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1. Introduction 

Prostate cancer is the second common cancer between men in the US 
after skin cancer [1]. It is estimated that 1 in every 7 men will be 
suspected with prostate cancer in his lifetime. According to the 
American Cancer Society, 26,730 is the number of deaths caused by 
prostate cancer in the US in 2017 [1]. Although it can be a serious 
disease, early diagnosis of prostate cancer can significantly prevent the 
growth of cancerous cells.  

In fact, there are several types of tumors that may occur in the prostatic 
gland. These tumors could be benign or malignant. Some malignant 
tumors grow fast, but most of them grow slow and are localized in the 
prostate gland [2]. Approximately 85% of diagnosed prostate cancers 
(CaP) are confined in the prostate gland [3]. According to [4], 68% of 
diagnosed CaP is present in the PZ and those are considered less 
aggressive, while 32% is present in the CG which are considered more 
aggressive.   

In general, CaP can be treated by surgeries, therapy or most commonly 
active surveillance [2]. In active surveillance, the treatment option is 
deferred until some symptoms starts to occur or until the cancer cells 
develop in an irregular manner which necessitates medical intervention 
[3]. This option is usually favored for two reasons: (a) avoid the side 
effect of other treatment options such as therapy and surgical 
intervention, and (b) most of the localized CaPs do not effect patients 
during their lifetime because they either do not progress or they slowly 
progress [5], and thus only aggressive and fast growing cancers are 
candidates for medical intervention. In fact, studies show that many 
older men who died because of other causes also had CaP that did not 
affect them during their lifetime [2].     

Several tests are considered in the daily clinical routine to diagnose a 
patient with prostate cancer. Usually, a blood test is conducted to check 



the Prostate-specific antigen (PSA) level. An increased PSA level may 
be a symptom for prostate cancer. However, this increase is also related 
to other common health issues such as benign prostatic hyperplasia 
(BPH) and Prostatitis. Recently, the USPSTF recommended against 
PSA-based CaP screening in an attempt to reduce the over-diagnosis 
and overtreatment associated by this screening tool [5]. The USPSTF 
highlights the fact that PSA screening is unable to accurately select 
patients who may benefit from treatment and others who would benefit 
more from active surveillance.  

After a positive PSA blood test, a Transrectal ultrasound (TRUS) 
guided biopsy (GB) is carried on to further confirm the presence of 
prostate cancer. TRUS is an imaging technique that depends on 
measuring the echoes of initially sent ultrasound waves. It is used to 
guide a needle to take small samples of the prostatic tissue [1]. The 
samples are then analyzed and given a score called the Gleason Score 
(GS). Due to its ‘blind’ nature, TRUS-GB often lead to either over-
diagnosis and hence over-treatment [6] [7]. Also, significant tumors in 
the prostate may be missed by the biopsy for the same reason. 
Surprisingly, prostate cancer is still the only solid organ cancer that is 
diagnosed by randomized sampling biopsies [6].  

In the past few years, the use of magnetic resonance imaging (MRI) was 
proposed by the CaP research community as the most accurate 
noninvasive screening tool for prostate cancer diagnosis and staging [8]. 
Especially in the case of active surveillance, MRI can greatly assist 
doctors in disease monitoring and treatment management [9]. MRI is an 
imaging technique that uses the fundamentals of nuclear magnetic 
resonance (NMR) phenomenon to produce images that describe internal 
physical and chemical characteristics of an object [10]. By nature, some 
atoms such as hydrogen (H) possess a random nuclear spin (Figure 1 
(a)). However, when exposed to an external magnetic field (B0), these 
spins are aligned to produce a net magnetic moment (Figure 1 (b)). The 
MRI technique depends on measuring the time needed by these spins to 



return to their original orientations after turning off the aligning 
magnetic field B0 as in Figure 1 (c).  

The most common measurable quantities are:  the longitudinal 
relaxation time T1 and the transverse relaxation time T2 [11]. These 
quantities differ between human tissues making it meaningful to be used 
as a medical imaging tool. Table 1 shows how the T2 values differ 
between different tissue types [11]. These values are used on a grey 
scale intensity values to create the T1-weighted (T1W) MRI, and the T2-
weighted (T2W) MRI, respectively.  

T2W MRI is the standard MRI modality that shows the anatomy of the 
scanned organ. In contrary, T1W MRI produces a greyscale image that 
complements the T2W MRI. In other words, the black matters in the 
former appear in white in the latter, and vice versa. Usually T1W images 
are acquired in a time series one after another to show the functionality 
of an organ. Because of their dynamic appearance, these images are 
called the Dynamic contrast-enhanced (DCE) MRI. The image quality 
is enhanced by the injection of a contrast agent in the body of the patient 
at the time of acquisition. Diffusion weighted (DW) MRI is a third 
modality that uses the T2 values to show the water molecules diffusion 
in the screened tissue. Mathematically, DW images are T2W images 
multiplied by an exponential factor that depends on the apparent 
diffusion coefficient (ADC) of the water molecules and the attenuation 

Figure 1: (a) natural random nuclear spin, (b) Spins align due to the magnetic field B0, (c) 

spins de-phasing after removing the effect of B0 [11] 



coefficient of the applied gradient pulse b as shown in the equation 
below [12].   

𝑆(𝑏) =  𝑆0𝑒−𝑏×𝐴𝐷𝐶    (1) 

where S(b) is the DW signal and S0 is the T2W signal. Note that when 
the attenuation coefficient b is 0 sec/mm2 then DW image is the same 
as the T2W image [12].  

Finally, a non-imaging modality that uses the same NMR principle is 
the magnetic resonance spectroscopy (MRS). This technique records a 
2D signal for each spatial location in the scanned object which, 
clinically, carries information about the presence of certain metabolites 
in that location. More details about each modality will follow in the 
following sections.  

Table 1: T2 values of some tissues 

Tissue  T2 (msec) 

Muscle 47 
Fat 85 
Kidney 58 
Liver 43 

  

As can be noticed that the MR imaging technique does not include any 
ionizing radiation and thus is not harmful for the human body [10]. This 
is by so far the main reason behind the MRI becoming a daily clinical 
practice in many medical fields.  

Although MRI has shown competitive diagnosis performance compared 
to PSA and TRUS-GB, it has not yet been considered as a first-line 
diagnosis tool. The main reason is related to the difficulties and 
challenges encountered by radiologists when reading and analyzing 
MRIs. More precisely, the 3D nature of MRI makes it difficult to 
analyze the full prostate volume by visual inspection, and hence it is 
very dependent on the radiologist experience. Moreover, the analysis 
outcome is also affected by the limited ability of radiologists as it limits 



the use of multimodality MRI due to the large amount of data that need 
to be analyzed simultaneously.  

