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Summary 
 

 

Multiparametric and Multidimensional: A Three-Dimensional and Multiparametric 
Approach to Ultrasound Imaging of Prostate Cancer 

 

The diagnosis of prostate cancer (PCa) is still an unsolved clinical challenge. Currently, PCa 
is the most frequently occurring type of non-skin cancer among European and American 
men. On top of that, the number of patients with PCa suspicion has dramatically increased 
after the introduction of prostate-specific antigen (PSA) testing in the 1980s. Due to the lack 
of reliable imaging, however, PCa diagnosis still relies on systematic needle biopsy—despite 
its associated complications and known risk of underdiagnosis and overtreatment. This is 
because PCa diagnosis is additionally complicated by the frequent occurrence of low-grade, 
indolent disease. In fact, at the age of 90 virtually all men have prostate cancer. In the United 
States, an estimated 1,300,000 systematic biopsies are performed annually, eventually 
leading to only 164,690 PCa diagnoses in 2018. 

Reliable imaging that enables biopsy targeting is therefore urgently needed. In recent 
years, multiparametric magnetic resonance imaging (MRI) was introduced. Although indi-
vidual MRI modalities proved insufficient for PCa detection, a diagnostic performance 
beyond individual MRI parameters was achieved by exploiting the combination of these mo-
dalities. However, whereas MRI has the advantage of being three-dimensional (3D), 
diagnostic ultrasound (US) is generally more practical, widely available, and cost-effective.  

In line with MRI and despite important advances with quantitative contrast enhancement 
and elastography, individual US parameters are still unsuitable for reliable PCa diagnosis. 
However, different from MRI, the feasibility of combining multiple US parameters has been 
scarcely investigated. The aim of this thesis is to introduce new 3D US parameters and 
combine them in a multiparametric machine-learning framework to improve the accuracy 
of PCa diagnosis. To this end, registration and segmentation tools are developed for 3D 
histology-ultrasound fusion, enabling accurate validation and data labelling. 

In the first part of this thesis – on validation and segmentation of prostate imaging – it is 
shown how a 3D histopathologic reconstruction algorithm and a co-designed registration 
framework allow for more accurate comparison of imaging and histopathologic ground 
truth. This is not only essential in the validation of PCa localisation, but also for machine 
learning, which relies heavily on accurate labelling of the data. Moreover, a new deep-learn-
ing method is described that produces automated segmentation of the prostate in US 
images. Again, machine learning for PCa classification is a direct application of this method 
as tumour likelihood and features might depend on the (zonal) location in the prostate.  

The second part of this thesis – on the expansion of contrast ultrasound to three dimen-
sions – elaborates on the analysis of 3D US imaging. Due to the low frame rate and spatial 
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resolution, 3D modalities are more sensitive to noise. To deal with this problem, blind source 
separation methods for effective clutter and noise suppression are discussed and em-
ployed. 3D quantification methods are then developed that exploit all dimensions for solving 
the convective-dispersion equation using either concentration gradients or measured 
boundary conditions. In addition, the obtained solution is further processed to produce a 3D 
tractographic representation of the contrast-agent convective-dispersion kinetics. 

Finally, in the third part of this thesis – on the multiparametric combination of ultrasound 
imaging – several machine-learning approaches are investigated and adjusted for the lo-
calisation of PCa both in 2D and 3D US. The results demonstrate that multiparametric 
analysis of contrast-enhanced ultrasound data alone is an effective strategy to improve on 
diagnostic performance. Beyond contrast-enhanced imaging, inclusion of conventional B-
mode ultrasound and elastography in a multiparametric framework was also validated and 
shown to be a feasible and promising way forward to improve the PCa diagnostic pathway. 

In conclusion, this thesis presents novel 3D quantitative convective-dispersion mapping, 
accurate registration tools, and dedicated machine learning, showing that a multiparametric 
and multidimensional strategy is feasible and establishes the basis for further studies of 
multiparametric US in the clinic, paving the way for more reliable and accurate PCa diagno-
sis. 
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Nederlandse Samenvatting 
 

 

Multiparametrisch en Multidimensioneel: Driedimensionale en Multiparametrische 
Echografie van Prostaatkanker 

 

Hoewel prostaatkanker de meest voorkomende vorm van kanker is bij Europese en 
Amerikaanse mannen, vormt een tijdige diagnose van deze ziekte nog steeds een grote 
klinische uitdaging. Sinds de invoering van de PSA-bloedtest in de jaren tachtig, is de 
hoeveelheid mannen met verdenking van prostaatkanker sterk gestegen. Helaas moe-
ten zij volgens de huidige richtlijnen vanwege de beperkte waarde van medische 
beeldvorming dan een systematische biopsie ondergaan. Bij deze procedure loopt men 
het risico op complicaties, het missen van een tumor of het over- of onderschatten van 
de kankergraad. Een niet-significante indolente vorm van prostaatkanker die in principe 
niet behandeld hoeft te worden, komt namelijk regelmatig voor; op een leeftijd van ne-
gentig jaar, heeft bij bijna iedere man een (vaak ongevaarlijke) vorm van prostaatkanker. 
In de Verenigde Staten ondergaan volgens schattingen jaarlijks 1,3 miljoen mannen een 
systematische biopsie, waarna slechts in zo’n 165 duizend gevallen prostaatkanker 
wordt vastgesteld. 

 Betrouwbare beeldvormende technologie die het nemen van gerichte biopsieën mo-
gelijk maakt is daarom hard nodig. De laatste tijd wordt er veel onderzoek gedaan naar 
multiparametrische MRI, een strategie waarbij de verschillende, op zichzelf ontoerei-
kende MRI-technieken worden gecombineerd om de diagnostische waarde als geheel 
te verhogen. Echter, hoewel MRI als voordeel heeft dat het driedimensionaal is, is echo-
grafie over het algemeen op veel meer plaatsen beschikbaar, betaalbaarder en 
praktischer in gebruik.  

 Net als voor MRI, geldt dat afzonderlijke echografische technieken op dit moment 
nog niet voldoende nauwkeurig zijn voor het opsporen van prostaatkanker, ook al zijn 
er in de laatste jaren grote sprongen gemaakt met de ontwikkeling van elastografie en 
gekwantificeerde contrastversterkte echo. Anders dan in MRI, is een multiparametri-
sche toepassing van echografie echter nog nauwelijks onderzocht. Het doel van deze 
dissertatie is dan ook om nieuwe, driedimensionale echografische parameters te ont-
wikkelen die effectief kunnen worden samengevoegd voor een betere echografische 
prostaatkankerdiagnose. Hierbij is expliciet ook de mogelijkheid van computerge-
stuurde diagnose onderzocht, gebruikmakend van zogenaamde “machine learning”. 
Bovendien zijn ook registratie- en segmentatiealgoritmes nodig die de echobeelden 
nauwkeurig aan de histopathologische referentie kunnen staven. 

 In het eerste deel van deze dissertatie – on validation and segmentation of prostate 
imaging, over de validatie en segmentatie van prostaatscans – wordt de nauwkeurig-
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heid aangetoond van een digitaal driedimensionaal model van de weggehaalde pros-
taat en de daarin gevonden tumoren. Een speciaal ontworpen registratiemethode kan 
met behulp van deze modellen precies aangeven waar op het echobeeld zich een tumor 
heeft bevonden. Dit is niet alleen cruciaal in het testen van de beeldvorming, maar ook 
voor het labelen van de data waarmee computergestuurde diagnose moet worden ge-
traind. Daarnaast wordt er in dit deel een “deep learning”-algoritme beschreven 
waarmee de computer de prostaat in echografische afbeeldingen automatisch kan her-
kennen en omlijnen. Ook dit is essentieel voor computergestuurde diagnose, omdat de 
kenmerken van een tumor vaak afhankelijk zijn van de (zone)locatie in de prostaat. 

 Het tweede deel van deze dissertatie – on the expansion of contrast ultrasound to three 
dimensions, over de driedimensionale toepassing van contrastversterkte echografie – 
beschrijft de driedimensionale analyse van contrastversterkte echografie. Omdat drie-
dimensionale beeldvorming een lagere beeldfrequentie en resolutie heeft, zijn deze 
analyses gevoeliger voor ruis. Daarom wordt een geavanceerde filtertechniek onder-
zocht die gebaseerd is op ‘blind source separation’ om ruis en andere ongewenste 
signalen uit de echobeelden te verwijderen. Dit maakt de weg vrij voor de ontwikkeling 
van methodes die het volledige, lokale convectie- en dispersiegedrag in drie dimensies 
analyseren. Dit gebeurt ofwel door concentratiegradiënten te schatten, ofwel door het 
fysische proces te beschouwen als een grenswaardeprobleem. Ook kunnen deze ana-
lyses worden gebruikt om de dominante driedimensionale stroomrichtingen in de 
prostaat in kaart te brengen. 

 Tot slot, in het derde deel – on the multiparametric combination of ultrasound imaging, 
over de multiparametrische combinatie van echografie – worden enkele computerge-
stuurde algoritmes gepresenteerd voor het opsporen van prostaatkanker in zowel 
tweedimensionale als driedimensionale echovideo’s. De combinatie van contrastmid-
del-gerelateerde parameters alleen laat al een verbetering in de diagnostische waarde 
van echografie zien; dit effect is nog groter wanneer ook traditionele grijswaardenecho 
en elastografie aan de multiparametrische analyse worden toegevoegd. Zowel de com-
putergestuurde als een conventionele toepassing van multiparametrische echografie 
lijken een veelbelovende route om de mankementen in het huidige diagnostische pro-
ces te overwinnen.  

 De in deze dissertatie beschreven resultaten met driedimensionale dispersieanalyse, 
nauwkeurige registratiealgoritmes en computergestuurde diagnose met machine lear-
ning, laten zien dat multidimensionale en multiparametrische prostaatechografie tech-
nisch haalbaar is. Hiermee vormt dit werk een goede basis voor toekomstige studies 
naar multiparametrische prostaatechografie in de kliniek. Een betrouwbaardere en 
nauwkeurigere prostaatkankerdiagnose komt hierdoor mogelijk dichterbij. 
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Chapter 1 

 

1.1. Motivation 

In early-stage cancer diagnosis, reliability and non-invasiveness are key. The introduction 
of e.g. X-ray imaging in the 1890s,1 ultrasound imaging in the 1940s,2 nuclear imaging in 
the 1950s,3 and magnetic resonance imaging in the 1970s4 contributed formidably to the 
progress in cancer diagnosis. Nowadays, blood testing, imaging, and subsequent biopsy 
form the standard diagnostic pathway for most cancers.5 Imaging is the crucial step in this 
strategy, allowing for minimally invasive diagnosis as well as efficient and effective biopsy 
targeting. Prostate cancer (PCa), unfortunately, still lacks a reliable imaging option.6,7 As this 
type of cancer ranks first in terms of incidence among men,8,9 PCa imaging represents a 
pressing clinical challenge. 

Today, when physical examination and blood testing give rise to suspicion of PCa, a pa-
tient is subjected to a non-targeted needle biopsy procedure.7 The so-called systematic 
biopsy involves 10- to 12-core sampling of the prostate.10 In addition to the frequent occur-
rence of complications, that in up to 6% of the cases even leads to hospitalisation,11 this 
procedure has two major limitations: (1) some significant cancers are missed due to the 
sparse sampling,12 and (2) the abundance of low-grade, insignificant cancer leads to over-
treatment of patients that might otherwise not have been harmed by the disease.13,14 

Accurate imaging technology plays a vital role in mitigating these limitations. First of all, 
it could potentially replace the systematic biopsy procedure with a targeted one—in which 
the needle is only directed towards a suspicious lesion on the image.6 This way, not only the 
number of missed lesions is reduced; since the needle will always be targeted at the high-
est-grade PCa hotspot, also grading becomes more accurate.15 Secondly, imaging would 
allow us to identify patients that do not need biopsy. Finally, reliable imaging enables the 
development of focal rather than radical therapies—allowing accurate patient selection, 
treatment planning, monitoring and active surveillance.16 

The complexity of PCa imaging is likely the result of prostatic adenocarcinoma being 
small, multifocal and heterogeneous in nature.17 Although predominantly low-grade PCa is 
missed, too many clinically significant tumours remain invisible on standard imaging.18 
Moreover, benign pathologies such as benign prostatic hyperplasia and prostatitis are 
known to mimic PCa appearance or to obscure the actual tumour in current imaging mo-
dalities.19,20  

In the last decade, multiparametric MRI (mpMRI) has gained more and more attention as 
a possible candidate for PCa imaging.21 To overcome the limited accuracy of individual MRI 
modalities, the multiparametric approach strives to combine their complementary infor-
mation into a single score. The most recent mpMRI protocol exploits T2-weighted, 
diffusion-weighted, and contrast-enhanced MRI, depending on the zone in which the lesion 
is spotted.22 Advantages of MRI are its three-dimensionality and robustness. Drawbacks, 
on the other hand, are its expensiveness, the lengthiness of its procedures, its risk of causing 
claustrophobia, its incompatibility with metals, and its impracticality for bedside and in-
traoperative use. As a result, MRI images with suspicious markings often first have to be 
registered to transrectal ultrasound (US) imaging to guide the needle biopsy, making MRI 
targeting prone to inaccuracies.23 Moreover, gadolinium-containing contrast agents can be 
dangerous in patients with allergy24 or renal dysfunction.25 
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 In the light of these limitations, also the development of US modalities for PCa imaging 
has been spurred. US modalities ranging from fundamental B-mode imaging26 to elas-
tography27 and (quantified) dynamic contrast-enhanced US (DCE-US)28 yield promising 
results with regard to PCa detection. Similar to MRI, however, at this time none of them is 
considered sufficiently robust and reliable to facilitate targeted biopsy. Even though US is 
commonly two-dimensional (2D) and more operator-dependent, it is practical, applicable at 
bedside, cost-effective, widely available, and safe in general. A multiparametric US-based 
approach is therefore a promising candidate to be investigated for PCa imaging. To date, 
however, only very preliminary studies have been conducted to compare and potentially 
combine US modalities in a multiparametric approach.29   

 

1.2. Objectives of this thesis 
Different US modalities visualise different physical and physiological phenomena: funda-
mental B-mode US shows tissue echo texture and echogenicity,26 US elastography images 
elasticity,27 and DCE-US reveals vascularity and perfusion.30 Complementary information 
among modalities can therefore be expected. The aim of this thesis is to examine the mul-
tiparametric combination of these modalities for the detection, classification and 
localisation of PCa. In addition, the prerequisites for effective or automated multiparametric 
combination are investigated—especially from the perspective of computer-aided diagno-
sis. 

Furthermore, US is commonly performed in 2D, limiting its clinical application. On the one 
hand, out-of-plane tumours might be missed when an insufficient number of 2D planes is 
examined. On the other hand, the need for multiple 2D acquisitions (especially when dy-
namic US loops are recorded) makes the procedure increasingly time-consuming. The 
second aim of this thesis is therefore to study the quantification of three-dimensional (3D) 
DCE-US recordings and explore their suitability for a multiparametric approach. 

To train a machine-learning algorithm and validate 3D US images, accurate co-registra-
tion of histopathology and imaging is required. Due to prostate deformations during 
resection31 and slicing,32 the retrieval of a reliable 3D ground truth that can be matched to 
the images is not trivial. The third objective in this thesis is therefore the development of 
algorithms allowing accurate registration and segmentation. 

 

1.3. Outline of this thesis 
The backbone of this thesis consists of three vertebrae—three parts that are essential to-
wards validation of a multidimensional and multiparametric approach for US diagnostic 
imaging of PCa, as depicted in Figure 1.1. First, we elaborate on the validation and segmen-
tation of US imaging in the prostate, then on the expansion of DCE-US to three dimensions, 
and finally on the multiparametric combination of US parameters. 

 

1.3.1. On the validation and segmentation of prostate imaging 
For obvious reasons, validation of PCa imaging requires a reliable ground truth. The impact 
of inaccuracy is even bigger for machine learning, as labelling affects both the training and 
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testing of the classifier. Both the location and grade of PCa are best assessed by examining 
the resected specimen after radical prostatectomy.33 Unfortunately, the 3D distribution of 
(small and multifocal) tumours is lost when sectioning the specimen for histopathological 
examination. In Chapter 3,J14 we evaluate a radial-basis-function approach to interpolate 
and three-dimensionally reconstruct the original shape of the ex-vivo tumour.  

Although the 3D reconstructed histopathology can be readily used for the validation of 3D 
imaging, registration to 2D image planes requires an additional step. Transrectal US image 
planes are not all positioned perpendicular to the urethra, differently from MRI, but their ori-
entation changes towards the apex or basis of the gland. Chapter 4J12 elaborates on the 
design of a registration framework for matching the ex-vivo 3D histopathology to the 2D in-
vivo planes.  

The framework proposed in Chapter 4 uses the prostate’s outer surface for the registra-
tion. However, the detection of the outer prostatic contour in US images is not straight-
forward and remains a meticulous job for the urologist. On top of that, prostate delineation 
is also of great interest for TRUS-MRI fusion, zone-based computer-aided diagnosis, and 
volume measurements. This clinical need spurred the development of an automated, deep-
learning-based segmentation method, which is outlined in Chapter 5.J8 The method is rig-
orously validated on a large dataset from different scanners and institutions. 

 

1.3.2. On the expansion of contrast-ultrasound to three dimensions 
The introduction of 3D transrectal DCE-US has opened up the opportunity for US to over-
come its former 2D limitation. However, since the entire volume has to be scanned for every 
frame in the loop, 3D DCE-US comes at the prize of a lower resolution and frame rate. As a 
consequence, quantification algorithms can exploit less samples for the estimation, making 
them more susceptible to noise and clutter. Blind source separation methods are more and 

 

 
Figure 1.1  Schematic overview of this dissertation’s contents. 
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 more used as tools for effective clutter and noise suppression. In Chapter 6,J6 the employ-
ment of blind source separation filtering in US is described and tested for several advanced 
applications, among which super-resolution US localisation microscopy and DCE-US mod-
elling. Especially the use of adaptive filtering strategies is examined. 

Beyond the visualisation of the entire prostate in a single recording, 3D DCE-US also al-
lows for the first time to solve the full 3D convective-dispersion equation without the need 
for strong assumptions on out-of-plane dynamics. The method introduced in Chapter 7J11 
exploits all three dimensions to estimate the local convective velocity and apparent disper-
sion coefficient. Validation is performed in a small group of radical-prostatectomy patients, 
matched to the reconstructed 3D histopathology as described in Chapter 3.  

To robustly solve the full 3D convective-dispersion equation, the method of Chapter 7 
requires a large spatial support. Therefore, it was investigated whether these convective-
dispersion features can also be iteratively obtained in a small kernel, making use of known 
boundary conditions and physical modelling. Chapter 8C15 shows a simple finite-difference 
formulation of the equation to produce estimates of convection and dispersion vectors that 
can subsequently be used to visualise macroscopic contrast-convective effects through 3D 
probabilistic tractography. 

 

1.3.3. On the multiparametric combination of ultrasound imaging 
To study the feasibility of a multiparametric ultrasound approach, Chapter 9J15 describes a 
2D multiparametric DCE-US implementation that combines both dispersion- and perfusion-
related parameters34–36 based on a Gaussian Mixture Model algorithm. Furthermore, this 
chapter reports on a confidence measure as output of the classifier, that allows for the iden-
tification of potential false-positive and false-negative pixel classifications.  

Moreover, the availability of 3D DCE-US enables the implementation of multiparametric 
DCE-US in three dimensions. In addition to the novel features introduced in Chapter 7, Chap-
ter 10J7 elaborates on the three-dimensionalisation of DCE-US features previously only 
available in 2D. In a systematic-biopsy-validated study, the correlation of these 3D param-
eters to the presence of PCa and benign diseases is examined. In addition, a Gaussian 
Mixture Model classifier is introduced to improve upon the performance of individual pa-
rameters. 

In contrast to multiparametric DCE-US, the combination of B-mode US, elastography, and 
DCE-US features requires distinct consecutive acquisitions. Chapter 11J5 describes the de-
velopment of a radiomic, multiparametric US approach in two dimensions, employing the 
registration framework introduced in Chapter 4 and the segmentation algorithm described 
in Chapter 5. A clinical validation of this dataset is provided in Chapter 12,J2 in which several 
clinicians were asked to score prostate quadrants for the presence of PCa based on indi-
vidual or a combination of US modalities. Nevertheless, the technical aspects regarding e.g. 
the acquisition settings, DCE-US quantification, and registration of ground truth were crucial 
in this first clinical validation of an mpUS protocol. 

 

1.3.4. Discussion and conclusion 
The developments and evidence collected in this work are summarised in Chapter 13. 
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Based on the discussion of these findings, the objectives of this thesis are addressed and 
conclusions drawn. This dissertation concludes with future perspectives and an outlook on 
prostate cancer care. 
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2.1. The prostate 

2.1.1. The healthy prostate 
The prostate is a relatively small gland, the size of an average peach pit, located in the lower 
abdomen of men.37 It is positioned between the bladder and the penis, and encircles the 
urethra. Being a part of the urogenitary and male reproductive system, its main role is the 
secretion of sperm-activating fluid. This is the main component of the ejaculate, together 
with the spermatozoa and the seminal fluid produced by the seminal vesicles at either side 
of the prostate base. Furthermore, the fibromuscular tissue of the prostate plays a key role 
in preventing retrograde ejaculation38 and the maintenance of urinary continence.39 On the 
dorsal side, the prostate borders the rectum allowing a convenient access for close-to-
gland imaging.  

