features and
K(trans) moderately correlate with the Gleason score.

Shah et al. developed a decision support system for detecting and localizing peripheral zone
prostate cancers by using a machine learning approach to calculate a cancer probability map
from mp-MRI [28]. Cancer and normal regions were identified in the peripheral zone by
correlating them to the whole-mount histology slides of the excised prostatectomy
specimens. To facilitate the correlation, tissue blocks matching the MR slices were obtained
using an MRI-based, patient-specific mold. Segmented regions on the MP-MRI were
correlated to histopathology and used as training sets for the learning system that generated
the cancer probability maps. Leave-one-patient-out cross-validation on the cancer and
normal regions was performed to determine the learning system’s efficacy, a genetic
algorithm was used to find the optimal values for a set of parameters, and finally a cancer
probability map was generated. This DSS provides a cancer probability map for peripheral
zone prostate tumors based on endorectal mp-MRI (Figure 3).

Different CAD systems have their unique approaches for feature extraction and
classification. Betrouni et al. reported an automatic framework for computer-aided analysis
of mp-MRI of the prostate [32]. An unsupervised fusion scheme was described to analyze
mp-MRI. This framework was not designed for cancer detection or characterization, but
rather as a tool to assist radiologists in analyzing multisource data. Langer et a/. developed a
multi-parametric model suitable for prospectively identifying prostate cancer in the
peripheral zone using mp-MRI [25]. The model uses the apparent diffusion coefficient
(ADC), T2, the volume transfer constant (K(trans)), and the extravascular extracellular
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volume fraction to map a PZ tumor. Litjens described a fully automated CAD system which
consists of two stages [33]. In the first stage, we detect the initial candidates using multi-
atlas-based prostate segmentation, voxel feature extraction, classification, and local maxima
detection. The second stage segments the candidate regions, and using classification we
obtain cancer likelihoods for each candidate. The features represent pharmacokinetic
behavior, symmetry, appearance, etc. Niaf et a/. reported a CAD system [34] which was
based on a feature set derived from grey-level images, including first-order statistics,
Haralick features, gradient features, semi-quantitative and quantitative (pharmacokinetic
modelling) dynamic parameters, and four kinds of classifiers which were trained and
compared, i.e. nonlinear support vector machine (SVM), linear discriminant analysis, k-
nearest neighbors, and naive Bayes classifiers. Based on the t-test, mutual information, and
minimum-redundancy-maximum-relevancy criteria, they compared a set of feature selection
methods.

CAD systems may only use two of the multiple mp-MRI data, such as T2w and DWI [35],
or T2w and DCE-MRI [36]. Kwak et al. proposed a CAD system [35] for prostate cancer to
aid in improving the accuracy, reproducibility, and standardization of mp-MRI. The system
utilizes T2w MRI, DWI, and texture features based on local binary patterns. The authors
included a total of 244 patients, of which 108 patients were used for the CAD training. In
distinguishing cancer from MR-positive, benign lesions, an area under the receiver operating
characteristic curve (AUC) of 0.83 was achieved. For cancer vs MR-positive or MR-
negative, benign lesions, the authors obtained an AUC of 0.89. The performance of the CAD
system was not dependent on the specific regions of the prostate, e.g. a peripheral zone or
transition zone. Vos et al. presented an approach for computer-assisted analysis of prostate
lesions by combining information from T2w and DCE T1-w MRI [36]. Their study
demonstrated a simple T2 estimation method with a diagnostic performance such that it
complements a DCE, T1w-based, CAD system in discriminating malignant lesions from
normal and benign regions.

Some CAD systems only use T2w MRI data. Rampun et a/. reported a prostate CAD system
based on T2w MRI [37] and suggested a set of discriminant texture descriptors extracted
from T2w MRI data from which 215 texture descriptors were extracted and 11, different
classifiers were used to achieve the best possible results. The method was tested based on
418, T2-weighted MR images taken from 45 patients and evaluated using nine-fold cross
validation with five patients in each fold. The CAD system achieved an area under the
receiver operating curve values equal to 90.0%+7.6%. Zhao et al. proposed a CAD system
[38] that uses 12, quantitative image features extracted from prostate T2w MRI. The
importance of each feature in cancer identification was compared in the peripheral zone (PZ)
and the central gland (CG), respectively. The performance of the computer-aided diagnosis
system supported by an artificial neural network was tested. Ten of 12 features had a
significant difference (P<0.01) between PCa and non-PCa in the PZ.