To resolve this issue, a multi-modality MRI-based computer aided 
diagnosis (CAD) system was first proposed by Chan et al. [13] in 2003. 
Since then, several CAD systems have been proposed by the research 
community targeting the issue of the deployment of a fully automated 
MRI-based CAD system for CaP diagnosis to overcome the limitations 
of reliability caused by potential human errors.  

    

General process pipeline  

Similar to other medical imaging CAD systems, the Computer-aided 

diagnosis of prostate cancer using MRI framework encompasses four 

stages, namely: pre-processing, prostate region extraction, features 

extraction, and classification (see Figure 2). The pre-processing is a set 

of procedures applied on the MRI images in order to improve its quality 

by reducing undesirable effects inferred by the images acquisition. The 

prostate region extraction applies segmentation techniques that aims at 

the correct delineation of the prostate region. The feature extraction is 

the process of defining and deriving from the prostate region, 

computational entities that form a sort of prostate cancer signature. The 

feature extraction while it performs dimensionality reduction by 

encoding the prostate region into a compact format, it is also meant to 

be discriminative and as much as possible separating the malign and 

benign cases. The extracted features are then fed into the last stage, the 

MRI Pre-
processing

Prostate region 
extraction

Feature 
extraction

Classification

Figure 2: MRI-based CAD for CaP pipeline  



classification, whereby they are treated and mapped into one of the 

aforementioned categories. Depending on the type and the 

discriminative power of the features, the classification method can 

range from basic technique such as minimum distance classifier, to the 

heavy machine learning system such as deep learning networks. 

In this chapter, state-of-the-art full MRI-based CAD for CaP systems 
presented in the literature are reviewed. We categorize the reviewed 
systems based on the MRI modality used as an input for the CAD 
system. In the first four sections we review T2-weighted, DCE, MRS, 
DW MRI-based CAD systems that are presented in a mono-modality 
framework, respectively. In section 5, we review the different fusion 
methods used in the multi-modality MRI framework.  

2. T2-weighted MRI 

T2W is an MR imaging protocol that uses the transverse relaxation time 

(T2) to construct a grayscale image of the scanned object. Figure 3 

shows a slice of a T2W-MRI obtained using a 1.5 Tesla scanner with an 

endorectal coil placed while acquisition to improve the image resolution 

[12].  

Due to its increasing popularity and availability by many health 

providers, T2W-MR images have been an effective tool for non-invasive 

CaP diagnosis [14]. The reason is that normal prostatic tissues appear 

visually different than cancerous tissues in terms of intensity and 

homogeneity [15] [16] [7]. More precisely, malignant tissues are 

characterized by lower signal intensity in the peripheral zone (PZ) of 

the prostate and a more homogeneous appearance in both the central 

gland (CG) and the PZ compared to the surrounding healthy tissues [12] 

[16]. The other main advantage of this modality is that it provides the 

zonal anatomy of the prostate gland. That is, the CG is well-



distinguished from the PZ of the prostate and the surrounding non-

prostatic tissues [15].  

 

Figure 3: T2W-MRI using a 1.5Tesla MRI scanner and an endorectal coil. The CG is 

delineated with blue while the green contour represent the PZ [12] 

On the other hand, studies have reported the lack of reliability of T2W-

MRI reflected by the low sensitivity and specificity [17]. This mainly 

results from the difficulty of CaP detection in the CG as well as the 

existence of some other non-malignant diseases such as BPH that have 

similar visual appearance as malignant tissues in T2W-MRIs [16].  

Finally, unlike DCE-MRI, T2W-MRI does not provide information 

about the functionality of the organ under study [18].  

In fact, these limitations of T2W-MRI have been addressed by 

incorporating data from other MRI modalities (to be discussed later in 

this chapter). It is also worth noting that very few studies have used this 

modality as the only input for their CAD systems. Instead, many studies 

have suggested fusing T2WI with other modalities to boost the 

performance of their CAD systems in general [14].  

CG 

PZ PZ 



2.1 Pre-processing 

T2W-MRIs suffer from artifacts and noise due to factors related to MRI 

acquisition, such as magnetic field inhomogeneity [19] and thermal 

noise [14]. The most popular artifacts that were addressed in the 

literature are (a) intensity scale nonlinearity [15], and (b) bias field 

effect which is introduced by the use of endorectal coil at the time of 

MRI examination [12]. In [16], the former is adjusted by the generalized 

scale algorithm, which aims at aligning the intensity histogram to ensure 

a normalized intensity scale. While the latter is corrected by the Non-

parametric Non-uniform intensity Normalization (N3) algorithm 

described in [20].  

On the other hand, Rampun et al. [14] corrected the above artifacts by 

first applying a median filter, then normalizing the image intensity to 

zero mean and a unit variance and finally removing remaining noise by 

an anisotropic diffusion filter.  They reported that this three-step process 

has the advantage of (i) removing noise, (ii) preserving edges, and (iii) 

standardizing image intensities between different patients.  

To normalize the intensity values and avoid interpatient variability, Niaf 

et al. [21] used the mean SI of the bladder as a normalization factor to 

normalize the T2WI.  

Lopes et al. [19] investigated the use of wavelet-based filters in the 

preprocessing stage; however, it was then excluded as it did not have an 

effect on the overall system. 

Prostate region extraction  

Identifying the region of interest (ROI) in the MR images is essential to 

reduce the complexity of the next stages and enhance the performance 



of the overall CAD system. This step could be either performed (i) 

manually by the radiologist or (ii) automatically by the CAD system. 

Manual selection of a 12×12 pixels ROI was performed in [15] and 

manual delineation by an experienced radiologist was reported in [14].   

Instead, automated prostate capsule segmentation presented in [22] was 

performed in [16] where Active Shape Model (ASM) was initialized by 

automatically identifying prostatic voxels inside a box that contains all 

the prostate volume.  

2.2 Feature extraction and selection 

As mentioned earlier, the main descriptive feature of CaP in T2W-MRI 

is its low signal intensity and its homogenous appearance. Most of the 

studies have focused on capturing these measures as the main features 

in their CAD systems. In [19], Lopes et al. proposed the use of fractal 

and multifractal features to detect the unique texture of cancerous 

tissues. An experiment comparing between classical texture features, 

including Co-occurrence matrices, Gabor filters, and Wavelet frame 

decomposition, and fractal geometry-based features shows the 

superiority of the latter in identifying prostate cancer [19].  