In terms of anatomy, multiple prostatic zones are distinguished.40 The peripheral zone 
(PZ) is initially the largest zone, located posterior-laterally, surrounding the distal urethra; 
the central zone (CZ) surrounds the ejaculatory ducts as they converge into the urethra; and 
the transition zone (TZ) in the anterior part of the prostate surrounds the proximal section 
of the urethra.40,41 The glandular tissue of the PZ primarily consists of oval structures emp-
tying in long narrow ducts, whereas in the CZ the ducts are larger and more irregular in 
contour, embedded in a much more compact muscular stroma.42 See Figure 2.1 for an over-
view. 

 

2.1.2. Prostate cancer 
For many years now, prostate cancer (PCa) has been listed as the most prevalent form of 
non-cutaneous cancer among Western men. In the United States, an estimated 164,700 
new PCa cases were recorded in 20189—in Europe this number is 449,800.8 As such, PCa 
respectively makes up 19.2%9 and 21.8%8 of the new cancer cases. In other continents – 
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Figure 2.1 Overview of prostate position and anatomy. 
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Africa,43 Latin America,44 and Asia45 – PCa finds itself in a surge, probably due to higher life 
expectancy, an increasingly Westernised lifestyle, and the wider availability of diagnostic 
means.43–46  

Age is considered to be the highest-ranking risk factor for PCa47—as a matter of a fact, 
autopsy studies reveal that the probability of having PCa increases from 5% at the age of 
30, to 59% at the age of 79, to as high as 70-90% at about 90.48,49 In most of those cases, 
however, PCa does not cause any harm, the tumours being so-called latent or indolent.50,51 
Other risk factors are race and family history.47  

The frequent occurrence of indolent disease illustrates the difficulty with PCa. Despite 
being the most prevalent form of cancer, it is “only” Europe’s8 third-ranked and United 
States’9 second-ranked cause of cancer-related death. In most of the cases, a patient dies 
“with rather than from” PCa.47 Low-grade PCa, that is, malignancy scoring ‘3+3’ on the 
Gleason scale of aggressiveness,33,52 is even considered harmless with virtually no risk of 
metastasis and can often be managed by active surveillance (see Section 2.3.1).53–55 Nev-
ertheless, the most-suitable treatment of low-grade PCa is still a matter of debate among 
urologists,7 and the same hold for lesions that are smaller than 0.5 mL.56 This underlines 
the challenge in PCa diagnostics: the tumour is not only to be found, but also to be accu-
rately graded. 

 

2.1.3. Benign prostate disease 
An enlarged prostate or its associated symptoms are not necessarily a sign of PCa;57 benign 
prostatic hyperplasia (BPH) occurs in half the men in their 50s and almost all men above 
80.58 Whereas PCa predominantly occurs in the PZ, BPH is mostly TZ-based.47,59 Even 
though BPH is a benign disease, its symptoms (e.g., difficult or painful urination) can grow 
to such a burden that treatment by medication or surgery is considered.57 BPH can co-occur 
with PCa, thereby potentially masking the malignancy to diagnostic tools.60 

Prostatitis, either chronic or acute, is another potential cause of lower urinary tract symp-
toms, having a comparable prevalence as PCa.61 Bacterial forms can be treated with 
antibiotics; therapy for other forms is generally more challenging.62 Inflammation of the 
prostate can occur alongside PCa and complicate its diagnosis.63,64 In fact, the development 
of PCa seems to be linked to asymptomatic infections,61 but the precise mechanism is still 
under investigation.65,66 

 

2.2. Prostate cancer diagnosis 

2.2.1. Prostate cancer development 
Diagnosis relies on anatomical or functional characteristics of a tumour that makes it dis-
tinctly different from surrounding healthy tissue (i.e., biomarkers). In the early stages of 
tumour development, the proliferating cancer cells interact with host stromal cells and re-
ceive oxygen through diffusion from blood vessels in the vicinity.67,68 To grow beyond 
1-2 mm while ensuring itself of a sufficient amount of nutrients, the tumour promotes the 
process of angiogenesis – rapid and abnormal formation of new blood vessels – through 
the release of higher levels of angiogenic factors (e.g., vascular endothelial growth factor, 
VEGF).68 The architecture of this neovascular network is often dense,69 highly irregular and 
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tortuous,68 with shorter and more permeable capillaries,70 and thus a higher interstitial pres-
sure.71 Overproduction of prostate-specific antigen (PSA) for the ejaculate results in rising 
levels of PSA in the blood.72 Meanwhile, in response to the invasion of malignant cells, nor-
mal tissue stroma triggers the deposition of collagen to repair the damage.73 This, in 
combination with the increase in cell density, causes the water content to drop74 and the 
tissue to become stiffer.75,76 Tissue stiffness scales with tumour grade (i.e., Gleason score); 
benign prostate hyperplasia generally has a lower stiffness.77 Tumours of large size, those 
that invade the seminal vesicles or penetrate the capsule, are most likely to metastasise—
the final stage of PCa progression.78 Metastasis occurs in up to 17% of the PCa cases, pri-
marily to the bones.79 

 

2.2.2. Digital rectal examination  
The most well-known diagnostic tool for PCa detection in routine practice is digital rectal 
examination (DRE),7 the manual inspection of the prostate via the anus.80 Due to the in-
creased stiffness of PCa, lumps and irregularities are strong indicators of PCa. However, 
DRE suffers from high interoperator variability81 and in particular non-superficial tumours 
remain undetected.82 As a consequence, some clinicians even recommend omitting DRE in 
the PCa diagnostic pathway.83 

 

2.2.3. Prostate-specific antigen levels 
Whereas DRE suffers from a low sensitivity, the other routinely applied diagnostic tool suf-
fers from a low positive predictive value (PPV). Testing of serum PSA levels, though widely 
applied, has a PPV as low as 25-30% using the standard 4 ng/mL84 threshold value.85,86  This 
is the result of PSA also being elevated in BPH, prostatitis and after ejaculation.47 The rise 
of (insignificant) PCa incidence in the 1980s has often been attributed to the introduction of 
PSA testing.87 Moreover, even when lowering the threshold,88 PSA tests miss up to 15% of 
the cancers.84  

Mainly due to the low specificity, population screening is still not recommended,7 albeit 
being a matter of debate.89 Efforts to increase the PPV are currently made by inspecting the 
free-to-total PSA ratio,90 the PSA velocity,91 or the (CZ) volume-weighted PSA levels.92 

 

2.2.4. Systematic biopsy 
Due the lack of sufficiently reliable imaging,6 the guideline-recommended diagnostic strat-
egy remains centred around non-image-targeted systematic biopsy (SBx).7 This procedure 
is based on a 10- to 12 biopsy-core template.10,12 However, an increasing number of patients 
with complications leading to hospitalisation has been reported11 and malignancies are 
found in up to 30% of the negative-biopsy patients that underwent repeat biopsy.12 In pa-
tients with persisting PCa suspicion despite repeated negative ≥8-core biopsy, there is still 
a 40% chance of finding PCa using saturation biopsy (~25 cores).93 On the other hand, SBx 
initiating the unnecessary treatment of lesions that would normally not grow towards clini-
cal significance is a wide-spread problem.13,14 This overtreatment is mainly the result of 
clinicians being aware of the likelihood of missing the high-grade PCa hotspot by SBx with 
a heterogeneous low-grade outcome. 
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SBx is mostly performed transrectally, employing transrectal ultrasound (TRUS) imaging 
to guide the needle biopsies.94 Alternatively, transperineal SBx can be performed.95,96 
Whereas there is less risk of sepsis with transperineal rather than transrectal biopsy, it typ-
ically requires general anaesthesia and dedicated equipment, and higher rates of urinary 
retention are reported.97 With the growing resistance to antibiotics in the faecal carriage, 
SBx-induced infections might become an increasing threat in the future.98,99 

 

2.2.5. Magnetic resonance imaging 
Prompted by the disadvantages of SBx, research has focused intently on imaging modali-
ties bearing the potential to visualise (significant) PCa. Magnetic Resonance Imaging (MRI), 
and in particular the combination of its associated techniques, has received a lion’s share 
of the attention. Indeed, the potential of MRI – which exploits the response of, typically, 1H 
nuclei to radiofrequency excitation in a strong magnetic field100 – lies in its ability to reveal 
e.g. anatomic, functional, as well as metabolic information in three dimensions. Drawbacks 
are the expensive, lengthy, and metal-incompatible nature of MRI acquisitions101, the claus-
trophobia caused by the machine, and the impracticality of accurate needle-targeting of 
MRI-suspicious lesions.23 See Figure 2.2 for an overview of MRI modalities for PCa imaging. 

 

2.2.5.1. T1- and T2-weighted MRI 
Traditionally, the mapping of spin-lattice (i.e., longitudinal or T1) and spin-spin (i.e., trans-
verse or T2) relaxation times is used to visualise anatomy. As the proton relaxation times 
are primarily affected by the chemical compounds they belong to, these techniques are par-
ticularly useful to separate soft tissues based on their water and fat content.102 T1-weighted 
images suffer from low zonal anatomy discrimination and post-biopsy artefacts,103 limiting 
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Figure 2.2  Overview of magnetic resonance modalities in prostate cancer management; ADC: Appar-
ent Diffusion Coefficient, DTI: Diffusion Tensor Imaging: SVS: Single Voxel Spectroscopy, MSRI: 
Magnetic Resonance Spectroscopic Imaging, DCE-MRI: Dynamic Contrast-Enhanced MRI. 
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their use for PCa imaging. Instead, in T2-weighted images, PCa appears as a homogeneous, 
hypointense, and ill-delineated104,105 lesion due to its diminished water content.106 Diagnosis 
is nonetheless often complicated by benign PZ-abnormalities having a similar appearance 
and the healthy TZ being more heterogeneous in nature.107 For reference, sensitivities and 
specificities of 55%–68% and 71%–82% are reported for T2-weighted images.108 In addition, 
T2-weighted imaging is the most suitable MRI technique to spot extracapsular inva-
sion.22,109  

 

2.2.5.2. Diffusion-weighted MRI 
Diffusion-weighted images visualise tissue structures based on the diffusive behaviour of 
the water molecules within; when Brownian motion is hindered by interaction with fibres, 
membranes, or other structures – which is typically the case in the dense collagen-rich tu-
mour environment – bright lesions occur on b≈2,000-s/mm2 diffusion-weighted 
images.110,111 At the same time, the apparent diffusion coefficient (ADC) is lower112 and PCa 
lesions therefore appear as dark nodules on the ADC map.104 In terms of sensitivity and 
specificity, diffusion-weighted imaging achieves a performance of 67%–72% and 87%–
90%, respectively.113 

 

2.2.5.3. Magnetic resonance spectroscopy 
The go-to MRI technique for obtaining metabolic information – magnetic resonance spec-
troscopy (MRS) – assesses the peaks in the resonance frequency spectrum to identify 
specific metabolites. PCa lesions are known to exhibit higher quantities of choline whilst 
citrate levels are lower,114,115 caused by higher cell membrane turnover and density,116 which 
can be further related to cancer progression. Even though techniques are rapidly advanc-
ing,117 MRS imaging currently suffers from a relatively poor spatial resolution and its added 
value in primary PCa detection is not confirmed.118 

 

2.2.5.4. Dynamic contrast-enhanced MRI 
Functional imaging of the prostate is conducted through dynamic contrast-enhanced MRI 
(DCE-MRI), where the distribution of gadolinium-based contrast agents is monitored for a 
period of time after intravenous injection. The high density and increased permeability of 
angiogenic microvasculature results in PCa appearing as earlier, faster, and more intensely 
enhancing areas.119 It is also possible to quantitatively model the contrast-agent behav-
iour.120,121 Unfortunately, prostatitis-induced perfusion increase can result in false positives 
as well.22 In a meta-analysis, DCE-MRI was characterised by a sensitivity of 53%–62% and 
a specificity of 80%–85%.113 It should be noted that MRI contrast agents are associated with 
a risk of adverse reactions such as nephrogenic systemic fibrosis, especially in patients with 
a history of allergies, asthma, or renal insufficiency,122 as well as gadolinium deposition in 
brain and bone tissue.123 

 

2.2.5.5. Multiparametric MRI 
To improve on the limited reliability of individual MRI techniques, a standardised procedure 
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for multiparametric MRI (mpMRI) was introduced in 2012,124 the Prostate Imaging Report-
ing and Data System (PI-RADS) – a system in which the clinician grades a lesion on a 1-to-
5 scale from benign to malignant, with 3 being equivocal. Although a version-2 PI-RADS 
update (with a diminished role for DCE-MRI and omission of MRS)22,125 has not been 
demonstrated to consistently outperform version 1,126–128 this version has been subjected 
to several large clinical trials.129–131 A sensitivity and specificity of 93% and 41%, respectively, 
were reported for Gleason ≥4+3 PCa.129 A large portion of the false-negative findings in 
mpMRI are due to significant lesions that are invisible or incorrectly classified as benign;18 
false-positive findings are associated with BPH, prostatitis, and especially the combination 
of the two.19 Moreover, it is suggested that inaccuracies in the targeted biopsy procedure 
reduce the reliability of mpMRI biopsy.132 Therefore, the current medical consensus does 
not yet deem a negative mpMRI sufficient to obviate SBx,133,134 or mpMRI-targeted biopsy 
to replace SBx.21,135 The guidelines only recommend mpMRI targeting in patients with per-
sisting suspicion despite a previous negative SBx.7,136 Currently, especially a biparametric 
MRI approach (based on T2-weighted and diffusion-weighted MRI) is being investi-
gated.137,138 

 

2.2.6. Ultrasound imaging 
2.2.6.1. Greyscale transrectal ultrasound 
Transrectal ultrasound (TRUS) was introduced in 1968 by Watanabe et al.139 Currently, 
TRUS is mostly used for guiding SBx or to assist in the application of focal therapy (see 
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Figure 2.3  Overview of ultrasound modalities in prostate cancer management; C-TRUS: Computerised 
Transrectal Ultrasound, QSE: Quasi-Static Elastography, ARFI: Acoustic Radiation Force Imaging, SWE: 
Shear-Wave Elastography, CDU: Colour Doppler Ultrasonography, PDU: Power Doppler Ultrasonogra-
phy, DCE-US: Dynamic Contrast-Enhanced Ultrasound, CUDI: Contrast-Ultrasound Dispersion 
Imaging, USMI: Ultrasound Molecular Imaging. 
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Section 2.3.4).94 As the development of TRUS-guided biopsies in the 1980s coincided with 
the widespread introduction of PSA testing, their contribution to the advances in PCa diag-
noses and treatment is easily underestimated.16 TRUS-guided biopsy in suspicious 
hypoechoic lesions, for instance, is highly recommended.12 The fact remains, however, that 
a fraction of more than 30% of the prostate malignancies are isoechoic.94,140 Accordingly, 
the use of this modality for PCa diagnosis was reported to have PPVs from 53% to 91% in 
trade-off with negative predictive values (NPVs) ranging from 11% to 79%.29 An additional 
problem of greyscale TRUS is that BPH and prostatitis also appear as hypoechoic lesions, 
which drastically reduces the specificity and PPV of the diagnosis.94 TRUS and the associ-
ated US modalities are listed in Figure 2.3. 
 

2.2.6.2. Computer-aided ultrasound 
Several computer algorithms have been developed to increase the accuracy of TRUS by 
exploiting its spectral information. Encouraging results have been reported using quantita-
tive ultrasound techniques on conventional141 and micro-ultrasound scanners.142 The same 
holds for an artificial-neural-network approach called ANNA/C-TRUS.143 This technique has 
also been evaluated in a multicentre study, demonstrating detection of clinically relevant 
tumours with negative SBx,144 a long-term follow-up study showing the prognostic value of 
negative findings to be high,145 and a prospective study showing combination with MRI use-
ful,146 but the technique has not yet been widely adopted in the urologic community. Another 
technique, called HistoScanning™, achieved promising small-sample results,147,148 but ret-
rospective analyses revealed that HistoScanning™ did not have a sufficiently high reliability 
in tumour detection and did not recommend its use in routine clinical practice.149–152 

 

2.2.6.3. Doppler sonography 
Doppler sonography comprises a range of methods to visualise (blood) flow and perfusion 
in tissue from the returning echo data. Traditionally, colour Doppler ultrasonography (CDU) 
and power Doppler ultrasonography (PDU) are distinguished. In CDU, the flow toward and 
away from the transducer is shown in a colour-coded image. PDU depicts the power of the 
Doppler signal, which usually correlates with number of cells (scatterers) moving in the 
sample volume. Therefore, it is not sensitive to aliasing and less dependent on the meas-
urement angle than CDU.153 Although indeed vascularisation is a prime marker of PCa,68 
studies indicate that feasibility of Doppler imaging in PCa diagnosis is rather limited due to 
its inability to detect the small flows in microvasculature.153 The application of contrast-
enhanced Doppler imaging154 or the use of high-frequency Doppler to increase the sensitiv-
ity for smaller flows155 were not found to have added value for targeted biopsies. Moreover, 
none of these studies saw a demonstrable benefit from PDU over CDU.153–155 

 

2.2.6.4. Elastography 
Using US, it is also possible to assess strain (i.e., the deformation resulting from a certain 
stress, the force applied on the tissue) and tissue stiffness.156 We distinguish quasi-static 
methods, in which stress is manually delivered to the tissue, and dynamic methods, which 
employ an acoustic-radiation-force “push” pulse.77 Quasi-static elastography (QSE) is eas-
ier to implement, but it is more limited to superficial organs and elasticity estimates are 



23 

 

Ch
ap

te
r 2

 

relative. Since stress is applied by gentle, cyclic compressions of the clinician, this method 
has the drawback of being highly operator-dependent and exhibiting a considerable learning 
curve.77 Acoustic Radiation Force Imaging (ARFI) is an example of dynamic elastography, in 
which tissue displacement induced by the radiation force is assessed along the beam. The 
most used dynamic technique for the prostate, however, is shear-wave Elastography (SWE). 
Here, the transversally moving shear waves generated by the “push” are analysed—their 
speed being related to tissue elasticity in terms of the Young’s modulus.77  

Due to the high cell density and collagen deposition, PCa lesions are stiffer than healthy 
tissue. After promising clinical results of QSE in the first decade of this century,157 meta-
analysis on the performance of QSE revealed an appreciable specificity (60%–95%) and 
sensitivity (71%–82%).158 Analysis of its use in targeted biopsy,159 its value for real-time di-
agnosis,160 and its ability to locate the index lesion161 found similar specificities but a lower 
sensitivity, emphasising the lack of standardised protocols. Only preliminary data on ARFI 
in the prostate are available.162 As for SWE, the evaluation of this technique for the localisa-
tion of PCa is still in an early phase, but a recent meta-analysis indicates that it yields a 
sensitivity and sensitivity of 84% and 86%, respectively.163 In 2018, the first results of results 
of 3D SWE were published.164 

 
2.2.6.5. Contrast-enhanced ultrasound 
Contrast-enhanced ultrasound (CEUS) was first observed in 1968 during imaging of the 
aortic root.165 After an injection of saline, it was noted that the small air bubbles significantly 
enhanced the ultrasound signal. Nowadays, commercially available gas-filled microbubbles 
(i.e., of a size <8 μm) are extensively used as ultrasound contrast agents (UCAs).166 Due to 
the presence of a shell, these UCAs have a lifetime of several minutes, allowing contrast 
visualisation of organs after a peripheral intravenous injection. The first application of CEUS 
was in cardiology, but its usage is currently extended to image the liver, breast, kidney, and 
prostate.167 Throughout the years, side effects have rarely been reported. When they occur, 
they are usually transient: altered taste, pain at the side of injection, and generalised flush-
ing.166 The most severe adverse effects were allergic reactions to the administered 
substance.168 In general, therefore, UCAs are considered to be safe.166,169  

UCAs are particularly well imaged by harmonic imaging techniques and also contrast-
enhanced Doppler sonography can be performed.170 In dynamic CEUS, microbubble col-
lapse is prevented by using low-energy US pulses.171 On the other hand, microbubble 
bursting can also be exploited by the so-called destruction-replenishment imaging. Here, 
after bubble destruction with a high-energy ultrasound pulse, UCA refilling of the (mi-
cro)vessels is imaged to estimate perfusion.154,172  

Some promising studies have been published on the use of CEUS to detect PCa.29 Meta-
analyses on CEUS confirm its value in PCa diagnostics, with sensitivities of 70% and speci-
ficities of 74%,173 but stress the lack of standardisation and therefore inhomogeneous 
findings.149 Also, the fusion of recorded MRI studies and real-time CEUS for PCa targeted 
biopsy is technically feasible.174 First tests with targeted biopsy under MRI-CEUS fusion 
guidance have been conducted with promising results.175 Transrectal 3D CEUS (some au-
thors use 4D, to emphasise the additional temporal dimension) is technically possible.176 
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2.2.6.6. Contrast-ultrasound dispersion imaging 
In general, the described use of CEUS permits a subjective determination of perfusion fea-
tures by the investigators, and may therefore be subject to bias between centres and 
investigators. Better-defined and objective perfusion measures have been investigated. 
This quantification is often based on measured time-intensity curves (TICs); the evolution 
of backscattered UCA signal intensity over time.170 Vascular alterations due to angiogenic 
PCa are reported to cause more rapid and strong enhancement compared to benign regions 
in the prostate.177 This has been quantified by extracting features such as the bolus arrival 
time, maximum enhancement (time), and the wash-in rate from the TICs.178–180  

As abnormalities in angiogenic vasculature (e.g., tortuosity and permeability) have con-
tradictory and ambiguous effects on perfusion,181–183 also the local contrast-dispersion 
kinetics were proposed as possible biomarker for PCa.184 So-called contrast-ultrasound 
dispersion imaging (CUDI) is based on modelling of contrast bolus spreading through the 
prostate as a convective-dispersion process. This can either be done by model-fit analysis 
(i.e., fitting each voxel’s TIC by a modified local density random walk model) which allows 
the estimation of several physical parameters related to dispersion and perfusion,184 or by 
similarity analysis, comparing the shape of the TICs in a small ring-shaped kernel to quan-
tify the local degree of dispersion.36,185,186 In addition, the underlying convection and 
dispersion coefficients can be estimated by system identification among voxels,35 and also 
the analysis of the entropy of the velocity vector field as a measure macroscopic flow het-
erogeneity has been correlated to the presence of PCa.187 First investigations of similarity 
analysis in 3D CEUS recordings have demonstrated feasibility of 3D CUDI.176,188 

 

2.2.6.7. Ultrasound molecular imaging 
Even at the molecular scale, imaging of malignancy becomes possible with the develop-
ment of targeted contrast agents, i.e., microbubbles with targeting ligands added to their 
coating. These adhesion molecules bind to biomarkers of e.g. angiogenesis such as 
VEGF,189 and therefore allow for molecular imaging. In an in-vitro study, Willmann et al. 
found that VEGF-targeted microbubbles adhered significantly more in the malignant areas 
than a control sample of non-targeted microbubbles.190 Also, cancer cells were significantly 
more adhered to than non-cancer cells. Willman et al.,190 Lyshchik et al.,191 and Wei et al.,192 
all observed a statistically significantly higher contrast intensity for the targeted agents than 
for the control agents in mice implanted with angiosarcoma, mammary carcinoma, and re-
nal carcinoma, respectively. 