Other CAD systems only use DCE-MRI data. Sung et al. reported a CAD system based
DCE-MRI [39]. The perfusion parameters included baseline and peak signal intensities, the
initial slope, maximum slope within the initial 50 seconds after the contrast injection
(slope(50)), wash-in rate, washout rate, time to peak, percentage of relative enhancement,
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percentage enhancement ratio, time of arrival, efflux rate constant from the extravascular
extracellular space to the blood plasma, first-order rate constant for eliminating
gadopentetate dimeglumine from the blood plasma, and constant depending on the
properties of the tissue and represented by the size of the extravascular extracellular space.
DCE-MRI examinations of 42 patients with prostate cancer were used to generate perfusion
parameters. CAD for cancer detection was established by comprehensive evaluation of the
parameters using a support vector machine. The results shows that CAD can improve the
diagnostic performance of DCE-MRI in prostate cancer detection, which may, however, vary
according to the zonal anatomy. Puech et a/. developed CAD software for prostate cancer
detection using DCE T1w MRI [40]. They designed a standardized, 5-level cancer suspicion
score. After reviewing the MR images, radiologists established a diagnosis of suspicious
areas based on the data of post-MRI transrectal ultrasound-guided biopsies. Their results
suggest that the CAD system may improve radiologists’ performances in prostate cancer
identification, especially when they do not specialize in prostate imaging.

Proton magnetic resonance spectroscopic imaging (MRSI) has also been used for prostate
CAD. Matulewicz et al. proposed an approach to assess whether an artificial neural network
(ANN) model is a useful tool for automatic detection of cancerous voxels in the prostate
from (1)H-MRSI datasets and whether the addition of information regarding anatomical
segmentation improves the detection of cancer [41]. Their study demonstrates that automatic
analysis of prostate MRSI to detect cancer using an ANN model is feasible and that
application of anatomical segmentation from MRI as an additional input to ANN improves
the accuracy of detecting cancerous voxels on MRSI.

of CAD with prostate MRI

Multiple studies have demonstrated the utility of CAD for prostate cancer diagnosis along
with mp-MRI. First, CAD was able to improve the sensitivity, as reported in a recent study
[42]. Giannini et al. compared the performance of clinically experienced readers for
detecting prostate cancer using the likelihood map of the entire prostate, which was
generated by a CAD system, with that of unassisted interpretation of mp-MRI [42]. Three,
clinically experienced radiologists reviewed mp-MRI prostate cases twice. Readers first
observed CAD marks on a likelihood map and classified as positive those suspicious for
cancer. After six weeks, radiologists interpreted mp-MRI examinations unassisted, using
their favorite protocol. Sensitivity, specificity, reading time, and inter-observer variability
were compared for the two reading paradigms. The sensitivity was significantly higher with
CAD for lesions with a Gleason score > 6 (91.3% vs 81.2%) or diameter >/=10 mm (95.0%
vs 80.0%). The specificity was not affected by CAD. The average reading time when using
CAD was significantly lower (220 s vs 60 s). This study by Giannini ef a/. demonstrated that
with CAD, sensitivity increases and that CAD significantly reduces the reporting time of
mp-MRI.

Second, CAD, such the system by Niaf et al. [43], improves the specificity. Their study
assessed the impact of a CAD system on the characterization of focal prostate lesions using
mp-MRI [43]. Twelve readers assessed the likelihood of malignancy of 88, predefined
peripheral zone lesions using a five-level (0-4), subjective score (SS) in Reading Session 1.
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This was repeated five weeks later in Reading Session 2. The CAD results were then
disclosed and in Reading Session 3 the readers could amend the scores assigned during
Reading Session 2. The diagnostic accuracy was assessed using an ROC regression model
and was quantified according to the area under the ROC curve (AUC). Seven readers
improved their performance between Reading Sessions 1 and 2, and all of the 12 readers
improved their performance between Reading Sessions 2 and 3. For an SS positivity
threshold of 3, the specificity of Reading Session 2 (79.0%) was significantly lower than that
of Session 3 (86.2%). Niaf’s study demonstrates that a CAD system improves the
characterization of prostate lesions on mp-MRI by increasing the reading specificity.