Lv et al. [15] employed the same concept of fractal geometry with some 

variations in the algorithms. Texture Fractal Dimension is used to 

quantify the roughness of the texture. The intensity, along with the 2D 

spatial distribution formed a 3D surface, as shown in Figure 4 (b) and 

(e), at which the 3D box-counting algorithm is applied. In addition, the 

2D version of the same box-counting technique is used on the intensity 

histogram (Figure 4 (c) and (f)) to assess the irregularity and complexity 

of the intensity distribution. Note the clear difference between healthy 

and non-healthy tissues in terms of the intensity inhomogeneity 

explained above.  



 

Figure 4:  PZ with CaP(a) and without CaP (d)  enclosed with a green box on a T2W-MRI slice. 

(b), (e) intensity values (z-axis) represented on their spatial locations (x,y), and (c),(f)2D 

intensity histograms [15] 

Furthermore, distinct textural signatures in the CG and PZ could be 

uniquely identified according to Viswanath et al. [16]. A total of 110 

features extracted from Gabor wavelet transform, Haar wavelet 

transform, Haralick texture feature, and Grey-level statistical features 

were employed. Then, feature selection by minimum Redundancy 

Maximum Relevance (mRMR) is performed in order to identify the 

unique signatures of cancer in each of the CG and PZ. Results show that 

CaP could be distinctively identified in the CG by Gabor filters, while 

it could be better distinguished by Haralick texture features in the PZ. 

Moreover, the optimum 15 features in the CG and 25 features in the PZ 

for identifying tumor were identified in [16].  

Rampun et al. [14] identified a larger set of 215 features and grouped 

them in 6 classes in an attempt to investigate the performance of a CAD 

system that only uses the T2W-MRI. The CsfSubsetEval method was 



used to reduce the feature space dimensionality. It is reported that 

Gaussian filters, Laplacian of Gaussian filters, image magnitude of the 

Sobel operator, and Tamura’s contrast were among the most selected 

features when the window size is optimum (9×9 voxels). Results 

comparable to other multimodality systems were obtained using T2W-

MRI only.  

2.3 Classification  

To simply assess the distinguishing capacity of fractal features, Lv et al. 
[15] used a simple thresholding technique along with the statistical t-
test. The t-test yielded an impressive group difference (P<0.001) at 95% 
confidence level for the histogram fractal dimension (HFD) explained 
above. The potential robustness of the fractal indices is also evaluated 
by varying the critical value of these indices. The area under curve 
(AUC) of the receiver operating characteristic curve (ROC) is then 
determined. HFD yielded an AUC of 0.966. 

Lopes et al. [19] made use of the same fractal and multifractal 
dimensions, estimated by the Variance method and the multi-fractional 
Brownian motion (mBm), respectively. Nonetheless, the authors 
proposed a classification framework instead of the simple thresholding 
used by Lv et al. [15]. Support vector machine (SVM) and Adaptive 
Boosting (AdaBoost) classifiers were both tested on a voxel-based 
scheme. The SVM yielded a sensitivity of 0.83 and a specificity of 0.91, 
while a slightly better performance was noted for the AdaBoost where 
a sensitivity and specificity of 0.85 and 0.93 respectively were achieved.  

Quadratic Discriminant Analysis (QDA) was performed by Viswanath 
et al. [16] on the 110 features described above, to highlight the 
effectiveness of uniquely identifying region-based features in the 
prostate gland. The AUC was obtained by varying the threshold of the 
QDA function and eventually yielded a value of 0.86.  

Rampun et al. [14] reported the performance of 9 popular classifiers and 
two meta-voting classifiers, where the decisions of the best two and 



three performing classifiers were combined, respectively. Keeping all 
parameters in the default setting, the meta-vote (best 2) classifier 
outperformed all the other 10 classifiers with an AUC of 92.7±7.4%, an 
accuracy of 85.5±7.2%, and a sensitivity of 93.3±9.1%. This classifier 
combined the results of the Bayesian Networks (BNets) and the 
alternating decision tree (ADTree) using the average probability 
combination rule. It is important to note that some classifiers are very 
sensitive to parameter settings and thus, their performances could be 
greatly improved by tuning these parameters instead of keeping them 
on the default setting.  

2.4 Summary   

A summary of section 2 findings is provided in Table 2. 

 
Table 2: Highlights of section 2. 

 Highlights 

Preprocessing  Three-steps preprocessing by [14]. 
Generalized scale algorithm and 
N3 algorithm [16]. 

 Segmentation by ASM [16].  
 Manual segmentation [15] [14].  

Feature selection and extraction  Fractal features achieve better 
distinguishing capacity than 
classical features [15] [19]. 

 Tumors are characterized by 
unique structural and textural 
characteristics in the CG and PZ 
[16].   

Classification  AUC=0.966 using thresholding 
[15]. 

 AUC=0.93 using SVM and 
AdaBoost [19].  

 AUC=0.86 using QDA [16].  
 AUC=0.93 using meta-vote 

(BNets, and ADTree) [14]. 
 



3. Dynamic contrast-enhanced MRI 

DCE MRI is an imaging technique that produces a sequence of T1W-

MRI images that demonstrates the behavior of a pre-injected contrast 

agent (usually gadolinium-based) in the targeted tissue. This introduces 

‘time’ as a fourth dimension to the 3D MRI, which in turns allows for a 

non-invasive access to tissue vascular characteristics [23]. The main 

advantage of this modality is that it realizes the microvasculature 

difference between healthy and cancerous tissues [17]. Basically, this 

difference results from the nature of malignant tumors which are well-

fed with blood via vessel networks that are of high capillary 

permeability. As a result, the rate at which the contrast media is 

exchanged between vessels and extravascular-extracellular space (EES) 

in malignant tissues is higher than the corresponding rate in healthy 

tissues [24] [12]. Figure 6 (a) and (b) shows an example of two slices of 

T1W MRI from a DCE sequence before and after contrast agent 

injection.   



In this context, the main aim is to plot the intensity enhancement versus 

time curves for each voxel or region in the prostate and eventually 

extract the so called pharmacokinetic parameters from these curves 

[12]. Figure 5 shows the common parameters that are usually extracted 

from the signal enhancement curves. Figure 6 (c) and (d) show the 

intensity enhancement curve of the two delineated foci in (b). The 

intensity enhancement curve of the tissue circled by green is shown in 

Figure 5: Typical intensity enhancement curve of a cancerous tissue. Note the wash-in rate, 

wash-out rate, time to peak (ttp), Contrast agent arrival time (t0), first peak time (tp), maximum 

peak time (tmax), and the corresponding intensities (S0, Sp, Smax), respectively [7]. 