The amount of binding of these targeted agents is usually assessed using destruction-
replenishment techniques;190–192 since the contrast signal following the ultrasound burst is 
only associated to freely circulating contrast agents refilling the vessels, the difference be-
tween the signal before and after said pulse can be used as a measure for the molecular 
binding (i.e., targeted differential enhancement).193 Promising new techniques for quantita-
tive binding assessment are being developed by modelling the first-pass binding kinetics of 
these contrast agents.194 In 2010, the VEGF-targeted contrast agent BR55 (Bracco Diagnos-
tics, Milan, Italy) was introduced for use in humans.195 After investigation in the rat’s prostate 
and a successful phase 0 trial,196 the first clinical trial for the diagnosis of prostate cancer 
using these targeted contrast agents has recently been carried out.197,198 
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2.2.6.8. Multiparametric ultrasound 
Where mpMRI has been widely investigated, to date, only few studies looked at the combi-
nation of US modalities.29,199 Matsumoto et al. combined greyscale TRUS and CEUS and 
found an increased PCa detection rate of 80% compared to 62% and 40% for CEUS and 
greyscale TRUS alone.200 In another study, CEUS scanning of PCa regions that were ap-
pointed as suspicious based on real-time QSE led to a decrease in false positives, improving 
the positive predictive value from 65% to 90%.201 Promising results were also reported for a 
combination of real-time QSE and CEUS in targeted biopsy, showing a higher detection rate 
than the individual techniques or what can be expected from SBx.202 Similar results were 
reported for the combination between greyscale and CDU.203 Alternatively, the combination 
of greyscale TRUS, PDU and CEUS was also shown to increase the overall PCa detection 
performance when integrated in a 10-core biopsy protocol; enhancing the detection rate at 
cancer sites from 51%, 48%, and 73%, respectively, to 82%.204 Similarly, the combination of 
greyscale TRUS, CDU, and QSE for targeted biopsy was found to have superior detection 
rate compared to the single techniques, with systematic biopsy as reference.205 Multipara-
metric ultrasound has not been investigated yet in a standardised fashion, although, as of 
2018, there are trials underway combining B-Mode, Doppler sonography, elastography, and 
CEUS.J10,206 

 
2.2.7. Computed tomography and nuclear imaging 
Computed Tomography (CT) and nuclear medicine – the other two main biomedical 
imaging modalities – have long been considered unsuitable for PCa imaging. Intrapros-
tatic anatomy is poorly defined in CT207, functional imaging by e.g. fludeoxyglucose-18 
(18F-FDG) positron-emission tomography (PET) is limited by the low glycolytic rate of 
PCa,208 and the low spatial resolution hampers its suitability for localisation.209 Beyond 
early PCa imaging, however, (whole-body) PET imaging of radiotracers targeting Pros-
tate-Specific Membrane Antigen (PSMA) for recurrent and metastasised PCa are 
emerging.208,210 PSMA is overexpressed in PCa and in the angiogenic vasculature of 
other types of tumours,211 but also in some benign processes.210 Nevertheless, high 
sensitivities and specificities are reported for advanced disease212 and also options for 
treatment targeting PSMA are currently being investigated.213,214 

 
2.3. Management of prostate cancer 
2.3.1. Active surveillance and watchful waiting 
In the light of overtreatment of localised PCa with slow progress, which will (probably) not 
become harmful during the patient’s lifetime, especially in older men, clinicians increasingly 
favour a conservative treatment strategy rather than immediate intervention and its side-
effects215—either active surveillance or watchful waiting. Although multiple definitions are 
used,216 active surveillance often involves the continuous monitoring of disease progression 
with PSA tests, DRE, and possibly biopsy, whereas watchful waiting involves monitoring of 
the patient’s symptoms with primarily palliative intent.217 Active surveillance does not seem 
to increase the risk of adverse pathology compared to immediate intervention,218,219 alt-
hough it is most likely to be the least cost-effective option in younger men.220 An essential 
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part of these procedures is the counselling of the patient, who may experience anxiety due 
to his awareness of having cancer.221 

 
2.3.2. Radical prostatectomy 
First performed at the John Hopkins Hospital in 1905,222 radical prostatectomy (RP), the 
surgical removal of the prostate, remains the standard-of-care for intermediate- and high-
risk nonmetastatic PCa.7 In a follow-up study comparing RP with watchful waiting for local-
ised-PCa patients, intervention was proven to have a substantially lower mortality rate.223,224 
Histopathological examination of the RP specimen is paramount to prognosis and treat-
ment evaluation.225,226 Common side effects are incontinence (~20% of cases) and erectile 
dysfunction (~75% of cases).227 Over the years, laproscopic,228 nerve-sparing,229 and robot-
assisted227 techniques have been developed to reduce these side effects.   

 
2.3.3. Radiation therapy and hormone therapy 
The standard care in patients with locally advancing PCa is radiation therapy,7 either by ex-
ternal beam radiation therapy (ERBT) or (internal) brachytherapy. In EBRT, X-rays are 
generated outside the patient (usually by a linear accelerator) and are targeted at the tumour 
site.230,231 EBRT is often performed in several sessions over the course of weeks. Brachy-
therapy involves the placement of a radioactive seed either temporarily or permanently in 
the prostate to deliver the radiation dose.232,233 Radiation therapy can also be applied focally, 
that is, to a part of the prostate (see Section 2.3.4.4).16 Hormone therapy (i.e., androgen dep-
rivation therapy) is recommended in case of metastasis or relapse.234  

 
Figure 2.4  Overview of focal therapies in development for localised PCa treatment; HIFU: High-Inten-
sity Ultrasound, PDT: Photodynamic Therapy, ILT: Interstitial Laser Thermotherapy, IRE: Irreversible 
Electroporation. 
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2.3.4. Focal treatment 
Though mostly in the experimental phase, a recent trend is the focal treatment of PCa with 
the purpose of sparing the healthy part of the gland and reducing side-effects.235,236 The 
development of focal therapy is however primarily hampered by the lack of reliable imaging 
for targeting the treatment. The latest guidelines on focal therapy still define transperineal 
template mapping biopsies as the gold standard for patient characterisation,237  a procedure 
that involves the extraction of about 80 cores.235 At the same time, imaging is crucial for 
treatment monitoring—especially because focal treatment is always combined with active 
surveillance of the (untreated parts of the) prostate afterwards.16,235 Moreover, the identifi-
cation of patients who should be referred for focal therapy remains difficult.235 Apart from 
the classic PCa risk stratification criteria (e.g., Gleason score, cancer volume and PSA level) 
and the general health of the patient (e.g., life expectancy, and comorbidity), the cancer to-
pography is of major importance to decide whether a patient qualifies for focal treatment.16 
There are several focal treatment strategies under development, also listed in Figure 2.4.238 

 

2.3.4.1. High-intensity focused ultrasound 
High-intensity focused ultrasound (HIFU) uses tightly focused ultrasound waves of high in-
tensity (i.e., >5 W/cm2) to selectively ablate cancerous tissue due to coagulation necrosis 
and cell disruption.239 Currently, three transrectal HIFU devices are commercially available: 
Ablatherm® and FocalOne® (EDAP TMS, Lyon, France) as well as Sonablate® (SonaCare 
Medical, Charlotte, NC, USA). These devices contain treatment and imaging transducers 
within one probe, which enables real-time TRUS monitoring (sometimes in combination 
with pre-acquired MR data fusion).16,239 Moreover, there have been tests assessing the real-
time treatment effect of HIFU by looking at the change in US backscattered signals240 or the 
contrast-enhanced Doppler signals.241 Also thermal monitoring using US is being investi-
gated.242 The performance of QSE was found inferior to MRI in the visualisation of the 
treatment effect immediately after HIFU treatment,243 but the potential of SWE is still under 
investigation.16 Assessment of HIFU performance of localised PCa with a low morbidity 
showed low PCa-specific mortality rate and high metastasis-free survival rate.239 Moreover, 
technological improvements of the device resulted in decreasing rates of incontinence. 
HIFU can be repeated and also used as a residual therapy after radiation.  

 

2.3.4.2. Cryotherapy 
Cryotherapy involves the destruction of tissue via freezing, which requires a temperature 
lower than –40 °C. This is achieved with a cryogen, that is, a gaseous or liquid freezing 
agent, which is transperineally delivered with cryoneedles.239 The first application of cryo-
therapy for PCa was reported in 1964, however, first-generation devices were associated 
with high patient morbidity.16 Current-generation cryosurgery involves ultrasound guidance 
during treatment, urethral warmers, as well as active thawing of tissue subsequently to its 
freezing, which results in more precise treatment and reduction of secondary tissue dam-
age.239 Together with HIFU, cryotherapy is the most investigated focal therapy.238 It is also 
used as salvage treatment in prostate cancer recurrence after radiotherapy.244 Multiple 
studies on cryoablation report on the use of colour Doppler imaging to select areas with 
abnormal flow for biopsy prior to and after treatment.235  
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2.3.4.3. Photodynamic therapy 
Photodynamic therapy (PDT) uses a drug (photosensitizer) that can be activated by light of 
a specific wavelength. When the drug is activated, it forms reactive species with oxygen that 
damage the cells in the irradiated volume either directly (tissue photosensitizer) or through 
vascular stasis (vascular photosensitizer).16 Tissue photosensitizers take time to accumu-
late in the tissue. Some of them concentrate preferentially in the tumour region.239 The 
tissue photosensitizer and light are administered in two separate sessions with several days 
in between; vascular photosensitizers are activated while they are in the vasculature and 
should be administered in the same session as the light. Examples of photosensitizers are 
Cremophor®, which was used earlier, and a more recent development, TOOKAD® Soluble. 
Generally, low-power laser light is directed to the treatment site through fibres using the 
transperineal approach. An important limitation of PDT is that some PCa cell lines (PC3, 
DU145) that survive a light insult, proliferate, migrate, and invade faster than before, empha-
sising that non-optimal PDT can cause tumour recurrence.245  

 
2.3.4.4. Focal brachytherapy 
Focal brachytherapy involves the implantation of a radioactive material either temporarily 
or permanently in (close proximity of) the tumour. The placement of implants is performed 
transperineally, conventionally under ultrasound guidance. Temporary implants usually      
involve the placement of a catheter or slide, which is then filled with radioactive material. 
These types of implants are used for fractioned therapy, when the dose is administered in 
several fractions. Permanent implants are usually shaped as needles or seeds and are in-
stalled permanently in the prostate.16 There are two types of brachytherapy according to the 
intensity of irradiation: low-dose (iodine-125, palladium-103), or high-dose (iridium-192, co-
balt-60). The latter technique is considered more promising: a number of studies provide 
evidence for the efficacy of dose escalation in prostate cancer, and results from randomised 
trials show that control of disease improves with increasing radiation dose.246 Sometimes 
EBRT is combined with brachytherapy: a randomised trial showed that the relapse-free sur-
vival was significantly higher for the patient group that was exposed to EBRT and high dose 
brachytherapy compared to the group exposed to EBRT alone.247 

 
2.3.4.5. Interstitial laser thermotherapy  
During focal interstitial laser thermotherapy (ILT), radiant energy is delivered to the target 
tissue via transperineally inserted MRI-compatible quartz fibres. This energy is absorbed by 
tissue, causing coagulative necrosis through heating. Irreversible protein damage occurs 
quasi-instantaneously at around 60 °C, whereas temperatures between 42 °C and 60 °C 
require a longer heating period for tissue destruction.16 Real-time CEUS monitoring can be 
applied before, during, and after ILT, depicting treatment effect in good correspondence with 
MRI scans.248  

 

2.3.4.6. Irreversible electroporation therapy 
During electroporation, electric pulses are used to create nanopores in the cell membrane. 
Depending on the electric field magnitude, pulse duration, and number of pulses, the in-
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duced electroporation may become irreversible and the cells die due to their inability to 
maintain homeostasis.16 Irreversible electroporation (IRE) therapy makes use of transper-
ineally inserted electrodes around the tumour to induce this cell death (apoptosis) 
mechanism. Angiodynamics Nanoknife® System (Angiodynamics, Latham, NY) is the first 
available technological platform performing IRE. Treatment planning is based on US and 
MR, electrode placement is generally conducted under TRUS guidance, and follow-up is 
performed with mpMRI and CEUS.249 Initial results are promising in terms of preservation 
of potency and continence due to high sparing capabilities of this technique.250 

 
2.4. Multiparametric imaging 
2.4.1. Multiparametric and multimodal imaging  
Although PCa is perhaps its most well-known application, single-modality standardised 
multiparametric (MRI) imaging has been applied to improve assessment of other forms of 
cancer.251 Multimodal combination might even be more customary in oncology—with 
SPECT-CT and PET-CT techniques being the most established examples, combining ana-
tomical and functional imaging.252–254 However, there is a wide variety of techniques to 
combine medical images—from subjective reviewing of the modalities simply shown along-
side each other to dedicated systems to score suspicious lesions, and from images being 
combined by plainly overlaying them to machine-learning algorithms generating multipar-
ametric images. 

Throughout this work, the term ‘multiparametric’ refers to the combination of multiple 
features that can be extracted from imaging. The standard echogenicity values in funda-
mental B-mode US can be considered a feature, just as the parameters resulting from 
texture analysis255 or those calculated by quantification software.256 Multiparametric com-
bination by using a scoring system (such as PI-RADS, or more generally, a Likert scale)257,258 
can only be applied with a relatively low number of features. On the other hand, some learn-
ing algorithms for classification are known to handle and exploit more than millions of 
features.  

Such learning algorithms are primarily considered for computer-aided diagnostics 
(CAD)259—a special case of multiparametric combination that refers to dedicated software 
designed to help the clinician with the interpretation of imaging. Especially when many par-
ametric images have to be reviewed or when classification is dependent on very subtle 
combinations between parameters, these computer algorithms are very valuable.  

 
2.4.2. Computer-aided diagnosis by machine learning 
Machine learning is a field of artificial intelligence covering computer algorithms that can be 
trained to execute a certain task, for example classification. Supervised machine learning 
for classification requires a set of training samples (i.e., instances) that are characterised by 
the input variables (i.e., features) and belong to several output classes (i.e., labels). In the 
training phase, the classifier is trained to predict the output label of each instance based on 
the input features. After being trained, the classifier can be used to classify new data. 

The most common problem in machine learning is that the classifier represents the input 
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data so well that it does not generalise to new samples (i.e., overfitting). Therefore, a clas-
sifier has to be validated on a test set of unseen samples. The most common ways to 
implement this paradigm are “hold-out” (i.e., separating a subset of samples that is only 
used to test the final classifier), “k-fold cross-validation” (i.e., separating the training set in 
k subsets that are consecutively used to validate a classifier trained on the other subsets), 
and “leave-one-out cross-validation” (i.e., a special case of k-fold cross-validation where k 
equals the number of independent samples in the training set).260,261 Moreover, classifiers 
depend on hyperparameters that define, for example, their structure or the features to be 
used. These parameters can be globally defined, or optimised in the training process. It is 
important to be aware of the impact of hyperparameters on the generalisability of the clas-
sifier.  

Over the years, many machine-learning algorithms have been developed for classification 
purposes—a selection of which is tabulated in Figure 2.5 and discussed in the remaining 
part of this section. 

 

2.4.2.1. k-Nearest neighbour classifier 
Perhaps one of the simplest classification methods is based on the resemblance of a sam-
ple to those already seen by the classifier. A k-nearest neighbour (k-NN) algorithm assigns 
a class based on the k training instances that most closely match the input variables, based 
on a certain distance metric.262 Although training of a k-NN is very fast, the storage of all 
training samples make k-NN demanding in terms of memory, and the lack of modelling can 
affect generalisability. 

 
Figure 2.5  Selection of machine-learning methods for classification; k-NN: k-Nearest Neighbour, 
GMM: Gaussian Mixture Modelling, SVM: Support Vector Machine,  RFC: Random Forest Classifier, 
ANN: Artificial Neural Network. 
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2.4.2.2. Gaussian mixture model classifier 
Gaussian mixture modelling (GMM) is a generative approach to machine learning, in which 
the distribution of the input variables of a certain class in the training set is approximated 
by an explicit mixture of Gaussian functions.263,264 This allows us to calculate the probability 
of each combination of input variables to be drawn from either of the classes, and classify 
that instance accordingly. An advantage of GMMs is that they generalise well due to their 
generative and approximate nature; on the other hand, GMMs tend to be computationally 
complex, non-Gaussian parameter distributions have to be approximated with large mix-
tures, and rigorous feature selection is required  

 
2.4.2.3. Support vector machine classifier 
Support Vector Machines (SVMs) aim to separate classes in multidimensional space (i.e., 
each input variable represents a dimension) by computing a hyperplane that maximises the 
margin between the training instances of each class that are closest to that of the other 
class, the support vectors.265 When the data are not strictly separable, training instances at 
the wrong side of the hyperplane are penalised in the maximisation procedure. SVMs with 
linear as well as (radial-basis-function-based) nonlinear hypersurfaces, exploiting the (lo-
cal) transformation of the feature space by a kernel, have been developed.266 The final 
classification is made by calculating an instance’s position with regard to the hypersurface. 
An SVM is discriminative in nature and does not assume a specific distribution or model a 
priori; therefore, a sufficient amount of data is needed for the trained classifier to generalise 
well. 

 

2.4.2.4. Random forest classifier 
Classification and regression trees (CARTs) are intuitive tools for decision making, classify-
ing instances by a series of consecutive logical decisions based the input variables.267 The 
CART structure comprises a collection of nodes and branches (i.e., hence the name “tree”) 
ending in final nodes (or “leaves”) that represent a specific prediction label or score. CARTs 
are trained by evaluating each input variable for the most efficient separation of the data 
classes based on a splitting criterion such as Gini’s diversity index or the cross entropy.268 

A single CART is quite inflexible and tends to overfit the training data as it grows more 
complex, and is considered a weak learner. To avoid this, Breiman coined a so-called ran-
dom forest classifier (RFC), which consists of an ensemble of CARTs which are trained on 
a random subset of the training data (i.e., bootstrap aggregating, or bagging269) and fea-
tures.270 The final classification is generated by a combination of all trees in the RFC, for 
instance by majority vote. Although RFCs feature a lot of hyperparameters that can be op-
timised (i.e., tree depth, number of trees, method of randomness, etc.), they are generally 
quite efficient and robust due the randomness introduced during training.268 

 

2.4.2.5. Artificial neural networks and deep learning 
Artificial neural networks (ANNs) are universal function approximators271,272 and can be both 
discriminative and generative in nature.273 Deep neural networks (such as feedforward and 
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recurrent neural networks) belong to the family of deep-learning techniques, currently prob-
ably the most powerful but complex approaches to machine learning.274 Deep learning is 
characterised by an architecture of nonlinearly connected functions (i.e., layers) that learn 
multiple levels of representations of the input data, thereby extracting possibly millions of 
features. In medicine, deep-learning is especially well suited for segmentation, detection, 
and classification.275 Although medical application of deep learning is traditionally limited 
for its need for vast amounts of (labelled) training data,276 this constraint is increasingly 
lifted by techniques such as transfer learning,277 data augmentation,278 or the application of 
adversarial learning.279 

 

2.5. Conclusion 

The management of PCa from diagnosis to treatment and from screening to follow-up is 
still a rapidly changing field of medicine. Despite its high prevalence, PCa remains a complex 
pathology to diagnose—on the one hand because of the frequent occurrence of indolent 
disease, on the other hand because of its complex and variegated nature limiting the accu-
racy of current imaging. Current research in PCa care is predominantly focussed on the 
development of reliable imaging as well as less aggressive, focal treatment techniques. 
Computer-aided diagnostic tools for PCa are still in their infancy, but might benefit consid-
erably from recent advances in multiparametric and multimodal imaging.  
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3. Three-Dimensional Modelling of Radical-Prostatectomy Histopathol-
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Abstract. To validate new imaging modalities for prostate cancer, images 
must be three-dimensionally correlated with the histopathological ground 
truth. In this work, an interpolation algorithm is described to construct a reli-
able three-dimensional reference from two-dimensional histopathological 
slices. Eight clinically relevant in-silico phantoms were designed to represent 
difficult-to-reconstruct tumour structures. These phantoms were subjected 
to different slicing procedures. Additionally, controlled errors were added to 
investigate the impact of varying slicing distance, front-face orientation, and 
interslice misalignment on the reconstruction performance. Using a radial-
basis-function-based interpolation algorithm, the two-dimensional data 
were reconstructed in three dimensions. Our results demonstrate that slice 
thicknesses up to 4 mm can be used to reliably reconstruct tumours of clin-
ically significant size; the surfaces lay within a 1.5-mm 90%-error margin 
from each other and the volume difference between the original and recon-
structed tumour structures does not exceed 10%. With these settings, Dice 
coefficients above 0.85 are obtained. The presented interpolation algorithm 
is able to reconstruct clinically significant tumour structures from two-di-
mensional histopathology slices. Errors occurring are in the order of 
magnitude of common registration artefacts. The method’s applicability to 
real histopathological data is also shown in two resected prostates. An in-
terslice spacing of 4 mm or less is recommended during histopathology; the 
use of a 1.5-mm error margin along the tumour contours can then ensure 
reliable mapping of the ground truth.  