Third, CAD can help less clinically experienced readers and can reach similar performance
levels as those of clinically experienced observers [44]. Hambrock et a/. investigated the
effect of CAD on both less and more clinically experienced observer performance in the
differentiation of benign from malignant prostate lesions on mp-MRI [44]. Six radiologists
who were less clinically experienced regarding prostate imaging and four radiologists who
were more experienced regarding prostate imaging were asked to characterize different
regions suspicious for cancer as benign or malignant on mp-MRI first without and
subsequently with CAD assistance. Stand-alone CAD had an overall AUC of 0.90. Without
CAD, less clinically experienced observers had an overall AUC of 0.81, and which
significantly increased to 0.91 with CAD. For clinically experienced observers, the AUC
without CAD was 0.88, and which significantly increased to 0.91 with CAD. This study by
Hambrock et al. demonstrated that the addition of CAD significantly improved the
performance of less clinically experienced observers in distinguishing benign from
malignant lesions, and when less clinically experienced observers used CAD, they achieved
similar performance to that of clinically experienced observers. The stand-alone
performance of CAD was similar to the performance of clinically experienced observers. In
another study by Litjens et al. [33], it was demonstrated that an automated CAD system does
not perform significantly differently from radiologists. Niaf et a/. evaluated a CAD system
for determining a likelihood measure of the presence of prostate cancer in the peripheral
zone (PZ), based on mp-MRI [34]. Their study showed that the CAD scheme mimicked, in
terms of AUC, the human experts in differentiating malignant from suspicious tissue, and
thus demonstrating its potential for assisting in cancer identification in the PZ.

Fourth, CAD improves the differentiation between indolent and aggressive cancer [45].
Litjens et a/. also investigated the added value of CAD to the diagnostic accuracy of PI-
RADS reporting and the assessment of cancer aggressiveness [45]. Their study included
MRI and the histopathological outcome of MR-guided biopsies of 130 patients. All cases
were prospectively PI-RADS reported, and the reported lesions underwent CAD analysis.
Logistic regression combined the CAD prediction and the radiologist PI-RADS score into a
combination score. Receiver-operating characteristic (ROC) analysis and Spearman’s
correlation coefficient were used to assess the diagnostic accuracy and correlation to the
cancer grade. The area-under-the-ROC-curve of the combination score was significantly
higher than for the PI-RADS score of the radiologist (benign vs. cancer, 0.88 vs. 0.81 and
indolent vs. aggressive, 0.88 vs. 0.78). The combination score correlated significantly
stronger with the cancer grade (0.69) than with the individual CAD system or the radiologist
(0.54 and 0.58). This study Litjens et a/. demonstrated that i) CAD helps radiologists
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discriminate benign findings from cancer in prostate MR, ii) Combining PI-RADS and
CAD improves the differentiation between indolent and aggressive cancer, and iii) Adding
CAD to PI-RADS increases the correlation coefficient with respect to the cancer grade.
These studies demonstrate the full potential of CAD technologies for the diagnosis of
prostate cancer using mp-MRI.

Discussions and Conclusions

Mp-MRI is emerging as a powerful tool to diagnose and stage prostate cancer. However, its
interpretation is a time-consuming and complex task requiring dedicated radiologists. A
computer-aided diagnosis technique could allow quantitative integration of data derived
from the different MRI sequences in order to obtain accurate, reproducible information
useful for identifying and staging prostate cancer. There is a growing need to localize
prostate cancers on mp-MRI in order to facilitate the use of image-guided biopsy, focal
therapy, and active surveillance follow-up. Various studies [33,45-47] based on mp-MRI
have shown that combining different features from different imaging modalities can increase
CAD performance. Recently developed CAD systems for prostate mp-MRI were shown to
have a similar diagnostic accuracy to that of well-trained prostate MR radiologists.
Computer-aided systems may help physicians to obtain a fast, cost-effective, and more
reproducible prostate cancer diagnosis from complex mp-MRI data.

Various reference standards were used for the validation of prostate CAD technologies. First,
whole-mount, histopathological sections are the gold standard for the validation of CAD
systems, as reported by multiple research groups [25,28,30,41]. Cancer and normal regions
were identified on whole-mount histologic slides of the excised prostatectomy specimens
and were then correlated with the lesions from their CAD systems using mp-MRI. To
facilitate the correlation, tissue blocks matching the MR slices were obtained using an MR-
based, patient-specific mold [28]. Second, standard histopathology from prostatectomy was
also used as the reference standard for the validation [31,34,41,44]. Third, MR-guided
biopsy was also used as the reference standard for CAD validation [33].