(c) while the intensity enhancement curve in (d) corresponds to the 

cancerous tissue in the red circle.  

 

Figure 6: T1W images (a) before and (b) after the injection of a contrast agent, and the 

corresponding intensity enhancement curves for (c) the healthy tissue circled in green and (d) 

the tumor foci circled in red in the corresponding (b). Note the early wash-in and wash-out 

rates in the case of tumor in (d) compared to normal tissue in (c [25]). 



In the literature, more than 15 perfusion parameters have been 

introduced, with forward volume transfer constant (ktrans) and reverse 

reflux rate constant (kep) being clinically the most useful according to 

[26] [17] [25]. The former represents the flow rate of the contrast agent 

from the blood into the prostate tissue (wash-in rate), while the later 

represents the flow rate of the contrast agent leaving the tissue to the 

blood vessels (wash-out rate) [26].  

Studies have shown superiority, in terms of sensitivity and specificity, 

of DCE over T2W-MRI in differentiating between healthy and 

cancerous tissues [17] [27]. Hara et al. [28] recommended the use of 

DCE-MRI alone instead of biopsy for CaP diagnosis in older patients.  

Although some perfusion parameters could act as relatively good 

discriminative features, a considerable overlap of these parameters 

between malignant and benign tissues is present [17]. Especially in the 

CG, it is still challenging to distinguish between healthy and cancerous 

tissues due to the fact that they could exhibit the same pharmacokinetic 

behavior in both cases [29] [12].  Finally, due to its temporal nature, the 

DCE MRI modality are affected by patient breathing and motion [30]. 

It is also worth noting that contrast media injection is not always 

suitable for patients with kidney problems [18]. 

3.1 Pre-processing 

In the CAD system proposed by Vos et al. [24], manual lesion 

localization using a 3D drawing tool was used to localize the suspected 

lesion by a sphere on the three-dimensional MRI. Similarly, manual 

delineation of the ROI was adopted in [17].  

In [31], a multi-attribute, non-initializing, texture reconstruction based 

active shape model (MANTRA) segmentation algorithm which only 

requires a rough manual initialization is used to automatically segment 



the prostate gland [32]. This method depends on finding a statistical 

shape model of the prostate borders and statistical texture model of the 

area surrounding the prostate border. These two models were then used 

in an ASM framework. 

Another novel segmentation framework is proposed by Firjani et al. 

[30] at which a maximum a posteriori (MAP) of a log-likelihood 

function is estimated. The function accounts for the shape priori, the 

spatial interaction and the specific visual appearance of the prostate in 

each subject. In addition, a non-rigid registration scheme is developed 

to account for deformation due to patient’s motion during acquisition. 

A segmentation sensitivity of 84.6% was obtained on a dataset of 30 

patients.  

3.2 Feature extraction and selection 

Sung et al. [17] extracted thirteen perfusion parameters out of each 

signal enhancement-time curve, namely: baseline and peak signal 

intensities, initial slope, maximum slope during the initial 50 seconds 

after the contrast agent injection, time to peak, wash-in rate, washout 

rate, percentage of relative enhancement, percentage enhancement ratio, 

time of arrival, efflux rate constant indicating the trans-vascular 

permeability (kep), first-order rate constant for eliminating the contrast 

agent from the blood plasma (kel), and a constant representing the size 

of the extravascular extracellular space (AH). 

Vos et al. [24] identified only three pharmacokinetic features which 

were selected based on the clinical experience. These include: (a) 50% 

percentile T1 Static value which is useful in identifying post-biopsy 

hemorrhage, (b) 75% percentile kep and Ktrans which indicate the 

permeability of the blood vessels that increase in inflamed and tumor 

tissues, (c) 25% percentile late wash which is defined by the slope of 



the curve after the first wash-in and which highly correlates to malignant 

tumors according to Vos et al. [24]. 

On the other hand, the peak perfusion value and the wash-in slope were 

the only two parameters utilized by Firjani et al. [30] to characterize 

each voxel in the segmented prostate. 

In contrast, the dimensionality of the intensity feature space is reduced 
in [31] by the non-linear dimension reduction: locally linear embedding 
(LLE) algorithm. This idea of reducing the feature vector of each voxel 
is borrowed from Varini et al. [33] where LLE was applied on breast 
DCE-MRI to detect malignant lesions.  Basically, this algorithm 
attempts to represent each data point by a linear combination of its k-
nearest neighbors [12]. 

3.3 Classification  

Puech et al. [34] [29] used thresholding based on maximum and median 
wash-in and wash-out slopes in each of the PZ and CG in order to give 
a suspicion score of the selected lesion. A sensitivity of 100% was 
obtained in both PZ and CG with a corresponding 45% and 40% 
specificity in the PZ and CG, respectively.   

A k-NN classifier was used by Firjani et al. [30] to distinguish between 
malignant and benign tumors. The boundaries of the tumor were then 
delineated using a level-set deformable model. A classification 
accuracy of 100% was obtained on 21-patients dataset.   

Similarly, Viswanath et al. [31] applied consensus k-means clustering 
repeatedly to the reduced manifold using different values of k. A co-
association matrix which represents the association between any two 
data points based on the number of times they appear in the same cluster 
throughout the iterations is then constructed. Multi-dimensional Scaling 
(MDS) is then performed on the co-association matrix, followed by a k-
means clustering which yielded the final stable clusters.  



Another classification method is adapted [31] as well, and compared to 
the first method. This is the 3 Time Points (3TP) method, where 
inflection points are determined in the intensity-time curves at each 
pixel. Mainly, these values are used to estimate the contrast agent wash-
in and wash-out rates. An improvement in the sensitivity from 38.2% to 
60.7% and the specificity from 69.1% to 83.2% when using consensus 
k-means clustering is reported. It is important to note that these results 
were obtained relative to a rigorous ground truth and that this study 
considered both PZ and CG.  

In contrast, Vos et al. [24] fused their three features mentioned above in 
a SVM to classify malignant and benign lesions in the PZ. The obtained 
sensitivity was 83% with a corresponding specificity of 58%. These 
results were obtained with reference to an approximated ground truth 
that resulted from a roughly registered histology. 

Likewise, SVM was mainly used by Sung et al. [17] to fuse all the 
thirteen previously extracted perfusion parameters. Besides, 
thresholding using the cut-off (optimum) point on the ROC curve was 
also applied to each individual perfusion parameter map besides T2WI. 
The individual perfusion parameter maps and T2WI were then 
compared using sensitivity and specificity measures. Expectedly, the 
SVM-based CAD system showed superior performance in the PZ with 
an accuracy, sensitivity and specificity of 89%, 89% and 89% 
respectively. Nevertheless, the accuracy, sensitivity, and specificity 
were 77%, 91% and 64% respectively in the CG. It is suggested that this 
difference in the performance is related to the low specificity of the 
perfusion parameters in the CG. 