 

Keywords. Histopathology ▪ Prostate Cancer ▪ Radical Prostatectomy ▪ Tu-
mour Interpolation ▪ Validation 
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3.1. Introduction 
Imaging of prostate cancer (PCa) is still a challenge. The latest figures show that PCa 
is the malignancy with the highest incidence and second-highest number of deaths 
among Western men.280,281 Needle biopsy is currently the only method to confirm PCa, 
but this technique is associated with complications11 and underdiagnosis due to (ag-
gressive) foci being missed.12 However, a large fraction of prostatic malignancies are 
expected to remain clinically insignificant during the patient’s lifetime.14 Hence, there is 
a substantial clinical demand to develop imaging strategies that are sufficiently accu-
rate to target or even avoid biopsy, and to apply tissue-preserving focal therapy.  

In recent years, several magnetic resonance (MR) and ultrasound (US) modalities 
have been investigated for targeted biopsy, among which multiparametric MR imaging 
and contrast-enhanced US.6 In focal therapy, imaging is not only important for localis-
ing the malignancy, but also in risk stratification and to identify insignificant lesions that 
do not require treatment.282 The most recent guidelines on focal therapy and trial design 
indicate that imaging is of vital importance for treatment planning.236,237 Moreover, min-
imally invasive monitoring methods are required for follow-up after treatment. 
However, to validate these techniques, it is crucial to accurately correlate the images 
with ground truth information from histopathology. 

Histopathology involves the examination of prostate tissue after biopsy or the re-
moval of the gland (i.e., radical prostatectomy, RP). During the histopathologic 
procedure after RP, the specimen is usually fixated by immersion in formalin, deprived 
of the seminal vesicles, and sliced.283 After the microscopic examination and marking 
of malignant areas by the pathologist, the slices are digitised. These slices serve as 
gold standard for distinction between malignant and benign tissue, and allow the 
pathologist to determine the definitive tumour grade, size, and type.283 Usually also the 
tumour volume is assessed, but due to the lack of a simple measurement method it is 
generally expressed as a percentage of the entire prostate volume.284,285 

Since images and histopathology slices are in general not aligned, correlating the two 
is a complicated task. Moreover, whereas MR images are spaced in a parallel fashion, 
transrectal US imaging planes may differ in orientation, especially towards basis and 
apex.286,287 The registration process (i.e., the mapping of each location in the RP speci-
men to the image) is therefore a three-dimensional (3D) problem. 

Registration is also important because of the prostate deformations that occur after 
resection. Comparing in-vivo with ex-vivo MR acquisitions, Orzcyk et al. found that 
prostates shrink on average by 19.5%.31 This is most likely caused by the loss of vas-
cular pressure and the absence of in-body connective tissue. The shrinkage is not 
homogeneously distributed; in particular, the ratio between the anterior-posterior and 
left-right dimensions decreases after RP. Deformations may also occur as a conse-
quence of the handling of the specimen during fixation and slicing.288 Furthermore, the 
shape of the in-vivo prostate during imaging might be altered by the pressure applied 
to the prostate because of the use of an endorectal coil in MR imaging289 or a transrec-
tal probe in US.287 
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Many 3D registration methods have been developed for a reliable matching between 
image data and histopathology. This usually involves the use of landmarks that are 
manually chosen,290 automatically identified,291 or added after resection.292,293 Some-
times ex-vivo MR292–296 or elastographic MR images297 are obtained to facilitate the 
registration to in-vivo MR. Alternatively, registration approaches make use of 3D-prin-
ted moulds based on 3D imaging298,299 or the surface contours of both histopathology 
and imaging.287

 Reported registration errors are generally in the order of millimetres. 

The accuracy of the validation, however, does not only depend on the ability of the 
registration algorithm to accurately restore the in-vivo prostate shape. In the first place, 
it relies on the ability to reliably reconstruct and digitise the histopathologically exam-
ined RP specimen. Almost all registration techniques require a 3D model of the 
histopathology slices.287,290,294,295,299 For the model reconstruction, the tumour contours 
have to be interpolated to form 3D structures. In other words, based on the two-dimen-
sional (2D) slices, the entire tumour shape has to be estimated. In all of these steps – 
slicing, alignment, and tumour interpolation – errors are introduced that complicate the 
validity of this ground truth.  

Figure 3.1a-c depict the type of errors occurring during the slicing procedure. Firstly, 
the sectioning process introduces variations with respect to the interslice distance and 
front-face orientation (i.e., the angle of the slicing plane with respect to the longitudinal 
axis of the specimen). Gibson et al. observed these to be distributed with standard de-
viations of 0.5 mm and 1.1° for a 4.4-mm tissue cutting procedure.300 In a later study, 
standard deviations of 0.4 mm and 0.9° were found.32 Ward et al. reported a standard 
deviation of only 0.2 mm for the same slice thickness.292 Many devices have been de-
veloped to standardise the slicing procedure and minimise the errors.288 However, 88% 
of the European pathologists cut the RP specimens free-hand.301 

After slicing, the slices have to be re-aligned three-dimensionally (see Figure 3.1d). 
This is usually performed based on block-face photographs (i.e., photos of the RP spec-
imen’s front face during slicing).e.g. 32,294 Alignment can also be done using intensity 
matching of the slices, for example by using mutual information.e.g. 302 Due to the loss 
of similarity between slices, however, this method is generally not usable for interslice 
spacings of more than 1 mm.286 Also the use of natural features such as prostate con-

 

(a) (b) (c) (d)

 
Figure 3.1  Introduction of errors during the slicing procedure of the radical-prostatectomy specimen 
(in apex-base vs anterior-posterior view): (a) ideal case with equally-spaced, perfectly aligned, parallel 
slices; (b) parallel slices of varying slice thickness; (c) equally-spaced slices of varying orientation; (d) 
equally-spaced and parallel slices that are misaligned. 
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tours, urethra, or ejaculatory ducts suffers from limited information redundancy and, 
moreover, most structures are not present in all slices.286 Lastly, some groups use fi-
ducial markers (sometimes in combination with ex-vivo MR imaging) to find the original 
alignment.286,303,304 Although very small errors are reported, this approach is laborious 
and might deteriorate the specimen. The most common method, still, is manual align-
ment of the histopathological slices,305 which introduces significantly more errors than 
a controlled workflow.306 

 For the 3D reconstruction of prostatic malignancy from the 2D slices, the interpola-
tion algorithms reported in the literature range from sparsely stacking the 
histopathological data imposed on the photos,294 or simply extrapolating the tumour 
contour over the entire slice thickness,307,308 to spline interpolations of the edges.303 
Many other 2D contour-based surface-reconstruction algorithms are designed for 
medical purposes and might be applied to prostate cancer.e.g. 309–313 The best choice 
for interpolation depends on the application, the reliability of the input, and the accuracy 
required. The need for a smooth interpolation instead of a stepwise approach is often 
mentioned,303,314 as well as the list of assumptions underlying 3D modelling (e.g., about 
slice deformation, parallelity, and location).32 Moreover, actual 3D tumour models are 
very difficult to validate due to the lack of a 3D ground truth. 

In this paper, we investigate the effect of the inaccuracies and settings of the slicing 
procedure on the reliability of the 3D reconstruction. First, we present a method to re-
construct the geometrical tumour structures in 3D based on 2D histopathological data. 
Then, the reconstruction errors as a result of the slicing procedure are quantified. To 
this end, we simulate the slicing procedure and compare the result of interpolation with 
RP phantoms representing a wide range of clinically relevant tumour shapes.  

 

3.2. Methods and materials 
3.2.1. Histopathological procedure 
A regular prostatic pathologic examination as described in Montironi et al. is as-
sumed.283 In brief, the procedure involves the (a) weighting and sizing of the specimen; 
(b) inking of the surface to distinguish left and right; (c) (possibly) fixation by 10% neu-
tral-buffered formalin buffer injections; (d) immersion in 300 to 400 mL of formalin for 
24 hours; and (e) sectioning by removing the seminal vesicles, dissecting the apical and 
basal parts, and step-slicing the rest of the prostate in ~4-mm sections perpendicular 
to the apex-base axis. After the sectioning procedure, (f) the slices are postfixed for 24 
hours; (g) front-face sections are stained and (h) histopathologically examined as 5-μm 
thick slices, either whole-mount or in quadrants. Subsequently, the pathologist pre-
pares the histopathological slices and draws contours around the malignant areas on 
each section. These contour data are digitised and properly aligned with respect to 
each other.  

 

3.2.2. Interpolation approach 
The tumour interpolation and reconstruction algorithms were implemented in Matlab™ 
(MathWorks 2015b, Natick, MA). The program retrieves the digital 2D contours and then 
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consecutively (Step 1) places them in 3D space; (Step 2) determines which contours 
are likely to belong to the same lesion along several slices; (Step 3) estimates enclosing 
points above or below the contours that are not connected to a contour in an adjacent 
slice; (Step 4) computes the distance points indicating the surface of each lesion using 
the surface normal vectors; (Step 5) interpolates the points to form a distance map 
using radial basis functions (RBFs) and (Step 6) constructs the lesion surfaces at zero-
distances. The radial-basis-function approach was chosen due to its characteristic 
smooth interpolation, versatility, and applicability in PCa.315,316  

 
3.2.2.1. Step 1: Positioning of histopathological data 
The 2D contours of the tumour as determined during the histopathological examina-
tion, which have been aligned in the x,y-plane (transverse plane), are placed a slice 
thickness, d, apart in the z-direction (longitudinal direction). 

 
3.2.2.2. Step 2: Identification of independent lesions 
Prostatic malignancies are known to be diverse and multifocal.285,308,317 Therefore, it is 
important to determine whether contours in the histopathology set belong to the same 
lesion, or to two independent lesions. In literature, different criterions are used to select 
the contours that are to be connected in the interpolation process: for example, Rojas 
et al. used a heuristic <5-mm distance between the contours304 and Erbersdobler et al. 
defined <3 mm.318 In this work, the maximum inter-contour distance is dependent on 
the used slice thickness. More specifically, it is defined that contour Γk is connected to 
contour Γl if Γl is in an adjacent slice and if at least one point on the area of Γl is located 
within a distance √d of the area of Γk in the x,y-plane.  

This criterion allows us to compute a square matrix M of which each row and column 
represent a specific contour; a value of 1 is appointed to elements where contour Γk is 
connected to contour Γl, and a value of 0 where they are not: 

 

   k lif Γ i Γ j d
k l

otherwise                         

1     min ( )– ( )  
  ,    

 0      

 

M . (3.1) 

 

Here, ||Γk(i)–Γl(j)|| is the Euclidean distance between point i on the area of contour Γk 
and point j on the area of contour Γl. Based on the connection matrix M, labels are as-
signed to all groups of interconnected contours. The number of labels represents the 
number of separate lesions that will be considered for interpolation individually. In Fig-
ure 3.2a, a typical set of contours forming one lesion is depicted. 

 
3.2.2.3. Step 3: Definition of tops and bottoms 
Once the labels are assigned, the solid-tumour boundaries are defined by a specific set 
of 2D contours. The top and bottom of the structures, however, are not considered to 
be flat. Therefore, additional top and bottom points are positioned under and above the 
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lowest and upper contour, respectively. 

For small contours, these top and bottom points are placed at the centre of mass of 
the adjacent contour Γ, half the slice thickness d away. This is based on the assumption 
that, in the absence of more information, lesions probably reach half the distance be-
tween the contour and the next, empty slice. 

Heuristically, if the average distance between the points on Γ and its centre of mass 
differ by more than 1 mm, the contours are divided in ncl different k-means clusters for 
which top or bottom points are added in their centre of mass at d/4. This number ncl 
depends on the standard deviation (σcl) in distances to the centre of mass via the ex-
pression  ncl = 1 + ⌈3σcl/2⌉. This formula ensures that top or bottom contours that are 
large or less circular are more rigorously enclosed. These additional points are also 
visible in Figure 3.2a. 

 

3.2.2.4. Step 4: Definition of seed points using surface normal vectors 
Each tumour structure is now enclosed by its contours and top and bottom points. This 
can be viewed as a 3D point cloud defining the lesion’s surface. Following the method 
described by Carr et al.316 and used by Cool et al. and Tao et al.,315,319 it is possible to 
reconstruct the outer surface of the prostate by RBF interpolation. We refer to Carr et 
al.316 for the mathematical foundations of the algorithm. 

The interpolation algorithm does not only require the points on the surface (on-sur-
face points) as input, but also points at a certain distance from the surface (off-surface 
points). More specifically, it has been shown that the problem is more straightforward 
to solve when two off-surface points are defined on either side of each on-surface 
point. Points inside of the structure are marked with its negative distance to the surface, 
whereas points on the outside have a positive distance value. Generating such a set of 

 

(a) (b) (c)

5

0

-5

5
0

-5
0 2 4 6

z 
[m

m
]

y [mm]

x [mm]

5

0

-5

5
0

-5
0 2 4 6

z 
[m

m
]

y [mm)

x [mm]

5

0

-5

5
0

-5
0 2 4 6

z 
[m

m
]

y [mm]

x [mm]  
Figure 3.2  Intermediate steps of interpolation: (a) connected contours (in blue) with top and bottom 
points (in red) and outward pointing normal vectors; (b) distance map point cloud with on-surface 
points depicted in blue, inner off-surface points in red and outer off-surface points in green; (c) surface 
plot of the RBF interpolation. 
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distance points is a critical task, given the wide range of complex contour shapes. In 
the presented method, given the contour shapes encountered, it was possible to reduce 
the number of points on the contour circumference to one point every ~1 mm in order 
to reduce the computation time. In our case, this meant a reduction by 5/6.  

Considering the typical dimensions of PCa lesions, off-surface points are added at 
approximately 1 mm on either side of the surface as shown in Figure 3.2b. Their posi-
tions are computed using the normal vectors in the contour plane. It is not uncommon 
to encounter contours of which the centre of mass is located outside the tumour area; 
therefore, their outward direction is verified by calculating the number of intersections 
between the normal line and the contour: an odd number of intersections in the direc-
tion of the normal vector cannot occur. For all top and bottom points that are added in 
the previous step, the normal vectors will point in the outward longitudinal direction 
(see Figure 3.2a). Since these 1-mm distances must not intersect other parts of the 
contour, the algorithm might fail in reconstructing contours that have very sharp edges 
or lie in a close range to each other. In these rare cases, the distance settings should 
be adjusted. 

 

3.2.2.5. Step 5: Interpolation by radial basis functions 
Based on the set of distance points, the interpolation algorithm is used to compute a 
so-called 3D distance map. In this map, the distance to the lesion’s surface at any lo-
cation can be found. In order to create a smooth distance map, each distance point is 
allowed to deviate from its original value. The extent of this deviation is controlled by a 
smoothing parameter, ρs, which is heuristically set to 0.001.316 This low value was 
adopted, as we do not allow our histopathologic data to deviate much from the 
pathologist’s 2D delineations in order to make smoother structures.320 

 

3.2.2.6. Step 6: Isosurfacing of the distance map 
Since the distance map contains the interpolated distance to the lesion’s surface at 
every location, the shape of the lesion is now defined by all locations at which the map 
is equal to zero. An example of the interpolation result is shown in Figure 3.2c. 

 

3.2.3. In-silico phantoms 
In order to quantify the interpolation errors, the entire slicing and reconstruction pro-
cess was simulated using digital phantoms. This does not only solve the absence of a 
3D ground truth volume in vivo and in vitro, but it also enabled us to separately study 
the effects of variations in slice thickness, front-face orientation, and alignment. Fur-
thermore, it allows many different experiments on a single phantom. Obviously, it is of 
paramount importance that the phantom designs represent the spectrum of frequently 
encountered PCa shapes as well as possible.  

Over the years, several distribution maps have been created that show that PCa is 
most often found in the peripheral zone (74%) and, therefore, in the lower, posterior 
regions of the prostate.304,308,317,321 Lesions often have predictable smooth shapes, es-
pecially since small lesions are known to spread along the prostatic and zonal 
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boundaries (94%).308 Most lesions of more than 1 mL in volume (83%) are found to be 
roughly diamond-shaped in longitudinal (apex-base) direction.308 

A large majority (83%) of the RP specimens exhibits multiple foci.317 In these cases, 
the non-index (i.e., not largest) PCa foci most often (69%) occur on the opposite side of 
the index-tumour.308 Furthermore, transition-zone tumours are almost always associ-
ated with well differentiated peripheral index tumours.317 In general, the index lesion 
determines the prognosis.282  

Typically, PCa lesions of >0.5 mL are considered clinically significant.282,308 It was 
found by Frimmel et al. 321 that the tumour volume in resected prostates is, on average, 
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Figure 3.3  Depiction of the 3D prostate-tumour phantoms used in this work. All 
phantoms have a 24×17.1×20 mm radii ellipsoid prostate boundary. (A1-3) consist 
of four spherical lesions with a radius of 5, 4, and 3 mm, respectively; (B) repre-
sents two clinically relevant tumour foci with a gap of less than 5 mm in between; 
(C) contains two tumour foci with different orientation with respect to the longitu-
dinal plane; (D) consists of two semi-toroid structures; (E) harbours a semi-toroid 
with another structure in between; (F) contains a single structure with a hole. 



46 

  

Chapter 3 

3.67 mL. Based on their volume, the lesions have been subdivided in small (0.3 to 
1.6 mL), medium (1.6 to 3.6 mL) and large (3.8 to 36.2 mL) tumours.321 In this work, the 
focus is on the small- and medium-sized structures, because small foci are most fre-
quently found.317 Moreover, large tumours are more easily interpolated because they 
appear in more histopathological slices and slicing errors are relatively small compared 
to their size.  

With the aim of representing clinically relevant shapes, we designed eight different 
tumour structures that are generally difficult to interpolate (see Figure 3.3). Phantom 
A1 (total tumour volume of 2.1 mL) consists of four spheres of 10 mm in diameter, 
representing the most confined shape of clinically significant size (0.5 mL). Phantoms 
A2 (1.1 mL) and A3 (0.44 mL) contain the same architecture of spheres with sub-clini-
cally relevant diameters of 8 mm and 6 mm, respectively. Phantom B (3.4 mL) consists 
of two independent lesions of significant size that are more than 3 mm but less than 5 
mm apart; this is the smallest significant gap for which two tumours are considered 
independent.318 Phantom C (1.7 mL) consists of two similarly-sized structures of which 
one is oriented along the slicing direction and the other one is oriented in the transverse 
plane. Since both structures are slightly tilted, errors occurring due to the “shear effect” 
are elegantly shown. This effect indicates the inability to identify ill-alignment in inter-
polating 2D-slices.286 Phantom D (3.3 mL) harbours two semi-toroid structures that 
appear as two separate contours in some slices, whereas they are joined in others. 
Phantom E (2.6 mL) contains similar structures, but now another unconnected struc-
ture is added. Lastly, phantom F (3.0 mL) shows a single tumour structure with a hole. 
These last three phantoms verify the validity of the decision rule in connecting con-
tours.304 

Prostate outlines were added to the phantoms in order to show how the tumour di-
mensions relate to the size of a typical prostate. It concerns an ellipsoid shape of 48 
mm, 34.2 mm, and 40 mm along the main axes. After triangulation, the structure has a 
volume of 31.9 mL, which is equal to the average volume of RP specimens.321  

 

  
Figure 3.4  Virtual slicing procedure: (a) slicing of the digital phantom (6 mm); (b) simulated 
histological slices; (c) resulting reconstruction of the original phantom based on the slices. 
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3.2.4. Validation and quantification 
The phantoms depicted in Figure 3.3 underwent a virtual slicing procedure by compu-
ting the cross-sections of the phantom with planes that were positioned a slice 
thickness d apart in the longitudinal (z) direction. For each simulation, these locations 
were all randomly displaced according to a normal distribution with a standard devia-
tion of 0.5 mm, that is, the largest reported in the literature.300 In order to quantify the 
effect of misorientation, the planes were placed under an angle 0±φstd° around to the y-
axis. The errors resulting from misalignments were assessed by random displace-
ments 0±wstd mm in the x- and y-directions. Subsequently, the phantom contours were 
extracted, interpolated, and reconstructed assuming a perfect slicing procedure with 
the given slice thickness (i.e., no displacements, misorientation, and misalignments). 
An example of a slicing and reconstruction procedure is shown in Figure 3.4. 