Prostate CAD with mp-MRI can have many applications. Cancer probability maps from
CAD systems can potentially aid radiologists in accurately localizing peripheral-zone
prostate cancers for planning targeted biopsies, focal therapy, and follow-up for active
surveillance [28]. For radiotherapy of prostate cancer, MRI is being increasingly used for
delineation of the prostate gland. For focal treatment of low-risk prostate cancer or focal-
dose escalation for intermediate and high-risk cancer, tumor delineation is also required.
With mp-MRI it becomes feasible to revisit the GTV-CTV concept during radiotherapy of
prostate cancer. While detection of index lesions is quite reliable, contouring variability and
the low sensitivity to small lesions suggest that the remainder of the prostate should be
treated as CTV. Clinical trials that investigate the options for dose differentiation, for
example with dose escalation to the visible tumor or dose reduction to the CTV, are therefore
warranted [48]. Prostate CAD with mp-MRI could also be used to help radiologists in
establishing the MRI-guided biopsy target [30].
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Different studies used different technical approaches, such as field strengths, MR sequences,
and use of an endorectal coil, for specific clinical indications. Prostate diagnosis with mp-
MRI can be affected by multiple factors, such as observer variability and visibility and
complexity of the lesions. Reported accuracies of the separate and combined mp-MRI
techniques may vary for diverse clinical prostate cancer indications [4]. With the current mp-
MRI technology, it is difficult to distinguish prostate cancer from confounders such as
benign prostatic hyperplasia (BPH), post-biopsy hemorrhage, and atrophy [4,49]. The
education and clinical experience of specialist radiologists are critical for accurate
interpretation of mp-MRI findings and for the utilization of prostate CAD systems.

Although various studies have shown promising results demonstrating the additional value
of CAD in prostate cancer diagnosis and staging, its integration into routine clinical practice
still requires significant future efforts in optimizing workflows and meeting regulatory
requirements. For example, results showed that a significant increase in diagnostic
performance can be achieved when combining the radiologist PI-RADS score and the CAD
system likelihood into a combination score [45]. This combination might not be feasible in
clinical practice, as radiologists or urologists will always have the final say [45]. Research
regarding computer-aided systems specifically focused for prostate cancer is a relatively new
technology [10]. Currently, the results of most studies have been based on a relatively small
number of patients. The use of CAD in conjunction with the radiologist for accurately
characterizing prostate lesions is to be further investigated and clinical validated in order to
provide a CAD system for decision support.
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. Multi-parametric MRI has an increasing role in the diagnosis of prostate
cancer.

. Computer-aided diagnosis (CAD) of prostate cancer with MRI can improve
sensitivity.

. CAD of prostate cancer with MRI was able to improve the specificity.

. CAD can help less clinically experienced readers.

. CAD may help to make a clinical decision in a fast, effective, and reliable
way.

Curr Opin Biomed Eng. Author manuscript; available in PMC 2018 September 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Fei

Page 14

IERD

Mp-MR Image Prostate Features - Features
p- o — ) :
R |:> registration segmentation extraction selection

A

FP =i Candidate
reduction selection

0

B

Voxel-wise
malignancy
probability
map

Figure 1.

Flowchart of the CAD system by Giannini ef al. [30]. Box A represents the steps that are
necessary to create the voxel-wise malignancy probability map, while box B represents the

candidate segmentation steps.
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Figure 2.

T2-weighted MR images show (a) a tumor (arrow) in a 66-year-old man with a GS of 7
(4+3) and a prostate-specific antigen level of 13.02 ng/mL and (b) an area of PZ normal
tissue (arrow) in a 64-year-old man with prostate cancer elsewhere. Red outlines indicate
ROls. (c, d) Corresponding histograms show T2-weighted signal intensities within the ROIs
and the corresponding skewness image feature values. The tumor ROI has more dark pixels
than bright pixels, whereas the normal tissue ROI has more bright pixels than dark pixels.
Red lines in ¢ and d identify the average, T2-weighted signal intensity within each ROI.
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Figure 3.

Illustration of the computer-aided, decision support system. Multiparametric MRI images
(a)—(c), resulting in a color—coded, cancer probability map (d) superimposed on a T2W
image with a white arrow indicating the region of highest probability, and a histopathology
slide (e) confirming the presence of tumor (Gleason score 3 +4, dotted line) in the region
with the highest probability. The anterior (A), posterior (P), left (L), and right (R) sides are
labeled.
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