3.4 Summary 

A summary of section 3 findings is provided in Table 3. 

 
Table 3: Highlights of section 3 

 Highlights 



Preprocessing  Three-steps pre-processing by 
[35]. Generalized scale algorithm 
and N3 algorithm [16]. 

 Segmentation by ASM [16].  
 Manual segmentation [15] [35].  

Feature selection and extraction   13 parameters are extracted in 
[17] 

 Three parameters are extracted in 

[24]. 
 Peak perfusion and wash-in slope 

is used in [30]. 
 In [31], the curve vector is reduced 

using LLE to obtain a feature vector.  
Classification  Sen=spec=77% for SVM [17].  

 Sen=83%; Spec=58% for SVM 
[24]. 

 Accuracy= 100% for kNN [30].  
 Sen=60%; Spec=83% for k-means 

clustering [31].  

 

4. MR spectroscopy (MRS) 

Complementing structural MRI, magnetic resonance spectroscopy 

(MRS) is a modality that provides a 3D spectral information describing 

the metabolic concentrations in a spatial grid [12] [36]. Usually, the 

spectral grid is superposed on a 2D slice T2W-MRI which forms the 3D 

modality [37] [38]. An example for a 3×6 spectroscopic grid projected 

of the T2W-MRI is shown in Figure 7.  



 

Figure 7: A sample MRS grid superimposed on a T2WI [38] 

Note the low resolution of the MRS grid as each voxel in this grid can 

cover a k×k voxels on the T2WI. Moreover, each voxel is characterized 

by a complex spectrum signal at which information about several 

metabolites can be extracted. Hence, each spectrum at each location is 

analyzed individually to determine the type of the corresponding tissue 

which is shown in the T2WMRI. More precisely, the area under each 

peak of the spectrum maps to the relative concentration of a certain 

metabolite [39] [12] [38]. Figure 8 shows MR spectra for a healthy and 

a malignant tissue in the prostate. Note the difference in the relative 

concentration, interpreted by the height of citrate and choline peaks, 

between healthy and cancerous tissues [37].   



 

Figure 8: (a) Healthy and (b) malignant spectrum. Note that each peak corresponds to a certain 

metabolite [37] 

Clinical studies suggest that the presence of malignant cells is 

associated with a lower concentration of citrate, and a higher 

concentration of choline [40]. In addition, the ratio (choline + 

creatine/citrate) has also been correlated to the presence of CaP [38].   

Compared to other modalities, MRSI shows higher potential to 

differentiate between healthy and CaP tissues [40]. A study conducted 

by Zi-jun [41] shows a significant positive correlation between the 

diagnostic accuracy of MRSI and the GS of CaP. which suggests the 

effectiveness of this modality in the evaluation of the aggressiveness of 

CaP [12].  

On the other hand, MRSI lacks (a) spatial resolution, (b) consistent 

interpatient metabolite concentrations [12], and (c) consistent 

metabolite concentrations in different zones of the prostate [39]. Also, 

one of the drawbacks that prevents this modality from being part of the 

clinical routine is its long acquisition time. However, high magnetic 

field strength is suggested to resolve this problem [12].  



4.1 Pre-processing 

Parfait et al. [40] proposed a full MRSI preprocessing framework that 
addresses the removal of unwanted artifacts present in phase, baseline, 
and intensity standardization.  

Phase correction is first applied using the Automated phase Correction 
based on Minimization of Entropy (ACME) algorithm proposed in [42]. 
This algorithm iterates to find two coefficients: (a) a zero-order phase 
coefficient and (b) a first-order phase coefficient, by minimizing an 
objective function.  

In addition, baseline correction is also applied in [40] to remove the 
artifact caused by the presence of macromolecules and lipids within the 
tissue of interest which causes additive wide peaks to the spectra. A 
Gaussian low-pass filter (LPF) was applied iteratively to the spectra to 
remove the assumed additive noise. Figure 9 shows the signal before 
and after baseline correction. Finally, normalization using the T2-

normalization technique is considered before classification. To correct 
the baseline artifact, Kelm et al. [43] used time-domain selective HSVD 

Figure 9: MRS signal before (left) and after (right) baseline correction using iterative low-

pass filtering [40]. 



filtering which aims at removing signal components outside the 
frequency range of interest [44]. These two methods are essentially 
similar in the sense that they both filter-out unwanted frequency 
components to correct the baseline signal.  

To determine the ‘informative’ MRS blocks that are relevant to the 
prostate, Tiwari et al. [38] used Graph Embedding, a non-linear 
dimensionality reduction scheme, to reduce the space dimensionality of 
the whole spectra, followed by a replicated k-means clustering. This 
clustering algorithm yielded two stable clusters: one corresponds to 
prostatic voxels and the other corresponds to non-prostatic voxels. The 
larger cluster is then eliminated as it is assumed to correspond to non-
prostatic voxels. The average sensitivity and specificity of this selection 
process were 97.66% and 98.87% respectively. 

Instead, Parfait et al. [40] and Matulewicz et al. [39] used manual 
selection of MRS blocks that lie inside the prostate.  

4.2 Feature extraction and selection 

Feature extraction of MRSI spectrum could be classified into two main 

categories [36] [38]: (a) quantification-based analysis and (b) pattern 

recognition-based analysis.  In the first category, studies have focused 

on peak detection and relative concentration calculation for the purpose 

of detecting irregular concentrations of metabolites which are 

biomarkers for CaP. However, recent studies [43] [12] show that the 

pattern recognition approach is more efficient and less sensitive to noise 

and artifacts. This approach relies on analyzing the whole spectra 

instead of performing traditional peak detection algorithms.  

In [43], Kelm et al. present a comparison between three quantification 

methods, and four pattern recognition approaches including: (a) 

Principle Component Analysis (PCA), (b) Independent Component 

Analysis (ICA), (c) Non-negative Matrix Factorization (NMF), and (d) 

Partial Least Squares (PLS). The authors claim no significant difference 



in the AUC of these four methods. However, they report a comparable 

performance of the studied pattern recognition approaches to that of 

quantitation based on semi-parametric quantum estimation (QUEST) 

approach proposed in [45] .  

Similarly, Parfait et al. [40] have shown that the final CAD performance 

is significantly improved when using the whole real spectra as an input 

for the classifier compared to the quantification-based techniques. 