Each simulation sequence was executed 15 times to show the effect of the random-
ness and to rule out incidental findings. Simulations in which the interpolation algorithm 
failed to find a closed solution were excluded (<4%). To assess the quality of the recon-
struction, the fractional volume difference (FVD) was calculated: the volume difference 
between reconstruction (Vrec) and original phantom (Vref) as a fraction of the original 
phantom volume: 

 

rec refV V

ref V

FVD   



V V

V
, (3.2) 

 

in which | V     |v represents the volume of V. 

In addition, the reconstruction errors were quantified by the shortest distance be-
tween the outer surface of the original phantom and that of the reconstruction. More 
specifically, the 90th percentile of the reconstruction errors are mentioned. This means 
that 90% of the points on the original surface and the corresponding reconstruction 
surface are within an error margin of the given value.  

Lastly, the overlap between the reference and reconstruction volume was studied us-
ing the Dice coefficient (S), which defines the relative volume shared by reconstruction 
and reference as follows:295 

   
 

 
rec ref V

recref VV
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V V

V V
. (3.3) 

 

3.3. Results 

3.3.1. Slice thickness 
Figure 3.5 depicts the interpolation performance versus the slice thickness d±0.5 mm. 
It is observed that, for slice thicknesses up to 4 mm, the means and standard deviations 
of the performance measures stay virtually constant. They exhibit error margins below 
1.5 mm, FVD within 10% from baseline, and Dice coefficient above 0.85 (see grey re-
gions). Some tumour designs appear to be generally more difficult to interpolate. From 
slice thicknesses >4 mm, the performance measures and standard deviations degrade 
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Figure 3.5  Mean Fractional Volume Difference (FVD), 90th percentile value of the error 
distance (90th P%), and Dice coefficient of 15 sectioning simulations of Phantom A1–
F versus the slice distance d±0.5 mm. The error bars indicate the standard deviation 
among the results. 
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Figure 3.6  Mean Fractional Volume Difference (FVD), 90th percentile value of the error 
distance (90th P%), and Dice coefficient of 15 sectioning simulations of Phantom A1–
F with 4-mm slices oriented under an angle of 0±φstd° as function of the angle standard 
deviation. The error bars indicate the standard deviation among the results. 
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rapidly and are less predictable. This is because the position of the slices with respect 
to the tumour structure is increasingly important; for example, a small deviation in an 
8-mm slicing sequence might lead to missing entire tumour foci. 

 
3.3.2. Slice orientation 
To quantify the effect of non-parallel slicing, the angle of the transversal cross-sections 
in a 4-mm equidistant slicing sequence was randomly adjusted by 0±φstd° around the 
y-axis. In Figure 3.6, it is shown that an increasing φstd does not result in a large differ-
ence in means with respect to the parallel sequence, but it affects the standard 
deviations of the results. This is due to an equal probability of cross-sections appearing 
somewhat larger or somewhat smaller than they should. 

 

3.3.3. Slice alignment 
The interpolation requires the 2D contours to be spatially aligned in 3D in order to re-
construct the original shape. Due to the sparsity of the data in the longitudinal direction, 
misalignment is a recurring problem in 3D reconstruction which is difficult to identify 
or avoid without additional information. As can be seen in Figure 3.7, displacements of 
0±wstd mm in the x,y-plane affect the Dice coefficient to a larger extent than the other 
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Figure 3.7  Mean Fractional Volume Difference (FVD), 90th percentile value of the error 
distance (90th P%), and Dice coefficient of 15 sectioning simulations of Phantom A1–
F with parallel 4-mm slices that are misaligned in the transverse plane by Δx = Δy = 
0±wstd mm as function of the misalignment standard deviation. The error bars indicate 
the standard deviation among the results. 
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performance measures. This is because reconstructed structures may maintain their 
original shape and volume, while shifting from the original position. Random misalign-
ment of more than 1.5 mm introduces large performance drops. 

 

3.3.4. Tumour size 
Considering only the spherical phantoms (A1-A3), roughly the same effects as for the 
other designs are seen. It becomes clear from Figure 3.8 that the errors are generally 
largest for the smallest lesions, as well as the variety (standard deviations) in their re-
sults. Therefore, sub-clinically relevant structures smaller than 0.25 mL are not 
expected to be well interpolated for large inter-slice spacings of ≥4 mm. 

 

3.3.5. 3D reconstruction of patient pathology 
To illustrate the applicability of the described interpolation method, we applied the pre-
sented method to actual pathology data. The RP specimens were collected in the 
Academic Medical Centre (Amsterdam, The Netherlands) for an approved study with 
informed consent. The prostate and tumour contours were delineated by a pathologist 
and subsequently digitised, aligned, and used to reconstruct the histopathology. In ac-
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Figure 3.8  Mean Fractional Volume Difference (FVD), 90th percentile value of the error distance (90th 
P%), and Dice coefficient of 15 sectioning simulations of Phantom A1-A3 with (a) parallel slicing dis-
tances of d±0.5 mm, (b) 4-mm slicing under an angle 0±φstd°, and (c) misalignments in the transverse 
plane by Δx = Δy = 0±wstd mm. 
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cordance with the above protocol, a slice thickness of 4 mm was adopted. In Figure 3.9, 
the histopathology slices and their 3D reconstruction are shown. We also conducted 
the 3D reconstruction based on an 8-mm slicing procedure, by only taking into account 
every other slice. These results, shown alongside the 4-mm models, clearly demon-
strate the effects predicted in Section 3.3.1; for slice distances >4 mm, tumour 
structures are underestimated in size (see the arrows indicated with *), small lesions 
are missed (see arrows indicated with •), and tumour shapes are not well-captured (see 
arrows indicated with ▪). 

 

3.4. Discussion 

Because of the demand for imaging validation and the development of 3D imaging mo-
dalities, an accurate 3D model from the RP specimen becomes increasingly important. 
Nowadays, validation with histopathology is performed by matching 2D imaging planes 
with corresponding 2D histopathological slices, or by registration of the 3D volumes.305 
Because histopathological slices and imaging planes cannot be considered to be com-
pletely overlapping and aligned, the second approach is favourable, provided that the 
3D reconstruction is sufficiently accurate. Considering the dimensions of the prostate, 
small errors in the slicing procedure have relatively large effects. In this work, these 
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Figure 3.8  Three-dimensional reconstruction of prostatic histopathology (a,d), based on a 4-mm slic-
ing procedure (b,e) and an 8-mm slicing procedure (c,f). Data from two RP specimens, (a,b,c) and (d,e,f) 
respectively. The arrows highlight the differences between the two reconstructions in terms of size 
underestimation (*), the absence of small lesions (•) and the misrepresentation of shape (▪). 
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effects were quantified, allowing us to determine the required accuracy in the pathology 
workflow for reliable 3D reconstruction. 

We described and tested an RBF-based algorithm to reconstruct the tumour struc-
tures from a series of 2D histopathologic slices. Using in-silico phantoms representing 
frequently encountered tumour structures, we demonstrated that slice thicknesses up 
to 4 mm can be used to reconstruct tumours of clinically significant size with an ap-
preciable accuracy; the surfaces deviate within a 1.5-mm 90%-error margin, the volume 
difference between reference and reconstruction does not exceed 10%, and a Dice co-
efficient above 0.85 is maintained.  

This study was performed in silico, as it enabled us to repeat the slicing procedure 
with different values and ensured a valid ground truth. This way, it was possible to rule 
out incidental findings caused by (un)fortunate positioning of the slices with respect to 
the lesions. Preferably, the tumour appears in as many cross-sections as possible, so 
that the overall tumour shape is best represented. Since the tumour shape is not known 
beforehand, the suitability of the set of contours depends on the initial slicing location. 
It should therefore be noted that there is an intrinsic variation in the outcomes of every 
slicing procedure. This effect was demonstrated using histopathology datasets of two 
RP specimens. 

A limitation of the procedure is that the occurrence of errors was simulated as a ran-
dom process. Depending on the details of the histopathology procedure, systematic 
errors can be expected in slicing and alignment. For example, one might find the stand-
ard deviation of the angle to be dependent on slice thickness or location in the prostate. 
However, when making use of cutting devices, this error remains constant. Also the 
slicing direction (i.e., apex-base or vice versa) might have an influence; due to the cu-
mulative errors in slice thickness, the location of the first slice could be more accurate 
than the last one. Furthermore, it was observed that slicing itself might introduce tears, 
deformations and inconsistencies that are not modelled here.288 

Since the algorithm uses criteria regarding inter-contour connection and top- and 
bottom heights, the procedure can be optimised to best suit the evaluation at hand. The 
false positive or false negative volumes can be reduced by using a more conservative 
or loose decision rule, respectively. Ultimately, more elaborate and robust decision rules 
can be devised that take into account the lesion volumes and contour shapes. 

Since 4-mm slicing distances were found to be sufficient, the algorithm does not re-
quire the pathologist to perform a more elaborate and laborious protocol for the 
histopathological examination. Furthermore, although the computation time for inter-
polation depends on the number of contours and data points, the reconstruction 
generally takes around 1–2 minutes (using one core on a 3.40-GHz quad-core proces-
sor personal computer).  

Whereas slight deviations in front-face angle did not substantially alter the recon-
struction for clinically significant PCa lesions, the inter-slice misalignment significantly 
affected the interpolation performance. This underlines the need for an alignment strat-
egy such as the use of fiducial markers or block-face photographs. Recent alignment 
strategies have shown to reduce misalignment distances to 0.6 mm.286 
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It was demonstrated that the errors made in tumour interpolation are in the same 
order of magnitude as the registration errors (e.g., 1.1 mm,292 0.71 mm,293 2–3 mm,290 
0.82 mm,291 2.26–3.74 mm,294 3.1 mm,297 1.5–2.1 mm287). Nevertheless, the total error 
in matching histopathologically confirmed tumour structures with images is not simply 
an addition of these errors. Especially in elastic registration, the registration process 
might even compensate for misalignments in interpolation. Since tumours tend to 
spread along the prostatic capsule,308 especially surface-based registration algorithms 
could correct tumour misalignments. In any case, the quantified errors of this study 
indicate that caution should be taken in interpreting the histopathological data within 
1.5 mm from delineated borders of areas marked as malignant. 

Despite some debate, the total tumour volume is generally regarded as a valuable 
prognostic marker,284,285 particularly for biochemical recurrence after RP.322 Current 
protocols include extensive stereological methods to estimate the volume, but these 
methods have some well-known limitations in labour and time involved.285 The pre-
sented interpolation method is found to estimate the volumes with less than 10% offset 
for the average standard histopathology protocol. 

Furthermore, the technique is not limited to the prostate alone and might be used for 
other small organs, in particular those that do not have usable internal natural markers. 
Similar reconstruction protocols have been developed for the (animal) brain.311 How-
ever, the optimal slicing thickness, location of seed points, and decision rules should be 
tailored to the dimensions and requirements of that organ. 

In conclusion, we presented a 3D interpolation algorithm that is able to reconstruct 
PCa tumour structures based on 2D histopathologic slices and quantified to what ex-
tent this is affected by errors in the pathology procedure in terms of slicing distance, 
slicing angle, and misalignments. It was demonstrated that an inter-slice distance up 
to 4 mm permits reliable use of 3D histopathology as gold standard. A good recon-
struction of the 3D tumour shape enables the validation of cancerous representation in 
novel imaging modalities with high precision. With accurate tumour localisation, the 
validation is no longer limited to large tumours or quadrants. More patients may be 
enrolled in studies when tumours of all shapes and sizes can be reliably used for vali-
dation, increasing the statistical outcomes of the validation. 
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4. Accurate Registration of Ultrasound Imaging and Histopathology 
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Abstract. As the development of modalities for prostate cancer (PCa) imag-
ing advances, the challenge of accurate registration between images and 
histopathologic ground truth becomes more pressing. Localisation of PCa, 
rather than detection, requires a pixel-to-pixel validation of imaging based 
on histopathology after radical prostatectomy. Such a registration procedure 
is challenging for ultrasound modalities; not only the deformations of the 
prostate after resection have to be taken into account, but also the defor-
mation due to the employed transrectal probe and the mismatch in 
orientation between imaging planes and pathology slices. In this work, we 
review the latest techniques to facilitate accurate validation of PCa localisa-
tion in ultrasound imaging studies and extrapolate a general strategy for 
implementation of a registration procedure. 

 

Keywords. Prostate Cancer ▪ Diagnostic Imaging ▪ Validation Studies as 
Topic ▪ Histopathology ▪ Review 
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4.1. Introduction 
Prostate cancer (PCa) imaging is a very active field in medical science. Even though PCa 
exhibits the highest cancer incidence among the American male population,323 reliable im-
aging methods are not yet available. As a consequence, systematic 10- to 12-core needle-
biopsy still is the guideline-recommended diagnostic strategy,7 a procedure that is known 
to lead to underdiagnosis, overtreatment and complications.11,324 Research groups around 
the world are therefore investing in the development of imaging tools that might facilitate 
targeted biopsy and ultimately replace the biopsy procedure altogether. In addition, focal 
therapies are emerging to avoid the severe side effects associated with radical treatment 
of PCa, increasing the need for reliable imaging for treatment planning, monitoring, and 
follow-up.16 

The development of new imaging technologies requires rigorous validation with the his-
topathological ground truth. Although histopathology of the excised prostate specimen 
after radical prostatectomy (RP) is considered to be preferred to validate PCa localisa-
tion,325,326 most investigators have been using transperineal or transrectal biopsies as 
reference standard (see e.g. meta-analyses for multiparametric Magnetic Resonance Im-
aging (mpMRI);325,326 ultrasound (US) modalities;149,173 and Positron Emission 
Tomography (PET) and Computed Tomography (CT)327). When RP histopathology is avail-
able, validation is generally based on cognitive matching between image and 
histopathology. Although seemingly straightforward, this procedure can be difficult, is 
prone to errors, and requires many (invalid) underlying assumptions. Researchers are 
therefore forced to perform the validation in regions, quadrants, zones, or the prostate as 
a whole.149,173,325–327 For targeted biopsy and focal therapy, however, we should aim for 
tumour localisation at a higher resolution.  

Matching of images and histopathology is a challenge; the prostate deforms consider-
ably after excision and pathological preparation, and these substantial differences 
between in-vivo and ex-vivo shape must be compensated. In the past decades, many reg-
istration methods have been developed to map the ex-vivo findings onto the in-vivo 
images. For MRI, CT, and PET, slice selection algorithms have been implemented to find 
the exact lesion locations in the image.294,305 In this respect, ultrasonic modalities are often 
overlooked, since their typical two-dimensional (2D) imaging planes are very differently 
oriented than the histopathology slices.287,315 Moreover, the manual pressure of the 
transrectal probe adds to the deformation between in-vivo and ex-vivo.287 In this review, 
we survey the spectrum of available techniques and other important considerations for 
an accurate validation of ultrasonic techniques for prostate cancer imaging. 

 
4.2. General workflow 
In general, pixel-to-pixel validation strategies require a standardised histopathology pro-
tocol (in which the histopathological data are assembled into a model), a registration 
procedure (in which deformations are compensated for), and a correlation step (in which 
the pathology-proven PCa lesions are superimposed onto the image(s)). We review these 
steps sequentially. 
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4.2.1. Step 1A: Histopathological modelling 
The standard pathology protocol comprises RP specimen fixation, sectioning in 2–4-mm 
thick slices, staining of front-faces, and histopathologic examination of whole-mount or 
smaller sections.283,328 As previously mentioned, 2D transrectal US imaging planes often 
have a very different orientation than the RP slices. An imaging plane can therefore only 
be accurately matched to histopathologic data by combining the information from all 
slices it crosses. Three-dimensional (3D) reconstruction and adequate interpolation of 
histopathology are therefore of vital importance.296,305,314,329 These models can also be 
readily used for the validation of 3D US imaging solutions for B-mode, elastography, and 
contrast-enhanced ultrasonography.330 Paradoxically, validation of 3D imaging modalities 
is less dependent on a proper 3D histopathology model as their imaging is not bound two 
a particular 2D plane (i.e., one can select the voxels that correspond to the histological 
slice). 

To construct a suitable histopathological model, one hugely relies on assumptions con-
cerning slice location, orientation, and deformations during the pathological work flow.32 
However, it has been reported that almost nine tenth of European pathologists section the 
prostate without using a special cutting device,331 which might lead to histopathologic 
slices not being parallel or of equal thickness.306 In recent years, many groups developed 
slicing devices to standardise the sectioning process and minimise inaccuracies.288 Still, 
it was quantified that microtome cutting exhibits standard deviations of 0.2 to 0.5 mm in 
~4-mm thick slices and 0.9 to 1.1° in inter-slice front-face orientation.32,292,300 

The conversion to three dimensions requires spatial alignment of the histopathologi-
cally annotated slices. Although manual alignment is most common,305 there are 
strategies involving the use of anatomical landmarks,e.g. 286 block-face photographs taken 
during the sectioning process,e.g. 32,294 or mutual-information-based intensity match-
ing.e.g. 302 As natural features and other (anatomical) information do not usually persist 
over multiple slicing distances, similarity-based alignment becomes increasingly difficult 
when using larger slice thicknesses.286 Some authors introduce external fiducial markers 
to guide the alignment.286,303,304 Naturally, the lower reconstruction errors associated with 
more sophisticated techniques come at the price of the labour involved. 

There are many algorithms available to build volumetric structures from stacked 2D 
data. For PCa lesions, most reported are simply stacking the slices294 and extrapolating 
the histopathologic data over the entire slice thickness.307,308 More sophisticated algo-
rithms use radial basis functionsJ14 or spline functions303 to smoothly interpolate the 
histopathologic data between the slices. A comprehensive overview of techniques is listed 
in Table 4.1. Obviously, the accuracy of these methods relies to a great extent on the pre-
cision of slicing and alignment. In previously published work, we found that a standard 
clinical workflow would lead to a 1.5-mm error margin in tumour boundary location.J14 As 
an example, Figure 4.1 features an illustration of the 3D models generated by this tech-
nique. 

Some studies make use of ex-vivo imaging before slicing.292–294,332–334 As an intermedi-
ate step, the histopathological data are mapped onto the deformed, ex-vivo 3D model of 
the prostate prior to the registration to the in-vivo shape. A comparison of registration 
with and without ex-vivo MRI, however, did not show significant improvement.295 This 
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suggests that in vivo to ex vivo mapping is the crucial transformation. Moreover, even 
when ex-vivo (US) scans are used for the histopathology reconstruction, this method 
would still require interpolation of the tumour delineations into tumour volumes.  

 

4.2.2. Step 1B: Three-dimensional modelling of imaging 
As we are interested in matching the in-vivo and ex-vivo prostate, a 3D model of the in-
vivo shape is also required. When 3D imaging is not available, such a model can be recon-
structed from a 2D sweepe.g. 287 as shown in Figure 4.2. The 2D images will have to be 
segmented and connected, for example using algorithms similar to those used for tumour 
interpolation (see Table 4.1). As described in Step 3, it is important to retrieve the location 
of the imaging plane of interest in this 3D model afterwards. 

 
4.2.3. Step 2: Registration 
Unfortunately, it is not possible to directly match the in-vivo prostate to the reconstructed 
RP specimen, even when the ex-vivo shape is perfectly restored. Mainly the loss of vas-
cular pressure and the absence of the connective tissue encapsulation after removal from 
the body cause the prostate to deform after resection. Orzcyk et al. have shown that the 
prostate shrinks unevenly; on average, the prostate is 2.9% smaller in the base-apical di-
rection, whereas it shrinks by 9.7% in the anterior-posterior direction.31 The pathological 
preparation of the ex-vivo specimen also has an effect (especially the formalin fixation335 
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Figure 4.1  Three examples of 3D histopathology reconstructions from tumour-delineated macrophotos 
of the sliced radical prostatectomy specimen (a-c). Volumetric lesions are colour-coded to depict their 
Gleason score. 
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 Table 4.1  3D modelling of histopathology and imaging. 

 

and cutting procedure288), whereas the in-vivo shape might already have been changed 
by a filled bladder pressing onto the gland. Moreover, ultrasonic modalities alter the in-
vivo shape considerably by employing a transrectal probe. On top of that, there are indi-
cations of inhomogeneous deformation within the prostate due to differences in tissue 
elasticity between zones or between anatomical or pathological features.341,342 

  Registration algorithms are designed to digitally translate the deformed prostate back to 
its original form, ranging from rigid (i.e., only translation and rotation) to fully elastic meth-
ods. Many prostate-applicable algorithms have been developed for MRI, but these can 

Source(s) Modality Method Validation method Performance 

Malone et al., 2014307 histopathology 3D stacking, interpolation 
over interslice thickness 

- - 

Wildeboer et al., 2017J14 histopathology radial basis functions 
90th percentile surface 
deviation simulation 1.5 mm 

Taylor et al., 2004303 histopathology spline interpolation of dis-
tance field336 ex-vivo US 

specimen volume 
accuracy 

92±3%. 

Hughes et al., 2012337 histopathology 
stacking based on fiducial 
markers 

average deviation of 
ejaculatory ducts  1.5 mm  

Werahera et al., 1995313 histopathology 
linear inter-slice interpolation 
and extrapolation 

specimen volume 
accuracy ~4.5% 

Xuan et al., 1997338 histopathology elastic contour interpolation - - 

Xuan et al., 1997338 histopathology surface spine model - - 

Tutar et al., 2004339 ultrasound 
Fourier-description 
deformable models  - - 

Cool et al., 2006315 ultrasound radial basis functions mean surface deviation 
simulation 

1.34±0.20 mm 

Hibbard et al., 2012340 ultrasound 
shape-optimal RBFs implicit 
surface reconstruction  

mean surface deviation 
expert <0.5 mm 
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Figure 4.2  Example of an in-vivo 3D reconstruction of the prostate based on a 2D US 
sweep: (a) schematic of the sweep procedure, (b) representation of manually segmented 
prostate in the ultrasound sweep video, and (c) resulting 3D reconstruction. 



61 

 

Ch
ap

te
r 4

 

often be readily applied to US. Techniques that only work in 2D, because they make use 
of prior MRI-slice to histopathology-slice matching,292,293,296,343–347 will have to be ex-
panded to 3D. Unfortunately, some of these methods, especially those using similarity 
measures, would then be seriously hampered by the low resolution in the longitudinal di-
rection, requiring a slicing distance below the millimetre range.  

It is important to note that registration techniques need guidance, that is, they require 
spatial correspondence information from both modalities to estimate the mapping from 
one to another. Conventionally, this is either intensity-based or landmark-based. For the 
latter approach, the prostatic capsule or (anatomical) landmarks are manually or auto-
matically pinpointed in histopathology as well as imaging. The intensity-based approach 
does not need specific landmark pairs, but uses full-image similarity features such as 
correlation or mutual information between histopathology and imaging to guide the reg-
istration. As a next step, a warping algorithm interpolates the voxel-to-voxel displacement 
over the entire image. For this purpose, researchers have exploited everything from affine 
transformations (ATr) (e.g., rotation, translation, and scaling) up to elastic methods, based 
on basis-splines (BSp)348 or thin-plate splines (TPS).349 

A special case of registration is the use of image-based moulds.298,299,350–352 This proce-
dure requires a 3D in-vivo scan to fabricate a tailor-made mould to force the specimen 
into its in-vivo shape during the sectioning process. Moulds can also be used to simulate 
a transrectal probe pressing against the specimen; however, for MRI, an endorectal-coil 
mimicking mould did not significantly improve the registration performance.353 Obviously, 
moulding cannot take into account deformations within the prostate and cannot compen-
sate for inhomogeneous shrinkage. The position and orientation of the prostate slices, on 
the other hand, are well-controlled and easily recoverable.  

In Table 4.2, a selection of registration methods applied in the prostate is listed. It is 
worth noting that the labour required substantially differs between registration proce-
dures. Whereas semi-automated algorithms are easily manageable, protocols requiring 
manual delineation or ex-vivo scans and fiducial marker placement are increasingly labo-
rious. We also note that the performance of the various registration procedures is not 
verified in the same manner, making it difficult to compare the strategies; most articles 
quantify the error by the target registration error (TRE), but others mention the volumetric 
overlap or the result of visual inspection. Typically only a relatively low number of prostatic 
specimens is used for the validation.  

 
4.2.4. Step 3: Correlation  
The final step is the transition from the registered 3D models to the actual images. If the 
histopathology is directly registered to the ultrasonic modality under investigation, histo-
pathologic voxels are easily mapped to imaging voxels or pixels (in which case, a model 
cross-section needs to be computed). For the evaluation of elastography or contrast-en-
hanced images and videos, the registration might have been performed to a three-
dimensional or three-dimensionalised B-mode ultrasound first (as mentioned in Step 1B). 
Another registration step between B-mode and the final modality is then needed. Intra-
modality registration could be performed along the same lines as in Step 2, or using fusion 
techniques such as those mentioned in the Section 4.3.354  
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Table 4.2 List of registration algorithms used in the prostate. 
Source  Registration method  Verification  

Author, yearref Guidance* Warping† Ex-Vivo 
Scan 

Method Modality 2/3D #‡ TRE¶ 
(mm) 

Zhan et al., 2007291 
landmark-based:  
automatic TPS no 

manual 
landmarks MRI 3D 5 0.82 

Ou et al., 2009302 
landmark-based:  
automatic TPS no 

manual 
landmarks MRI 3D 5 0.79 

Gibson et al., 
2012293 

landmark-based: 
ex-vivo markers 

ATr yes manual ex-vivo 
MRI landmarks  

MRI 3D 9 0.71 

Orczyk et al., 
2012333 

landmark-based:  
manual 

ATr yes manual  
landmarks 

MRI 3D 3 1.59 

Ward et al., 2012292 landmark-based:  
manual 

TPS yes manual 
landmarks 

MRI 2D 13 1.1 

Orczyk et al., 
2013295 

landmark-based: 
manual 

ATr no manual 
landmarks 

MRI 3D 3 1.6 

Commandeur et al., 
2015346 

landmark-based:  
manual (contours) 

BSp no manual 
landmarks 

MRI 2D 3 4.9 
 

Schalk et al., 
2016287 

landmark-based: 
manual (contours) NN no 

manual (PZ-TZ) 
landmarks  US 3D 7 2.1 

Nir et al., 2014332 
intensity- and land-
mark-based ATr yes 

manual 
landmarks  MRI/US 3D 10 3.8  

Porter et al., 
2001334 

intensity-based: 
correlation ATr yes urethra US 3D 3 2.4 

Zhan et al., 2007291 intensity-based: 
mutual information 

TPS no manual 
landmarks 

MRI 3D 5 1.5 

Jo et al., 2008343 
intensity-based: 
correlation TPS no 

RMS manual 
landmarks MRI 2D 4 1.5 

Park et al., 2008294 
intensity-based: 
mutual information TPS355 yes 

medial-axes tu-
mour  MRI/PET 3D 2 3.0 

Groenendaal et al., 
2010290 

intensity-based: 
correlation BSp356 no 

manual (contour) 
landmarks  MRI 3D 5 2.2 

Mazaheri et al., 
2010347 

intensity-based:  
binary similarity 

FFD-
BSp357 no surface overlap MRI 2D 24 - 

Chappelow et al., 
2011358 

intensity-based: 
mutual information 

FFD-
BSp357 

no image similarity MRI 2D 25 - 

Patel et al., 2011359 
intensity-based: 
spatially weighted 
mutual information 

FFD-
BSp357 

no manual (contour) 
landmarks  

MRI 2D 2 1.65 

Orczyk et al., 
2013295 

intensity-based: 
mutual information ATr no 

3D volume over-
lap MRI 3D 3 - 

Kalavagunta et al., 
2015344 

intensity-based: 
ternary similarity 

ATr no manual 
landmarks 

MRI 2D 35 1.54 

Reynolds et al., 
2015296 

intensity-based: 
normalised mutual 
information 

FFD-
BSp357 no 

manual 
landmarks MRI 3D 6 3.1 

Guzman et al., 
2016345 

intensity-based: 
mutual information BSp356 no 

manual 
landmarks MRI 2D 5 3.1 

Shah et al., 2009298  mould-based - - visual inspection MRI - - - 
Trivedi et al., 
2012350 mould-based - - visual inspection MRI - 1 - 

Priester et al., 
2014299 mould-based - - visual inspection MRI - 1 - 

Starobinets et al., 
2014353 

mould-based - - manual 
landmarks 

MRI - 10 1.9 

Elen et al., 2016351 mould-based - - manual ex-vivo 
MRI landmarks  

MRI - 2** 0.92 
* most algorithms use a multi-step approach, usually starting with coarse rigid registration; only the last, most sophisticated registration step is mentioned; † ATr = Affine 
Transformation; TPS = Thin-Plate Spline; (FFD)-BSp = (Free Form Deformation) – Basis-Spline; NN = Natural Neighbour; ‡ # = number of prostates for the verification of 
the performance; ¶ TRE = target registration error; ** only two of the six prostates were used for verification, RMS = root-mean-square  
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4.3. Discussion 

Ultrasound imaging of the prostate is still rapidly advancing and especially promising mo-
dalities such as power Doppler sonography,360 elastography,361 and contrast-enhanced 
ultrasound362 have been extensively studied in recent years. Due to prostate deformation 
after excision, the effect of the transrectal probe, and the imaging planes not being parallel, 
histopathological validation using RP specimens is challenging.  

 

Step 1A 3D Reconstruction Step 1B 3D Reconstruction

Step 2 Registration of 3D Histopathology to 3D US model 

Step 3 Correlation from US Sweep to Contrast Image

Output Superposition of Histopathology onto Contrast Imaging

Input Histopathology Input TRUS Sweep Input Contrast TRUS

1

2 3 4 5

6 7 8 9 10

10

20

2010
0

10

20

2010
0

(a)

(b)

(c)

(d)

sPCa

sPCa

PCa

 
Figure 4.3  Schematic of an example registration framework for the correlation of 
the US image with histopathology: (a) 3D reconstruction of the ex-vivo radical-
prostatectomy specimen and in-vivo gland (b) registration between in-vivo and 
ex-vivo model; (c) correlation of the pathology data and the contrast-enhanced 
recording; (d) pixelwise superposition of the histopathologic data. 
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Based on our review of the literature, we have found that full histopathology-prostate 
registration is essentially a three-step process combining reconstruction, registration, and 
correlation. For illustrative purposes, Figure 4.3 depicts a possible procedure, matching 
contrast-enhanced ultrasound videos to histopathology. As no 3D imaging is available in 
this example, both a 3D histopathologic modelJ14 and a 3D in-vivo model based on a B-
mode US sweep are built. In this case, the models are subsequently registered using the 
method presented by Schalk et al.287 Now, by cognitively locating each imaging plane of 
the contrast recording in the B-mode sweep, histopathological cross-sections matching 
the contrast-ultrasound images can be computed.  In a similar way, other reconstruction 
(Step 1) and registration (Step 2) techniques can be implemented and combined. We have 
found that most algorithms achieve an accuracy in the millimetre range. By employing an 
error margin between benign and malignant in the validation, one can take this into ac-
count.  

Nonetheless, the question remains how small such a margin should be. Most papers 
stress that clinically significant tumours have radii exceeding 5 mm (having a cut-off vol-
ume of 0.5 cm3), deeming any registration error margin below that distance sufficient. 
However, it has been reported that around a quarter of PCa lesions are heterogeneous as 
to their Gleason score,15 suggesting that sub-lesion accuracy is important to localise the 
high-grade PCa core. Fortunately, in 75% of the cases, the highest Gleason score is found 
in the middle of the lesion.15 In general, high-grade hotspots of heterogeneous significant 
tumours are considered to be 0.3 cm3 in median volume363 and, therefore, we should ac-
tually aim for an error under 4.1 mm.  

Prostate registration algorithms also play a vital role in fusion technology, in which the 
registration takes place between two imaging modalities.364 Fusion generally finds its ap-
plication in TRUS-guided biopsy procedures targeting suspicious areas found by another 
modality, in treatment planning for radiotherapy, or in the monitoring of a developing le-
sion over several sessions. For these purposes, respectively, recent literature features a 
wide range of variations of intermodality fusion (e.g., PET–US,365 MRI–US,366 MRI–
SPECT,367 and MRI–CT368) and intramodality fusion techniques (e.g., US–US,369 CT–CT,370 
and MRI–MRI371). Although fundamentally these algorithms can be extended for registra-
tion of imaging and histology, they are usually optimised for in-vivo registration and do 
not have to cope with the large deformations typical for ex-vivo specimens. 

Clearly, registration is not the only source of inaccuracy in PCa validation. The quality of 
the imaging, segmentation, or (automatic) landmark detection affect the result as well. 
Prostate motion could also hinder the registration procedure, but, in contrast to MRI and 
PET, US acquisitions are generally sufficiently fast to avoid this. Displacements due to 
respiration, however, have been measured in the order of several millimetres and the use 
of transrectal equipment is known to stimulate muscular contractions.372 This might se-
verely affect US modalities with a longer acquisition time. 

 

4.4. Conclusion 
It is important to be aware of the limitations and accuracy of registration techniques in 
PCa imaging. Unfortunately, implementation of full-registration procedures is still scarce 
in current PCa imaging studies. With the shift from PCa detection to PCa localisation,373 
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however, such validation will be indispensable to study the imaging performance. In this 
review, the wide range of validation strategies has been discussed in the light of ultrasonic 
imaging. We also provided guidelines for registration and an example of a rigorous pixel-
to-pixel matching procedure.   
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5. Automatic Segmentation of the Prostate and its Zones 
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M. Gayet, H.P. Beerlage, G. Salomon, H. Wijkstra, and M. Mischi. Deep Learning for 
Real-Time Automatic and Scanner-Adapted (Zone) Segmentation of TRUs for e.g. 
MRI-TRUS Fusion Prostate Biopsy. Submitted, 2019. 
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Abstract. Objective: To exploit deep learning to perform automatic, real-time 
prostate (zone) segmentation on TRUS images from different scanners. 

Materials and methods: Three datasets with TRUS images were collected at 
different institutions, using an iU22 (Philips), Pro Focus 2202a (BK Medical) 
and Aixplorer® (SuperSonic Imagine) ultrasound scanner, respectively. The 
datasets contained in total 436 images from 181 men. Manual delineations 
from an expert panel were used as ground truth. The (zonal) segmentation 
performance was evaluated in terms of the pixelwise accuracy, the Jaccard 
index and the Hausdorff distance.  

Results: The developed deep-learning approach was demonstrated to sig-
nificantly improve prostate segmentation compared to a conventional 
automated technique, reaching a median accuracy of 98%, 95%-confidence 
interval (95% – 99%), Jaccard index of 0.93 (0.80 – 0.96) and Hausdorff dis-
tance of 3.0 mm (1.3 mm – 8.7 mm). Zonal segmentation yielded a pixelwise 
accuracy of 97% (95% – 99%) and 98% (96% – 99%) for the peripheral and 
transition zone, respectively. Supervised domain adaptation resulted in re-
tainment of high performance when applied to images from different 
ultrasound scanners (p > 0.05). Moreover, the algorithm’s prediction of its 
own segmentation performance showed strong correlation with the actual 
segmentation performance (Pearson’s correlation 0.72, p < 0.001), indicating 
that possible incorrect segmentations can be swiftly identified.  

Conclusion: Fusion-guided prostate biopsies, targeting suspicious lesions 
on magnetic resonance imaging (MRI) using transrectal ultrasound (TRUS), 
are increasingly performed. The requirement for (semi)manual prostate de-
lineation places substantial burden on clinicians. Deep learning provides a 
means for fast and accurate (zonal) prostate segmentation of TRUS images 
that translates to different scanners.  

 

Keywords. Deep Learning ▪ Prostate Cancer ▪ Segmentation ▪ Ultrasound ▪  
MRI-TRUS Fusion Biopsy  
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5.1. Introduction 
Due to recent advances in multiparametric magnetic resonance imaging (MRI),e.g. 131 
prostate biopsy procedures directly targeting suspicious MRI lesions are increasingly 
performed. These biopsies can either be guided in-bore, cognitively during a transrectal 
ultrasound (TRUS) procedure, or using an MRI-TRUS fusion strategy in which the MRI-
derived lesion locations have to be co-registered to the real-time TRUS imaging based 
on the prostatic contours.374,375 A recent meta-analysis showed a comparable signifi-
cant prostate cancer detection rate for the in-bore, fusion, and cognitive guidance 
strategies, while in-bore had an advantage over cognitive guidance in overall prostate 
cancer detection.23 Nevertheless, direct in-bore biopsy is restrained in terms of time 
and cost involved.376 On the other hand, TRUS prostate images have to be delineated 
(semi)manually in current MRI-TRUS fusion systems, which use the outer contours as 
landmark for the registration. This is also time-consuming, operator-dependent, and 
error-prone.377 As a matter of a fact, the laboriousness and cost of MRI-TRUS fusion 
are often considered key aspects hampering the clinical adoption of MRI-targeted pro-
cedures.374  

The introduction of computer-driven segmentation would drastically minimise the 
required user input, provided that the algorithm is fully automated and real-time. Alt-
hough substantial effort has been invested in (semi)automatic segmentation of the 
prostate over the past decades,378,379 it remains difficult to obtain reliable and general-
isable results in TRUS acquisitions.380 Even more challenging is zonal segmentation, 
that is, the separation of the peripheral zone (PZ) and the transition zone (TZ).41 The 
glandular tissue of the posteriorly located PZ is histologically distinctly different from 
that of the anterior TZ and also the central zone and anterior fibromuscular stroma 
(AFS), which for this work will be segmented as a whole. We do not assess the central 
zone and AFS as separate entities for segmentation, since delineating the zonal anat-
omy of these regions is subject to high inter-user variability, while clinical implication 
for prostate cancer diagnosis (e.g., through multiparametric MRI) is often evaluated for 
the PZ and TZ (in combination with the remaining zones) only. Although zonal segmen-
tation is not directly necessary, the zonal boundary could be a valuable landmark for 
MRI-TRUS registration. Moreover, it is very useful for other applications of segmenta-
tion (e.g., zonal volume estimation, guidance in needle positioning, and focal treatment 
planning). Very recently, deep-learning strategies were introduced using datasets with 
a limited number of patients.381,382 Yet, the presented methods did not contain zonal 
segmentation and, as deep-learning results tend to be poorly generalisable to different 
acquisition systems, it remains unclear how well the methods translate to other ultra-
sound scanners.   

In this paper, we develop and validate a scanner-adaptable deep-learning network 
architecture for zonal classification. We consecutively demonstrate its ability to seg-
ment in real-time, accurately classify prostatic zones, adapt to different scanners and 
operators, and evaluate its own per-case reliability. 
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5.2. Methods 
5.2.1. Patient selection  
To develop and validate the segmentation algorithm, three separate datasets were an-
alysed. A 198-image “Philips Healthcare” dataset was obtained in 78 patients at the 
Academic Medical Centre in Amsterdam using an iU22 ultrasound scanner (Philips 
Healthcare, Bothell, USA) equipped with either a C10-3v or a C8-4v probe. Analogously, 
a “BK Medical” dataset was acquired at the Jeroen Bosch Hospital in ‘s-Hertogenbosch 
using a Pro Focus 2202 device and a Prostate Triplane 8818 ultrasound probe. A total 
of 84 images from 55 patients were included. Finally, 144 images from 48 patients 
comprising a “SuperSonic Imagine” dataset were collected at the Martini Clinic at the 
University Medical Centre Hamburg-Eppendorf using an Aixplorer® (SuperSonic Imag-
ine, Aix-en-Provence, France) scanner with an SE12-3 transducer. The TRUS 
fundamental view in side-by-side contrast mode recordings were made available to us. 
All patients signed an informed consent and the acquisitions were approved by the In-
stitutional Review Boards. The device and clinical characteristics of these datasets are 
listed in Table 5.1. 

 
5.2.2. Data annotation  
For the “Philips Healthcare” and “BK Medical” datasets, the outer and zonal contours of 
TRUS acquisition were annotated in consensus by a five-person expert panel, consist-
ing of three urologists with more than four years of experience (C.M., A.P., M.G.) and 
two engineers familiar with TRUS images for more than three years (R.S., R.W.). For the 
“SuperSonic Imagine” dataset, the (zonal) contours were delineated in consensus by 

 

Table 5.1  Scanner specifications and demographic breakdown of datasets. 

Dataset “Philips Healthcare” “BK Medical” “SuperSonic Imagine” 

Manufacturer Philips Healthcare BK Medical SuperSonic Imagine 

Scanner iU22 Pro Focus 2202 Aixplorer® 

Probe C10-3V and C8-4v Prost. Triplane 8818 SE12-3 

Side-by-side view with contrast contrast contrast 

Transmit frequency (MHz) 3.5 4 3.2 

Frame rate (Hz) 9 9 27 

Average pixel spacing (mm) 0.17 0.16 0.16 

Number of images (#)   198 94 144 

Number of patients (#)   78 55 48 

Images per patient 1 to 4 1 to 2 3 

Age (yr) median (range) 62 (37 – 83) 65 (49-74) 65 (45-77) 

Prostate volume (mL), median 37 35 40 

Biopsy Gleason score (n, %)    

3+3=6 37 (47.4%) 30 (54.5%) 9 (18.8%) 

3+4, 4+3=7 32 (41.1 %) 19 (34.6%) 29 (60.4%) 

≥4+4=8 9 (11.5%) 6 (10.9%) 10 (20.8%) 
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two experts (C.M., R.W.). Edges between the hypoechogenic prostate tissue and the 
more hyperechogenic surroundings as well as the non-echogenic bladder served as 
visual cues for the manual delineation. In addition, fibromuscular structures including 
the prostate capsule, bladder wall, and ejaculatory ducts appear more hypoechogenic 
than the prostate tissue itself. Furthermore, periprostatic tissue, composed of adipose 
tissue, is more hyperechogenic than the prostate. In contrast to the TZ, the PZ appears 
relatively homogenous and often more echogenic.383,384 

 
5.2.3. Deep learning  
In this work, we propose a method based on deep learning, which is a neural-network 
approach in which images are described by a hierarchy of semantic features allowing 
pixelwise classification. We designed a fully convolutional neural network to map input 
TRUS images to output segmentations, an algorithm consisting of multiple nonlinear 
mappings (layers) that extract a hierarchy of representations at a plurality of scales. 
The main architecture is based on a particular widely adopted network topology, the 
‘U-net’.278 First the algorithm encodes the TRUS images into a latent feature space 
through a series of convolutional and subsampling (i.e., pooling) layers, after which it 
decodes this feature space into a categorically segmented output through an equiva-
lent number of ‘deconvolution’ layers. In total, the network is 14 convolutional layers 
deep, with almost 1 million trainable parameters. A softmax function is subsequently 
applied to yield pixelwise class probabilities. We used skip-connections between the 
encoder and decoder385 and employed batch normalisation to accelerate training con-
vergence.386 The algorithm was implemented in Keras with the TensorFlow (Google, 
Mountain View, CA) back-end and training and inference were performed on a Titan XP 
(NVIDIA, Santa Clara, CA). 