4.3 Classification  

Matulewicz et al. [39] trained an Artificial Neural Networks (ANN), a 

nonlinear classifier, with one hidden layer that has the smallest possible 

number of neurons to avoid overtraining and poor generalization. Two 

models were tested, one that has the MRSI spectra as the input and 

another one that has the MRSI spectra plus the rough location of the 

voxel specified as one of four labels each corresponds to a pre-identified 

region in the prostate. Their results show that the second model provides 

an improvement in the sensitivity, specificity and AUC over the first 

model. Nevertheless, the maximum sensitivity achieved in this work is 

62.5% which is considered unsatisfactory compare to other MRSI-

based CAD systems. However, the main contribution of their study is 

that it shows an improvement in the sensitivity (from 50% to 62.5%) 

when considering zonal anatomy of each voxel as an extra input to the 

ANN classifier.  

While in [43], the classification methods were subdivided into linear 
and non-linear methods. Linear classification methods are: (a) Logistic 
Regression, (b) Generalized PLS, and (c) P-spline signal regression 
(PSR), while non-linear methods considered in this study are: (a) RF, 
(b) SVM, (c) Gaussian processes (GP).  



They conclude that non-linear classification methods outperform all 
other combinations of linear classification methods. Also, non-linear 
classifiers easily outperform quantification-based approaches. All 
conclusions were drawn based on the AUC measure, which yields the 
robustness of the particular approach. The final output of their CAD 
system is a tumor probability map shown in Figure 10. 

On the other hand, Parfait et al. [40] have compared three classification 
methods: (a) SVM, (b) Multilayer perceptron (MLP), a family of ANN, 
and (c) Bayes classification rule which is based on thresholding the 
relative concentration of choline/citrate. The best performance (error 
rate 4.51%, sensitivity 83.57%, and specificity 98.11%) was achieved 
using SVM with the input spectra being pre-processed for phase, 
baseline, and intensity scale correction.   

Besides, for the purpose of identifying cancerous spectra, Tiwari et al. 
[38] used four different feature extraction methods: (a) Graph 
embedding, (b) LLE, (c) PCA, and (d) z-score. They used replicated 
clustering (similar to the one described in section 4.1) to classify the 
MRS signals into three classes: (a) normal, (b) suspicious, and (c) 

Figure 10: Tumor probability color map obtained 

by the CAD system presented in [43] . Red, yellow 

and green correspond to tumor, undecided, and 

healthy tissues, respectively.  



indeterminate. A sensitivity of 81.36% with a corresponding specificity 
of 64.71% was obtained using LLE followed by replicated clustering.  

It can be concluded that non-linear methods are more suitable for 
spectral classification as the output of classification is linearly non-
separable.  

4.4 Summary  

A summary of section 4 findings is provided in Table 4.  

 
Table 4: Highlights of section 4 

 Highlights 

Preprocessing   Phase correction by ACME, 
baseline correction by LPF, 
normalization by T2-
normalization [40].  

 HSVD filtering is applied in [43].  
 Graph Embedding with k-means 

Clustering to select 
informative spectra [38].  

 
Feature selection and extraction  Pattern recognition approach is 

more reliable than traditional 
quantification-based approach 
[40], [43]. 

Classification  The inclusion of zonal anatomy 
with the MRS improves 
performance; sen=62.5% [39]. 

 Non-linear classifiers outperforms 
linear classifiers [43]. 

 SVM outperformed MLP and 
Bayes classification in [40]. 

 LLE followed by replicated 
clustering outperformed, graph 
Embedding, PCA and z-score 
classification in [38].  



5. Diffusion weighted MRI 

Simply, DW-MRI is an MR imaging modality at which the motion of 

water molecules is reflected in each voxel intensity value. In a certain 

location in the image, higher intensity values imply less water diffusion, 

while low intensity values indicate higher diffusion of water molecules. 

In fact, this property allows for a better distinction between healthy and 

CaP tissues.  

Table 5 summarizes the differences between these three tissues in the 

DW-MRI context [34] [12]. DWI can be acquired at different 

attenuation coefficients known as the b value. This value can be 

changed by changing the gradient pulse intensity and duration. Figure 

11 shows a sample DW-MRIs for the same patient but at different b 

values.  

 

Figure 11: Example of DW-MRI obtained at different b values. 

Although DW-MRI provides better distinction between soft tissues, CG 

tissues could sometimes be confused with CaP tissues as they both 

restrict the diffusion of water. Also, this modality lacks spatial 

resolution according to [12].   

On the other hand, ADC is a parameter that can be calculated using DW-

MRI acquired at two b values: (a) b0= 0 sec/mm2 which is essentially 

the T2W-MRI and (b) b1>b0, as follows: 



𝐴𝐷𝐶 =
ln (

𝑆(𝑏1)

𝑆0
)

𝑏1
    (2) 

where S(b1) and S0 are the measured signals at b1 and b0 respectively 

[12]. Note that this equation is obtained by rearranging equation (1).  

ADC maps could be generated at different b values using the above 

equation. High discriminatory performance between high, intermediate, 

and low GS using ADC maps was reported in the PZ [46]. 

An experiment conducted by Litjens et al. [47] shows that a CAD 

system that uses features from DWI alone performs as good as another 

one which uses features from the combination of T2W, DCE and DW 

MRI.    

Table 5: Prostate zonal anatomy in the DW-MRI modality. Note that the CG is not well 

distinguished from other tissues, which is the main drawback of DW-MRI. 

Tissue Physiological 

property 

Water 

molecules 

diffusion 

Visual 

appearance 

in 

DW_MRI 

Visual 

appearance 

in ADC 

maps 

PZ soft glandular 

and tubular tissue 

high  low SI high SI 

CG muscular and 

fibrous structure 

Constrained 

and 

heterogeneous  

- - 

CaP high cellular 

density due to the 

uncontrolled 

growth of cells 

very restricted high SI low SI  



 

In [48] and [18], the authors proposed a fully automated CAD system 

that segments the prostate using an NMF-based level set segmentation 

method which uses intensity, shape, and spatial features to accurately 

segment the prostate from the surrounding tissues. This segmentation 

method yielded a dice similarity coefficient (DSC) of 86.9%.  

The Cumulative Distribution Functions (CDFs) of the normalized ADC 

maps of the segmented prostate were then calculated and considered as 

the global features for differentiating between benign and malignant 

tissues. The CDFs for 53 patients were obtained for b= [100 200 300 

400 500 600 700], and were all fed to a stacked non-negativity 

constraint auto-encoder (SNCAE). Results show that the ADC-CDF at 

b=700 s/mm2 outperforms all other alternatives including the ADC-

CDFs at all b values together. Impressively, 100% accuracy, sensitivity 

and specificity were obtained on a leave-one-out cross validation of 53 

patients.    