 
5.2.4. Data augmentation  
We promote convergence towards a model parameterisation that is invariant to several 
common variations in TRUS images, through an aggressive and extensive online data-
augmentation strategy. For each iteration, 60% of the image-annotation pairs are heav-
ily processed by applying random amounts of translation, rotation, scaling, shearing, 
elastic warping, cropping, blurring, contrast alterations, noise addition, and mirroring in 
the anterior-posterior axis. Practically, the network observes new and unique datasets 
throughout the entire training procedure, a frequently used method to reduce a model’s 
tendency to overfit the training set.278  

 
5.2.5. Supervised domain adaptation  
While data augmentation enables learning of a network that generalises well across 
TRUS images of different patients obtained in similar settings, it may fall short when 
employed on images obtained using an entirely different ultrasound system. We there-
fore exploit a supervised adaptation strategy by which we adapt the network to a new 
‘domain’ by including a small number of annotated training examples from this new 
domain. 
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5.2.6. Segmentation confidence  
Furthermore, we assess the confidence of each segmentation by a Bayesian 40-fold 
Monte-Carlo drop-out approach; we define areas with segmentation disconcordance 
to be of lower confidence.  

 

5.2.7. Conventional method  
As an example of a conventional model-based segmentation method, we tailored an 
edge-detection-based segmentation algorithm to our greyscale acquisitions based on 
Pathak et al.387 and Gong et al.388 This method will serve as the benchmark method for 
automated segmentation. 

 

5.2.8. Model validation 
Prior to analysis, the “Philips Healthcare” dataset was divided in a 54-patient training 
set and 24-patient test set. In order to analyse the “BK Medical” and “SuperSonic           
Imagine” sets, all patients in the “Philips Healthcare” set were used for training and the 
first ten patients of each set were selected for the supervised domain adaptation. Im-
age segmentations were subsequently compared to the manual delineations in terms 
of accuracy (i.e., number of correctly classified pixels compared to the total number of 
pixels in the image) and the Jaccard index,389 a measure for region overlap ranging from 
0 (worst) to 1 (best), alternatively referred to as the intersection over union. The Jaccard 
index is defined as the ratio between the shared surface and total surface of the two 
shapes that are compared. The maximum absolute distance between the delineations 
(i.e., Hausdorff distance389) was used to quantify the occurrence of local unexpected 
deviations. In addition, we test the image mean segmentation confidence as a measure 
of the overall segmentation quality. 

 

5.2.9. Statistical analysis  
As most performance measures were not normally distributed (as assessed by a 
χ2 normality test), the level of significance to compare differences within a dataset was 
verified using a Wilcoxon signed rank test. Between datasets, the level of significance 
was verified using the Wilcoxon rank sum test. Any p-value below 0.05 is considered 
significant. Unless otherwise stated, we refer to the median value (med) and its 5%–
95% confidence interval (CI). 

 

Table 5.2  Segmentation performance in comparison with conventional technique. 

Segmentation method Pixelwise accuracy (%) 
med (CI) 

Jaccard index 
med (CI) 

Hausdorff distance (mm) 
med (CI) 

Conventional method 95 (86 – 98) 0.81 (0.53 – 0.92) 7.8 (2.6 – 20) 

Proposed method 98 (95 – 99) 0.93 (0.80 – 0.96) 3.0 (1.3 – 8.7) 

Peripheral zone 97 (95 – 99) 0.75 (0.44 – 0.87) 5.1 (2.3 – 18) 

Transition zone 98 (96 – 99) 0.82 (0.65 – 0.93) 4.6 (2.2 – 7.9) 
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(a) Conventional method

(c) Ground truth

(b) Deep learning

 
Figure 5.1  Five examples of B-mode images from the “Philips Healthcare” dataset of prostatic 
segmentation by (a) a conventional algorithm, (b) the proposed deep-learning approach, and 
(c) expert annotations. 

 

(a) Deep learning “BK Medical”

(b) Ground truth “BK Medical”

(c) Deep learning “SuperSonic Imagine”

(d) Ground truth “SuperSonic Imagine”

 
Figure 5.2  Example B-mode images from the (a,b) “BK Medical” and (c,d) “SuperSonic Imag-
ine” datasets with segmentation by the proposed deep-learning approach and by experts. 
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5.3. Results 
5.3.1. Prostate segmentation 
In the “Philips Healthcare” test set of 44 images (from the last 24 patients), the deep-
learning approach yielded an improved accuracy of 98% (95% – 99%) compared to 95% 
(86% – 98%) (p < 0.001) for the conventional segmentation method and an improved 
Jaccard index of 0.93 (0.80 – 0.95) compared to 0.81 (0.53 – 0.92) (p < 0.001). The 
Hausdorff distance per-image was diminished to 2.99 mm (1.29 mm – 8.36 mm) from 
7.60 mm (2.59 mm – 19.79 mm) (p < 0.001), respectively. Figure 5.1 shows five exam-
ples reflecting that, although the conventional method generally generated good quality 
whole-gland segmentations, its performance was poor in low-contrast images, images 
containing bright calcifications, and images with shadow artefacts. The deep-learning 
approach was much more stable, only showing diminished performance in images with 
unusual structures (e.g., large cysts or extracapsular tumour growth) or large shadow 
artefacts (see also Section 5.3.4). Moreover, the segmentation time is suitable for real-
time applications, being 0.0129±0.0007 s instead of 11.2±0.5 s per image. 

 

5.3.2. Zonal classification 
To our knowledge, no algorithm for automatic zonal segmentation in TRUS has ever 
been proposed, as the zonal boundary is often even less pronounced than the glandular 
boundary or obscured by calcifications. Indeed, our zonal segmentation performance 
was lower than that of the gland contour delineation (Table 5.2). Since the PZ is often 
smaller, its delineation was generally less accurate. As some typical examples in Fig-
ure 5.1 demonstrate, zonal classification was fairly stable. For the envisaged appli-
cations in biopsy-needle placement, focal treatment planning, or evaluation of other 
TRUS modalities, as further discussed in the Section 5.4, this degree of accuracy may 
be considered sufficient. 

 

5.3.3. Scanner-adapted segmentation 
In deep learning, the classification performance is strongly dependent on the represent-
ativeness of the cases present in the training set. Therefore, using only the “Philips 

 

Table 5.3  Scanner-adapted prostate segmentation performance for the separate datasets.  

Test set 
from 

Training set 
from 

Pixelwise 
accuracy (%) 

med (CI) 

Jaccard 
index 

med (CI) 

Hausdorff 
distance (mm) 

med (CI) 

Philips Healthcare Philips 98 (95 – 99) 0.93 (0.80 – 0.96) 3.0 (1.3 – 8.7) p = 1 

BK 
Medical 

Philips 96 (89 – 98) 0.86 (0.57 – 0.94) 5.4 (1.7 – 16) p = 2.6·10-4 

Philips + sDA 97 (91 – 98) 0.90 (0.69 – 0.94) 3.4 (1.7 – 9.2) p = 0.37 

SuperSonic 
Imagine 

Philips 97 (90 – 99) 0.91 (0.72 – 0.95) 3.9 (1.4 – 15) p = 0.036 

Philips + sDA 98 (95 – 99) 0.93 (0.85 – 0.96) 2.8 (1.1 – 9.4) p = 0.54 
 

(sDA = supervised Domain Adaptation) 
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Healthcare” dataset, which differs in e.g. brightness, resolution, and image formation 
from other devices, the prostate segmentation performance was significantly lower 
when directly applied to the other datasets (Table 5.3). However, after supervised do-
main adaptation, the performance in the test set consisting of the remaining 45 and 38 
patients in the “BK Medical” and “SuperSonic Imagine” datasets was restored; the 
Hausdorff distances (i.e., the most discriminative measure) did not differ significantly 
from those achieved the original domain (i.e., Philips scanner). For the “Philips 
Healthcare”, “BK Medical”, and “SuperSonic Imagine”, we obtained Hausdorff distances 
of 3.0 mm, 3.4 mm (p = 0.37), and 2.8 mm (p = 0.54), respectively, Figure 5.2 exemplifies 
these results. 

 
5.3.4. Segmentation confidence  
An example of a segmentation confidence map is depicted in Figure 5.3a, highlighting 
low-confidence areas in white. In this case, the confidence map accurately accentuates 
the regions where prostatic segmentation deviated from the ground truth due to a 
shadowing artefact (posterior left in the prostate) and an unusual shape (anteriorly in 
the prostate). As shown in Figure 5.3c, there is a strong correlation between the image 
mean confidence and the corresponding Jaccard index (linear Pearson correlation co-
efficient of 0.72, p < 0.001). This measure could therefore be used to alarm the clinician 
in case of a potentially erroneous result. 

 
5.4. Discussion 
Due to its ability to detect significant PCa while reducing overdetection of indolent dis-
ease, targeted biopsy of MRI suspicious lesions is rapidly becoming common practice 
in the diagnostic pathway.131 Different MRI-TRUS fusion platforms have been devel-
oped to facilitate the needle guidance on real-time TRUS imaging as cognitive biopsy 
is likely dependent upon the experience and skill of the operator.390  

Automatic, real-time, and robust segmentation of the prostate and its main zones on 
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Figure 5.3 Example of (a) prostatic segmentation with associated confidence map, with the lower-
confidence pixels depicted in white-to-blue (b) the expert ground truth, and (c) a plot of the relation 
between segmentation confidence and the Jaccard index in the “Philips Healthcare” dataset. 
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TRUS imaging has great value for MRI-TRUS fusion technology and may help the 
adoption of such technique in clinical practice, as real-time online segmentation allevi-
ates the need for repeated manual delineation. TRUS is often performed free-hand, is 
susceptible to (speckle) noise, contains prostatic boundaries that are poorly visible or 
obscured by (shadow) artefacts,391 and exhibits large variations in image quality and 
appearance between operators and scanner manufacturers. Therefore, the robustness 
of the method was studied in large and highly varied patient cohorts, showing high ac-
curacy and generalisability. 

A limitation of the current study is the reliability of the ground truth. Even though we 
employed a five-person consensus panel of experts, manual prostatic segmentation – 
and, to a higher extent, zonal segmentation – is notoriously subject to inter-user vari-
ability.392 The use of consensus delineations rather than those of a single observer, 
however, enabled us to incorporate the shared vision of all experts to train the segmen-
tation algorithm. Another limiting aspect relates to the dataset consisting of patients 
with known prostate cancer, which may exhibit abnormal TRUS appearance.393 On the 
other hand, segmentation in this group is likely to be more difficult than in a healthy 
population, and can be considered more representative for patients undergoing TRUS 
biopsy. Although the test-set results presented in this study demonstrate the general-
isability of the algorithm, a follow-up in a larger cohort of patients referred for imaging-
targeted biopsy is still needed to establish this more definitively. Furthermore, as the 
fundamental mode in the side-by-side contrast view is generally of lower quality than 
the full B-mode, our datasets represent the worst-case scenario to the segmentation 
algorithm.  

The proposed approach achieves a similar degree of accuracy compared to prostate 
segmentation on MRI,394,395 even though TRUS segmentation is more challenging with 
a cognitive interobserver variability of already around 10% in prostate surface area.392 
It has been established that a technical registration error in the millimetre range can be 
considered sufficient for targeting a high-grade hotspot.396 Provided that prostate fu-
sion systems are appreciably accurate, this deep-learning approach can aid the fusion 
technology to attain the required level of precision.  

Apart from its value for fast and more accurate MRI-TRUS fusion, automatic (zonal) 
prostate segmentation could also be used for a more accurate and quick assessment 
of the gland’s volume,391 which is often reported to be operator-dependent, difficult to 
reproduce, and of limited accuracy.397 Real-time segmentation could also assist the 
urologist in needle positioning during biopsy.398 Moreover, zonal and prostate segmen-
tation are of utmost importance for planning (focal) therapy, such as brachytherapy,399 
and high-intensity focused ultrasound (HIFU),400 to clearly mark the capsule of the 
prostate in order to spare the tissue beyond that point. Moreover, it might also aid the 
reviewing of (shear-wave) elastography images or contrast-enhanced ultrasound vid-
eos in patients with a suspicion of prostate cancer. The TZ is much stiffer than the PZ 
and thus requires a different cut-off elasticity for lesions to be suspicious;401 similarly, 
the influx of contrast agents has been reported to be different in the two zones.28 Finally, 
this algorithm could well be combined with artificial-intelligence applications to analyse 
US images for the presence of prostate cancer, such as C-TRUS or quantitative ultra-
sound.141,143,J15 
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In the future, albeit beyond the scope of this study, it would be of interest to investi-
gate the effect of automatic, real-time segmentation on the reliability of the fusion 
biopsy procedure. As in-bore biopsy requires specialised equipment yielding compara-
ble results,23,375 an easy-to-use, reliable fusion system could facilitate a more rapid 
uptake of MRI-guided biopsy in the clinic. 

 

5.5. Conclusions 
Prostate segmentation in TRUS B-mode images is challenging and has been exten-
sively studied because of its clinical relevance, e.g. for MRI-TRUS fusion biopsy. We 
presented a deep-learning-based approach for fully automatic (zonal) prostate seg-
mentation and demonstrated its speed, reliability, and ability to adapt to different 
scanners on a large set of TRUS images from different institutions. Given the image 
variety in the current datasets, we expect that this adaptation ability can be extrapo-
lated to other manufacturers.  
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Part 2: On the Expansion of Contrast Ultrasound to Three Dimensions 
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6. Effective Clutter and Noise Suppression for Contrast-Ultrasound Anal-
ysis 
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ULTRASOUND ANALYSIS 
 

Adapted from: R.R. Wildeboer, F. Sammali, R.J.G. van Sloun, Y. Huang, P. Chen, M. 
Bruce, C. Rabotti, S. Shulepov, G. Salomon, B.C. Schoot, H. Wijkstra, and M. Mischi. 
Blind Source Separation for Clutter and Noise Suppression in Ultrasound Imaging: 
Critical Review for Different Applications. Submitted, 2019. 
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Abstract. Blind Source Separation (BSS) refers to a number of signal pro-
cessing techniques that decompose a signal into several “source” signals. In 
recent years, BSS is increasingly employed for the suppression of clutter and 
noise in ultrasonic imaging. In particular, its ability to separate sources based 
on measures of independence rather than their temporal or spatial frequency 
content, makes BSS a powerful filtering tool for data in which the desired and 
undesired signals overlap in the spectral domain. The purpose of this work 
was to critically review existing BSS methods and their potential in ultra-
sound imaging. Furthermore, we tested and compared the effectiveness of 
these techniques in the field of ultrasound super-resolution, contrast quan-
tification, and speckle tracking. For all applications, this was done in silico, in 
vitro, and in vivo. We found that the critical step in BSS filtering is the identi-
fication of components containing the desired signal and we highlighted the 
value of a priori domain knowledge to define effective criteria for signal com-
ponent selection. 

 

Keywords. Ultrasound Imaging ▪ Blind Source Separation ▪ SVD ▪ PCA ▪ ICA 
▪ NMF ▪ Microbubbles ▪ Super-resolution ▪ Speckle Tracking ▪ Contrast-En-
hanced Ultrasound 
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6.1. Introduction 
In recent years, increasingly advanced algorithms have been developed to analyse ul-
trasonic (US) acquisitions; from the generation of super-resolution images revealing 
vascular structures beyond the diffraction limit402,403 to the distinct extraction of time-
intensity curves in the cardiac system or well-perfused organs404,405 up to dedicated 
speckle-tracking algorithms to estimate strain406,407 in e.g. the heart, arteries, and 
uterus. The gravity of data preprocessing should not be overlooked when appreciating 
the impressive results obtained by these methods. Especially in clinical application, US 
data are often obscured by prevalent clutter sources, artefacts can arise due to patient 
or operator motion, and noise levels may well exceed those in laboratory conditions. 
Therefore, robust filtering is needed to separate the desired signal(s) from the unde-
sired signals prior to further analysis. 

Traditionally, clutter and noise suppression in US recordings is performed with tem-
poral filters (e.g., for clutter removal408) and spatial filters (e.g., for de-speckling409,410). 
Infinite and finite impulse response filters (IIR, FIR) as well as regression filters have 
been widely applied for this purpose.408,411–413 These filters rely on the assumption that 
the temporal or spatial frequency content of clutter, noise, and the signal of interest are 
distinctly different. This assumption is not always valid; there is thus a real risk of losing 
useful information or failing to remove signals that affect the performance of the algo-
rithms used for e.g. super-resolution and speckle tracking.  

In this respect, blind source separation (BSS) techniques have been receiving more 
and more attention. Unlike the aforementioned filters, BSS techniques decompose data 
into underlying “sources”, or components. Components corresponding to clutter or 
noise sources are subsequently discarded. Especially in blood flow imaging411,413–415 
and, more recently, ultrasound super-resolution imaging,416–418 BSS is increasingly ap-
plied. The identification of the clutter and signal components has been intensively 
studied. Although thresholds might be heuristically or empirically established, signal 
content can vary from application to application, between different acquisitions, or even 
within the same acquisition over time. Many authors therefore coin the need for gener-
alisable, adaptive filtering.411,414 

The purpose of this work was to critically review, evaluate, and compare several ex-
isting BSS methods as well as a wide range of (recently proposed as well as novel) 
adaptive criteria for clutter and noise suppression in US imaging. To this end, we tai-
lored the BSS filtering to three fields of interest: (A) super-resolution by US localisation 
microscopy; (B) contrast-enhanced US quantification by time-intensity curve analysis, 
and (C) US speckle tracking. As BSS in Doppler imaging has been most studied, we 
refer to some excellent papers on this subject for a treatise on effective BSS implemen-
tation in blood flow imaging.411,413–415 

Albeit the three included applications are ultrasound-based, very different features in 
the US videos are regarded as undesired. For example, whereas speckles are consid-
ered noise in contrast ultrasound, they are essential to speckle tracking. However, as 
these application fields are very broad, we only refer to the key articles of each applica-
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tion and focus more in-depth on the implementation of adaptive BSS filtering. This way, 
we provide the reader with guidelines for custom BSS filter design in ultrasound imag-
ing. 

This chapter is organised as follows. In Section 6.2, the theoretical framework of BSS 
is introduced and discussed. Section 6.3 elaborates on the use of BSS for the adaptive 
filtering of ultrasound data. Together these sections provide a general framework for 
the different strategies and implementations of dedicated US filtering that will be dis-
cussed and tested for the three different US applications. This is described in Section 
6.4. Finally, the results are discussed in Section 6.5 and conclusions are drawn in Sec-
tion 6.6. 

 

6.2. Theoretical framework and (blind) source separation methods 
6.2.1. Fundamentals of (blind) source separation 
Irrespective of the US imaging technique used, relevant information is to some extent 
distorted or obscured by undesired signals.419–421 In this work, we strive to specifically 
separate the desired signal from noise (i.e., random distortions of the signal; e.g., elec-
tronic noise), clutter (i.e., undesired, deterministic sources from the measurement 
space; e.g., tissue movement and multiplicative (speckle) noise), and artefacts (i.e., sig-
nal distortions caused by the operator, patient, or external structures; e.g., motion 
artefacts and shadowing). 

As we are interested in dynamic US acquisitions throughout this paper, we will refer 
to our observed signal using the Casorati matrix X of size Ns × Nt, with all our spatial 
dimensions condensed in the rows (i.e., Ns = Nx · Ny) and our temporal dimension dis-
tributed over the columns. X will be a mix of all above-mentioned sources. For BSS, we 
assume this mixing process occurs through linear combination, 

 

   signal noise clutter artefact   X X X X X . (6.1) 
 

When filtering, we aim to maximise our signal-to-noise ratio (SNR) by removing the 
undesired sources mixed into our observed image X. This procedure is often based on 
signal decomposition or basis transformation, that is, the mapping of the signal onto 
new bases that will enable discrimination and identification of the sources that make 
up the signal. When appropriate bases are found, a filtered output image is readily gen-
erated by transforming only a (weighted) subset of distinct signal components back to 
the image space. 