Similar framework is presented by Reda et al. [49], but instead of using 

the ADC-CDFs at b= 700 s/mm2 as the only input for the SNCAE, the 

authors used all the seven b values in a majority voting framework. The 

overall accuracy obtained is 97.6% on a dataset of 42 patients.  

In the same context, Firjani et al. [50] used intensity, shape, and spatial 

interaction model to segment the prostate. Nevertheless, boundaries of 

the suspected tumors were first delineated using a level-set based 

deformable model. Later, a k-nearest neighbor classifier was used to 

determine the malignancy of the tumor. The mean intensity values of 

the DW-MRI at b=0 sec/mm2, b=800 sec/mm2 and the ADC mean 

intensity value were found to be the most discriminant features. 



5.1 Summary  

A summary of section 2 findings is provided in Table 4.  

 
Table 6: Highlights of section 4 

 Highlights 

Preprocessing  Segmentation using spatial, shape, 
and intensity interaction 
models was performed in 
[50], [48], and [18]. 

 
Feature selection and extraction  CDF of the ADC maps at b=700 

s/mm2 is used in [48] and [18]. 
 CDF of the ADC maps at b= [100 

200 300 400 500 600 700] s/mm2 are 
used in [49].  

 The mean intensity values of the 
DW-MRI at b=0 sec/mm2, b=800 
sec/mm2 and the ADC mean 
intensity value were found to be 
the most discriminant features 
[50].  

 
Classification  SNCAE [48] [18]. 

 SNCAE and majority voting [49]. 
 k-nearest neighbor classifier [50].  

 

6. Multimodality-based CAD systems 

The introduction of new types of MRI modalities, obtained using 

different acquisition methods, and containing different information 

encouraged a new trend of integrating these modalities together and 

benefiting from their potential complementarity for the purpose of 

enhancing the overall interpretation and decision [51].  



Indeed, several works have demonstrated the validity of the multi-

modality integration schemes in the context of prostate cancer 

diagnosis. 

Figure 12: Average ROC curves using the same CAD system for 1) T2 maps, 2) T2maps+ ADC, 

3) T2 maps + ADC + Kep (obtained from DCE-MRI) [52] 

It has been shown that combining multi-parametric MRI yields better 

performance in terms of the AUC. Artan et al. [52] have tested several 

combinations of MRI modalities using the same CAD system, the ROC 

curve for each combination is then plotted as shown in Figure 12. It is 

clear from the graph that the multi-modality MRI-based CAD systems 

achieve higher AUC compared to mono- or bi-modality systems. Other 

studies [53] [54] [55] [56] have also examined and compared the 

performance of CAD for CaP systems that use mono- and multi-

parametric MRI. They reported better performance of the later in terms 

of several evaluation measures.  

Similar to mono-modality CAD systems, the pipeline of the multimodal 

CAD systems starts with an optional preprocessing and segmentation 



step, followed by extracting features from the resultant MRI and 

reducing the feature space if necessary. These steps are usually 

performed on a per-modality basis, regardless of the number of MRI-

modalities that are considered in the CAD system as a whole.  

Within the multi-modality framework, the integration of data obtained 

from the multiple channels can be performed at different levels, namely: 

data level, feature level, and classifier level. 

Data level fusion is a machine learning approach at which the input is 

simply the raw data. In the case of multi-modality MRI systems, raw 

data may include: intensity values, signal enhancement curves, and MR 

spectra. So far no work has been reported in the MRI-based CAD for 

CaP systems regarding the data level integration. In fact, all the multi-

modal approaches adopted either feature-fusion or classifier-fusion. 

However, recently a new paradigm of data fusion of MRI modalities has 

been proposed within a deep learning approach presented in [57]. In this 

work, four different types of MRI inputs were generated, using different 

combinations of DWI, ADC maps, ktrans, and transverse T2WI as the 

RGB channels to form a color image in the RGB format.  This type of 

image is then fed into a deep learning architecture trained on input 

images of the same type. Impressively, the proposed system 

outperformed other 69 systems in the PROSTATEx challenge with an 

AUC, sensitivity, and specificity of 0.95, 0.89, and 0.89, respectively. 

6.1 Feature-level fusion  

In this fusion scheme, feature vectors are extracted from each modality 

and then simply aggregated by concatenation to form a unique feature 

matrix. However, in this scenario, feature selection could be performed 

either (a) before or (b) after aggregation.  

Feature level fusion seems to be the most popular in the area of CAD 

for CaP systems. Full CAD systems presented in [58] [59] [37] [21] [60] 



[61] have reported the use of engineered features obtained from multi-

modal MRI to detect prostate cancer. That is, features are extracted from 

each modality and concatenated in a unique feature vector, before being 

fused into a certain classifier.  

An example of the CAD systems that performed feature selection on 

per-modality basis is Tiwari et al. [58]. They presented a novel scheme 

for data integration from MR imaging and non-imaging (spectroscopy) 

channels. Initially, feature extraction took place on a per-modality basis. 

Then, the feature space dimension was reduced to a pre-defined number 

of features by PCA. This step was also essential for unifying the feature 

vector length for all channels. Finally, the feature vectors of both 

modalities were concatenated and Random Forest (RF) is used to 

classify the data and obtain the final decision. A maximum accuracy of 

0.83 and an AUC of 0.89 is obtained. 

On the other hand, Lemaitre et al. [12] showed that performing feature 

selection after feature aggregation yields better AUC compared to 

feature selection performed on per-modality basis prior to feature 

aggregation. In other words, feature selection performed on the final 

feature vector obtained from the multi-parametric MRI outperforms 

selecting features from the individual modalities.  

6.2 Classifier-level fusion  

Here a standalone classifier is trained by features obtained from each 

modality and hence the final decision is made by combining the 

individual decisions of each classifier. In our context, ensemble learning 

is the most commonly used classifier fusion method to combine the 

interpretation of the individual per-modality learners. Lemaitre [12] 

refers to classifier fusion scheme as stacking. He defines stacking as a 

learning method that comprises three stages: (a) training the per-

modality classifier, (b) validating the overall system by another set of 



data, and (c) testing the overall system. Figure 13 shows a schematic 

that explains the stacking principle [12].  

Figure 13: Stacking as a classifier fusion scheme. In the training stage, a RF classifier is trained 

individually for each modality (red line). Then, a validation set of MR images is provided at the 

input of each RF at which the probabilistic output is used to train a Meta classifier, either 

Gradient Boosting or AdaBoost (blue line) [12]. 

Two classifier fusion methods are commonly used in the design of CAD 

for CaP systems. These include: (a) score combination by logistic 

regression, and (b) stacking by AdaBoost or Gradient Boosting (GB) as 

a meta-classifier. 

In [47], Litjens et al. extracted voxel features from DWI, DCE and T2WI 

and fused them all together in an RF classifier to give a suspicion score 

between 0 and 1 for each voxel. Then lesion segmentation was 

performed based on these scores. Again, RF was used to determine 

whether the obtained lesions are benign or cancerous.  

The work of Litjens et al. [62] builds upon the CAD system developed 

in [47]. They used the combination by score scheme to combine the 

radiologist scores and the scores obtained from the CAD system 

presented by Logistic regression [47]. They have shown the potential 

improvement in the performance of the combined system over the 

scores obtained from the radiologists and their CAD system 

individually. 



Figure 14: ROC analysis of three CAD systems: (a) RF based CAD where selected features 

from each modality are combined on a unique feature matrix (blue), (b) Stacking based CAD 

where selected features from each modality are fed using the principle of stacking (green), and 

(c) RF-based CAD where all features from mp-MRI are combined and then feature selection is 

performed on the resulted feature matrix (red) [12].   

Other studies including [43] [58] [37] used the AdaBoost ensemble 

learning method. This method tries to find the best linear modal that 

combines multiple weak learners in order to obtain a final strong 

classifier [12].  

 

In this context, it is worth noting that Lemaitre [12] has investigated 

three different data combination schemes to determine the most feasible 

one. These include: (a) concatenating 331 features extracted from all the 

four modalities including anatomical features in a single classifier 

(which corresponds to feature-level fusion discussed above), (b) 

stacking using AdaBoost as a meta-classifier, and (c) stacking using GB 

as a meta-classifier. Results show the superiority of the feature-level 

aggregation scheme over the other two classifier fusion alternatives. 

Figure 14 shows the ROC analysis of three different approaches 

presented in [12]. The maximum obtained AUC is 0.836 which 

corresponds to the feature-level fusion.   



6.3 Summary 

A summary of the discussed fusion methods is shown in Figure 15. 

 

Figure 15: Summary of fusion methods 

7. Perspectives and avenues for future research  

Early detection of prostate cancer is the key for an accurate diagnosis 

and treatment of the disease. Common screening strategies such as PSA 

and TRUS-GB have shown limitations in different aspects including 

accuracy and invasiveness. Typically, these limitations result in late or 

inappropriate diagnosis and treatment. Lately, several MR imaging 

techniques have been introduced in the area of prostate cancer detection 

holding the potential promise of an accurate non-invasive detection and 

diagnosis.  

However, several problems and challenges are still present in the scene 

before the MRI screening becomes part of the daily clinical routine in 

the case of prostate cancer. One of these problems is the complexity of 
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the MR images especially in the case of 3D images which makes the 

task of the radiologist difficult, time consuming, and prone to human 

errors. Also, the interpretation of MRI is highly dependent on the 

radiologist experience which results in inter-reader variability. These 

challenges and problems have risen the need for an automated 

alternative that can guide and assist radiologists in their tasks and reduce 

the number of false positives caused by human errors. Consequently, 

image processing-based CAD systems are developed to tackle these 

issues.  

Different MRI modalities are investigated and processed through the 

designed systems. To date, there seems to be no consensus on the 

imaging modality that is best for prostate cancer detection. However, 

there is nearly a consensus on the fact that processing a combination of 

multi-modality MRI gives better results compared to processing a single 

modality. This might be obvious as additional modalities provide 

additional complementary information of the subject of study. 

Particularly, T2WI provides the most accurate anatomical information, 

DCE provides the functional information, MRSI provides metabolites 

concentration, and DWI provides the best soft tissue contrast by 

measuring the water molecules diffusion. Nevertheless, concerns about 

time and cost are still present for the case of multi-modality MRI based 

CAD systems.  

To the best of the authors’ knowledge, only the work of Trigui et al. 

[37] and Lemaitre [12] have combined all the four MRI modalities in a 

single framework. Other studies, however, have used different 

combinations of two or three modalities.   

Although the area of CAD for CaP has experienced an extensive 

research, it is difficult to aggregate these studies and draw significant 

conclusions regarding the best approach or the best performance. The 

absence of standardization in many aspects such as: 



(a) MRI acquisition protocol: different datasets are acquired at different 

setting and by different MR scanners. 

(b) Ground truth: some studies consider a rough ground truth that is 

dependent on the radiologist delineation of the prostate cancer, while 

others evaluate their results based on a more rigid ground truth that is 

obtained after a full prostatectomy (surgical removal of the prostate 

gland)  

(c) Registration: which refers to the alignment of the images. Different 

alignment methodologies were followed by the reviewed studies.  

 (d) Manual verses automated segmentation: the classification stage is 

highly dependent on the segmentation accuracy. Usually, automatic 

segmentation dos not yield a perfect delineation of the ROI compared 

to manual segmentation. Errors in the segmentation stage may 

significantly affect the overall performance and robustness of the 

system.   

(e) Consideration of the CG: most of the reviewed CAD systems have 

focused on detecting cancer in the PZ only. Other studies however, 

considered the whole prostate gland.  

It is worth mentioning that, MRI lacks contrast of prostatic cancer in the 

CG which reduces the sensitivity in this part of the image. This in terms 

is suggested to reduce the overall measured accuracy of CAD systems 

that considered CG in their studies.  

 (f) Inconsistency in the classes considered in the CAD systems, i.e. 

some studies takes into account the presence of two classes 

(healthy/cancer) while others assume a third class which is the 

(abnormal/undecided) class. This class is claimed to represent other 

benign tumors or diseases. 



 (f) The use of different measures in evaluating each CAD system:  

including AUC of the ROC curve, sensitivity, specificity and accuracy.  

(g)  The results of individual studies are incomparable specially that the 

data-set sizes vary significantly.   

To tackle the problems associated with the absence of a universal 

validation dataset, Lemaitre et al. [7] provided the research community 

with an open access dataset that includes images of the four modalities 

for each patient with the ground truth. We refer the reader to [7] for 

more details about this dataset.     

In the case of multimodality approach, several issues are to be further 

investigated by the research community. Those include data-level 

fusion and classifier-level fusion. Based on the brief investigations 

provided by Lemaitre [12] and Liu et al. [57], the former provides 

promising results that may outperform feature-level based CAD 

systems. Hopefully, deep learning networks will provide a better 

alternative for the engineered features to be used in a CAD framework.  
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