Traditionally, a priori knowledge of the signal and undesired sources is used to deter-
mine the basis onto which X will be projected. A widely used example of such a strategy 
is frequency filtering, where the sampled signals are transformed to the frequency do-
main through Discrete Fourier Transformation (DFT). When the spectral characteristics 
of the desired signal or, alternatively, of the undesired signals (e.g., high-frequency 
noise or interference by the power mains) are known, a filtered image can be recon-
structed by disregarding specific frequency components. Spatial filters (e.g., 
smoothing) work essentially in a similar fashion, filtering out undesired spatial frequen-
cies. In many applications, however, desired and undesired signals may be present in 
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the same (spatial) frequency bands, rendering the DFT strategy insufficient.408,411,413,422 
The same holds for other non-blind transformations, such as the discrete wavelet 
transformation often used in de-speckling strategies.409  

Another approach would be to determine the basis transformation adaptively, that is, 
depending on the signal statistics themselves. As we do not need prior information on 
the sources underlying our observations or how the mixture is formed, we refer to this 
strategy as blind source separation (BSS).420,423 Filtering is then a three-step process, 
consisting of (1) finding the bases that provide the best separation of sources; (2) iden-
tifying the components that should subsequently be (partially) removed from the signal; 
(3) mapping the remaining signal back to its original domain.422 In this section, the first 
and last step will be discussed; the second step will be treated in Section 6.3. 

 

6.2.2. Discrete Fourier analysis 
DFT is perhaps the most common form of non-blind source separation, where X is de-
composed into several frequency bands (in this case, these are the “sources”). In matrix 
form, the inverse DFT reads 
 

   T T1
DFT
X W Y ,  (6.2) 

 

where Y is a complex Ns × Nt matrix containing the magnitude and phase of every 
frequency component in each pixel and WDFT is the Nt × Nt DFT matrix,424  
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. (6.3) 

 

No information is lost during the procedure and the image can be fully restored 
through its inverse transformation. We refer to this as lossless. For comparison with 
BSS methods, we show that the representation of an individual frequency component 
k can be isolated through multiplication of the kth column of matrix Y and the kth column 
of the inverse DFT matrix, 
 

   T T
k k k

1
DFT,
X w y . (6.4) 

 

 

6.2.3. Singular value decomposition 
As said, in contrast to DFT where the bases are defined a priori, BSS infers them from 
the signal itself. One of the most frequently used BSS techniques is singular value de-
composition (SVD), a generalisation of eigendecomposition that decomposes any 
matrix X as425 

   TX UΣV .  (6.5) 
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Here, U is an Ns × Ns unitary matrix (i.e., orthogonal for real-valued inputs), Σ is a 
Ns × Nt pseudo-diagonal matrix containing the singular values σ as diagonal elements, 
conventionally in descending order, and V is an Nt × Nt unitary matrix. The columns in 
V can be viewed to contain the singular vectors carrying the temporal information cor-
responding to spatial information in the column vectors of U. Accordingly, we have sep-
arated k = min(Ns,Nt) sources that can be retrieved through 
 

   T
k k k kσX u v .  (6.6) 

 

Statistically, we have now decomposed our data into orthogonal subspaces. The vec-
tors uk in U and vk in V correspond to the eigenvalues of the autocovariance matrix of 
X,426 and therefore intrinsically provide a basis with maximum covariance. In fact, ac-
cording to the Eckart-Young theorem,427 a partial SVD provides the lowest rank 
approximation of X of all low-rank matrices and therefore, by definition, equals or out-
performs DFT in effectively decomposing X.411,428 This can be related to the 
minimisation of the nuclear norm, that is, the l1-norm of its eigenvalues. Although Σ is 
unique, its singular vectors are not. 

Furthermore, whereas SVD and DFT (see Equation 6.2) both create an orthonormal 
temporal basis (i.e., WDFT and VT respectively), the spatial vectors in Y are not by defini-
tion orthogonal as is UΣ. Interestingly, Demené et al. showed that for their US data the 
high singular vectors were associated with low-frequency and low singular vectors with 
high-frequency temporal signals.411 This is a consequence of the small (tissue-related) 
movements being more spatiotemporally coherent in blood flow imaging rather than a 
general rule, however, similar behaviour can be observed in many ultrasonic applica-
tions. On the other hand, for example, Sammali et al. found the frequency of periodic 
uterine contractions (and its harmonics) in the first few singular components as these 
make up the most dominant spatiotemporally coherent signals.429  

 

6.2.4. Principal component analysis 
SVD methods are often presented in the framework of principal component analysis 
(PCA), a widely used method for dimensionality reduction, decomposing an image into 
a new orthogonal representation that retains maximum covariance. There are several 
ways to perform PCA,430 but the simplest might be an eigendecomposition of the auto-
covariance matrix, 
 

   T( ) ( )  C X X X X .  (6.7) 
 

In this work, we will refer to PCA only if the orthogonal axes are also maximally decor-
related. When each column in X is centred (i.e., has a mean of zero) and standardised 
(i.e., has a standard deviation of 1), the autocovariance matrix translates into the auto-
correlation matrix. As such, PCA is also referred to as the Karhunen-Loève 
transform.412,431 Decorrelation can now be performed through eigendecomposition of 
the (square and symmetric) autocorrelation matrix, 
 

   T T R X X VΛV ,  (6.8) 
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where, similar to SVD, Λ contains the eigenvalues λ in descending order along the 
diagonal and the matrix V contains the temporal eigenvectors as columns, that is, the 
principal components. In fact, SVD can be exploited to perform PCA without having to 
perform eigendecomposition. Since V and U are unitary matrices,  
 

   T T T T T2  R X X VΣ U UΣV VΣ V .  (6.9) 
 

Accordingly, the eigenvalues of the autocorrelation matrix are related to the singular 
values through 
 

   k kλ σ2 .  (6.10) 
 

Following Equation 6.5, the spatial distribution of the principal components can be 
retrieved through U = XVΣ-1. Therefore, after centerisation and standardisation, one can 
perform ordinary SVD and retrieve the individual principal components through Equa-
tion 6.6. Subsequently, these components form the original image when multiplied with 
the former standard deviations and added to the mean that was retracted previously.  

 

6.2.5. Independent component analysis 
In the thus far described BSS techniques, the desired and undesired signals are as-
sumed to principally end up in distinct subspaces. Independence between the 
components is promoted by requiring them to be orthogonal and of maximum auto-
covariance. However, orthogonality does not necessarily indicate that the components 
are mutually independent and orthogonal axes might therefore not fully separate the 
different sources.412 

As opposed to eigendecomposition-related techniques, independent component 
analyses (ICA) decompose signals by assuming linear independence between the 
sources mixed into the observed signal.432 Often, ICA techniques iteratively maximise 
the non-Gaussianity of Nn sources. This originates from the underlying concept that, 
as the Central Limit Theorem states that the sum of independent random variables 
grows towards a Gaussian distribution, independent sources can be identified by their 
deviation from this Gaussianty.  

There is a wide range of possible cost functions ensuring non-Gausianity, of which 
kurtosis, (neg)entropy and mutual information are most employed.433,434 The kurtosis is 
easily implementable but often more sensitive to outliers. Negentropy, on the other 
hand, is a more robust and statistically elegant estimator of non-Gaussianity, but com-
putationally difficult to implement as it depends on e.g. sample counting or kernel-
density estimation.433 Therefore the negentropy is often approximated rather than fully 
calculated. For both cost functions, the data needs to be centred and standardised prior 
to analysis. Often the data are also whitened,435 so that signal components are uncor-
related like in PCA and the ICA problem is simplified. For uncorrelated, unit-variance 
data, the negentropy and mutual information differ only by a constant.433 

For ICA with Nn sources, it is assumed that components in an Nn × Ns source matrix 
S are linearly mixed into the observed signal by an Nt × Nn mixing matrix WICA following 
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   T T
ICA X W S N ,  (6.11) 

 

where N is the residual noise matrix, resulting from ICA not being lossless. In this 
formulation, the temporal independence between the bases vectors is promoted; like-
wise, a transposed Casorati matrix formulation of the ICA procedure would yield spatial 
independence.436 Choosing the number of independent sources Nn is not a trivial prob-
lem; it might be determined in an iterative fashion,437 by data-reduction through e.g. 
SVD prior to analysis,436 or using information theoretic criteria (see Section 6.3.1).438 

Once the number of sources is established, the unknown matrices WICA and S can be 
approximated for instance using the often used fastICA fixed-point iteration algorithm 
proposed by Hyvärinen.439 Other methods include the Joint Approximate Diagonalisa-
tion Eigenmatrices (JADE)440,441 and Information-Maximisation (InfoMax) algo-
rithms.442 Finally, in line with the other methods, also ICA allows the extraction of indi-
vidual components by multiplication of the kth column of matrix WICA and the kth row of 
matrix S, 
 

   T
k k kICA,X w s .  (6.12) 

 

The order of the independent sources in S depends on the initialisation of the iterative 
procedure. However, the sources can readily be arranged in descending order of the 
discrete-time signal energy (i.e., Ek = sT

ksk), provided that the corresponding columns in 
WICA all have the same energy.433 In contrast to PCA and SVD, the ICA-decomposed 
subspaces are not necessarily orthogonal. 

When the desired and undesired sources are indeed independent, ICA generally 
achieves more accurate separation.443 This is likely the case for additive noise and 
some distinct sources of clutter and artefacts. However, some other noise sources can 
be very much interdependent with the desired signal: for example multiplicative noise 
or the relation between blood flow and wall motion.412 Moreover, though WICA is as-
sumed stationary in this ICA approach, the mixing may be considerably time variant 
(i.e., nonstationary).444 

 

6.2.6. Nonnegative matrix factorisation 
Another BSS approach is nonnegative matrix factorisation (NMF). This method does 
not impose independence, orthogonality or maximum covariance, but aims to decom-
pose the observations X into a nonnegative Ns × Nn basis matrix WNMF and an Nt × Nn 
nonnegative encoding matrix H given a certain cost function,445,446 
 

   NMF X W H N . (6.13) 
 

Because also NMF is lossy, Equation 6.13 contains a residual noise matrix N. Similar 
to the other methods, individual components can be retrieved by multiplication of the 
kth column and kth row of WNMF and H:  
 

   k k kNMF,X w h .  (6.14) 
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An advantage of NMF is that the nonnegativity constraint leads to more physically 
intuitive bases than, for instance, ICA and PCA.445 Even though ultrasound images can-
not contain negative values, the bases found by the latter two methods usually have 
abundant negative values that cancel out when linearly combined to form the original 
image. In contrast, being nonnegative by definition, the NMF-bases in WNMF generally 
have more physical correspondence to the sources underlying X.446 

 

6.3. Adaptive filtering 
Now we turn to examining how BSS filtering strategies (as summarised in Table 6.1) 
can be tailored to an ultrasonic application. An essential step is the identification of the 
signal components. There are three approaches to select the appropriate subset of de-
sired components: empirically per acquisition or applicatione.g. 417,447–452 experimentally 
optimised per acquisition,e.g. 411,418 or adaptively based on the characteristics of the 
components.e.g. 413–415,422,429,453–456 

For the first two methods, respectively, a specific subset of components is defined 
manually or by experimentally maximising specific quality measures such as the con-
trast-to-noise ratio (CNR). The adaptive approach is generally more robust and 
generalisable, since it does not rely on qualitative assessment of decomposition char-
acteristics, which may differ considerably across acquisitions. Several adaptive criteria 
for component selection have been proposed in recent years. Traditionally, information 
theoretic criteria have been used for dimensionality reduction and thus for pruning the 
noise components from the signal. As these criteria are not able to identify the unde-
sired but deterministic clutter signals, also approaches based on e.g. each 
component's spectral content, spatial similarity, eigen- or singular value distribution 
have been considered (see Figure 6.1 for a schematic representation of the filtering 
paradigm and Table 6.2 for an overview of approaches). 

 

6.3.1. Information theory 
An advantage of information theoretic criteria for component selection is in that they 

 

Table 6.1  Details of (blind) source separation methods for ultrasonic application. 

Method Name Blindness Preprocessing Cost function Properties Invertibility 

DFT Discrete Fourier 
Transform a priori - - orthogonal lossless 

SVD 
Singular Value 
Decomposition blind - autocovariance orthogonal lossless 

PCA 
Principal 

Component Analysis blind 
centred /  

standardised autocorrelation orthogonal lossless 

ICA Independent 
Component Analysis blind centred /  

standardised kurtosis - lossy 

NMF 
Nonnegative 

Matrix Factorisation blind - 
root-mean-

square residual - lossy 
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do not rely on user-set thresholds; we consider only the components that are theoreti-
cally necessary to carry the information of our image and, consequently, regard the 
other components as noise. The optimal number of components arises as a trade-off 
between an as large as possible descriptive power (i.e., high log-likelihood) and an as 
low as possible model complexity (i.e., low number of components). There are several 
ways to weight this trade-off, of which the Minimum Description Length (MDL)457 and 
Akaike's Information Criterion (AIC)458 are the most common, that is,438,459 
 

    MDL k tE k L k k N k N
1

( ) ( ) ( (2 ))log
2

   , (6.15) 

 

 

   AIC kE k L k k N k( ) 2 ( ) 2( (2 ))   , (6.16) 
 

 

where Nk is the number of components and L(k) is the log-likelihood function. For 
SVD and PCA, Wax and Kailath459 formulated a description of the log-likelihood based 
on the eigenvalues, 
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Figure 6.1  Schematic representation of a BSS filtering strategy for super-resolution imaging, depicting 
(1) the original data, (2) SVD, (3) component selection, (4) linear combination of the remaining compo-
nents, and (5) the filtered data. Component selection might be based on (a) the distribution of the 
singular vectors, (b) the spectral content of the temporal singular vectors, (c) the autocorrelation within 
the spatial singular vectors, or (d) a sparsity model of the spatial components. 
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To apply information theoretic filtering, we include only the first k components, where 
k minimises either EMDL(k) or EAIC(k), a method that has been proven useful for subspace 
selection in e.g. contrast-ultrasound velocity imaging.35 For ICA and NMF, on the other 
hand, the number of sources (i.e., components) is predefined. It has been proposed to 
use the MDL and AIC criteria to determine the number of (independent) sources that 
have to be assumed for the best description of the data.438  

 
6.3.2. Noise modelling 
Instead of selecting the components that contain signal, we could also identify those 
that contain noise. Again, for ICA and NMF, the number of sources should be chosen 
such that noise-containing components are avoided. For SVD and PCA, however, a ma-
jority of the components will predominately consist of noise. As described by Marčenko 
and Pastur,460 a random matrix will have a set of eigenvalues that log-linearly decreases 
in value. This fact can be exploited by identifying the component number after which 
the eigenvalues start decreasing linearly in the log-domain.415 

In a more pragmatic implementation of this principle, Yu and Lovstakken422 describe 
noise removal from Doppler acquisitions by excluding components with an eigenvalue 
that is too similar to the previous one (λk/λk—1 ≈ 1). Alternatively, one could also exclude 
those components of which the eigenvalues only explain the remaining amount of var-
iance (i.e., restricting the cumulative percentage variance, CPV),414,453 or those of which 
the eigenvalue is below the average eigenvalue.453 Finally, examining the spatiotem-
poral entropy of each component, one can appreciate that signal and noise 
components usually occupy a low-entropy and a high-entropy domain, respectively. 
Gaussian noise exhibits maximum entropy.461 

 
6.3.3. Signal energy 
Unfortunately, the two aforementioned approaches are only designed to separate 
(white) noise from deterministic signals. To remove clutter signals from a recording, we 
should take a closer look at our component characteristics. In fact, closely related to 
the previous approach, one could assume that clutter, signal, and noise differ in their 
contribution to the signal energy. In flow imaging, for example, the strongest signals 
are usually associated with clutter and the lowest with noise.411,414,448 

For ICA and NMF, each component's signal energy could be considered. In SVD and 
PCA, the removal of the strongest components is easiest by examining the eigenvalues 
and (partially) rejecting those above a certain cut-off (λk > λc).413,422 Another approach 
is to examine the slope of the singular value distribution and defining different regimes 
that are associated with clutter, signal, and noise.414 Here, the “turning points” in the 
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Table 6.2  Filtering approaches for BSS component selection. 

Method Criterion 
Domain 
Knowledge* 

Super- 
resolution 

Speckle 
Tracking 

TIC 
Modelling 

Empirical Arbitrary Subset of 
Components417,447–449,451,452       

Experimental Maximum CNR411,418,462      

Information Theory ●Minimum Description Length N/A - - - 

 ●Akaike's Information Criterion N/A - - - 

Noise Modelling ●Marčenko-Pastur Noise415 N/A - - - 

 ●Singular Curve Slope422 [σk+1/σk]c >0.99 >0.99 >0.99 

 ●Cumulative Percent Variance414 Var(Xk)c >99/9% >90% >20% 

 ●Average Eigenvalue453 N/A - - - 

 ●Spatiotemporal Entropy N/A - - - 

Component Energy 
●Singular Value Magni-
tude413,422,456 

σc; λc 1 ~1010;107 - 

 ●Relative Singular Magnitude414 σc [dB] >-20 dB 
>-55 dB (h) 
>-100 dB (u) 

>-20 dB  

 ●Singular Curve Turning Point414 N/A - - - 

Spectral Content Spectral Power Density414,422,429  fc >10 Hz 
0.5-1.5 Hz (h) 
0.04-0.06 Hz (u) 

<0.15 Hz 

Spatial Coherence 2D Autocorrelation 
2D FWHM-
radiusc <0.13-mm 

>0.21-mm (h) 
>0.25-mm (u) 

>0.5-mm 

 Spatial Frequency Spectrum   ξc >3.3 mm-1 
<0.1 mm-1 (h) 

<0.5 mm-1 (u) 
<0.75 mm-1 

 Spatial Similarity Matrix414,454,455 N/A - - - 

Model Fitting Goodness-of-fit model; єc sparsity periodicity LDRW 

● = SVD, PCA only; *[●]c = cut-off value; h = heart; u = uterus. 

 

singular curve defined by local minima in the curvature radius mark the transition be-
tween regimes. 

 

6.3.4. Spectral content 
Another way to separate clutter and noise from the desired signal, is by investigating 
each component's spectral content. This can be done by requiring the selected com-
ponents to have at least a certain fraction of their spectral density within a pre-set 
frequency band. This approach differs from the DFT approach in that not all frequency 
components outside the desired band are filtered out, but only those that are not in 
some way related to the desired sources.  

For example, Sammali et al. determined a band of singular components for speckle 
tracking of uterine motion, based on the component's spectral energy within the clini-
cally relevant bandwidth of uterine contractions,429 and Yu and Lovstakken reported on 
removing components with a mean Doppler value in a certain clutter frequency band.422 
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Alternatively, Wu et al. enhanced motion artefacts prior to motion compensation by it-
eratively determining the weights for every PCA component so that the full-image 
energy content within a predefined frequency band was maximised with respect to the 
total.463 

 

6.3.5. Spatial coherence 
In a similar approach, one could look at the spatial content of each component. As all 
spatial dimensions are condensed in the Casorati matrix, the spatial image of each 
component first has to be reconstructed. Subsequently, for example, the spatial fre-
quencies present in each spatial vector reflect the size of the structures that are 
visualised and could therefore be used to select smaller-scale structures such as indi-
vidual bubbles in super-resolution imaging. 2D spatial autocorrelation quantified by e.g. 
the 2D full width half maximum may represent a more robust measure for spatial co-
herence; white noise would have the shape of a delta function, whereas highly coherent 
effects such as shadowing might have a very broad profile. Alternatively, there has been 
looked at the spatial similarity between the different spatial singular vectors.414,454,455 
Specific blocks of high spatial similarity were found to be related to clutter, signal, and 
noise, and the boundaries of the signal block were adaptively estimated.  

 

6.3.6. Model fitting 
Finally, one could also only select those components of which the temporal or spatial 
vectors have expected shapes. For instance, when filtering out the bolus dynamics 
from a contrast video, only the components that have a bolus-like shape are usable. 
Analogously, super-resolution components should exhibit sparsity and for speckle 
tracking in cardiac or uterine movies a certain degree of periodicity can be assumed. 
Components with a significantly different behaviour are likely to contain clutter or noise. 
It should be noted however that, in particular for SVD and PCA, only the combination of 
certain components might make up a meaningful source signal. 

 

6.4. Application of BSS filtering in ultrasound imaging 
To evaluate the described adaptive BSS framework, we applied this type of filtering in 
three different US applications: (A) US localisation microscopy, (B) time-intensity curve 
modelling, and (C) US speckle tracking. Since for each application different source sig-
nals are considered desired and undesired, we briefly introduce each application and 
its dedicated BSS filtering. To compare the results to nonfiltered or conventionally fil-
tered data, we also introduce an objective performance measure for verification both in 
silico and in vitro. Finally, we also apply BSS filtering to an in-vivo example of each ap-
plication. For reference, the adopted application-specific thresholds are listed in Table 
6.2. 

 

6.4.1. Ultrasound localisation microscopy 
Super-resolution microvascular imaging by ultrasound localisation microscopy (ULM) 



94 

  

Chapter 6 

is a relatively recent development within the field of US, primarily inspired by advances 
in optical super-resolution.464 It exploits the known backscattering nature of ultrasound 
contrast agents (UCAs), which are microbubbles with a size comparable to blood ves-
sels, to track and visualise their position with a higher precision than the resolution of 
the imaging system.403 This way, super-resolved images can be generated that reveal 
vascular structures beyond the diffraction limit. 

Accurate, uncorrupted detection of isolated UCA signals is vital to this technique. Its 
fidelity is therefore largely affected by noise, clutter, and movement. Even if contrast-
specific imaging is used,465 signals arising from tissue are still present. To cope with 
this problem, SVD-filtering is already widely applied for this purpose, aimed at removing 
the spatiotemporally highly coherent clutter components below a certain singular value 
cut-off that is pre-set,416,417,449 or adaptively determined to optimise tissue-vessel con-
trast.415,418 However, there might still be (higher-singular-order) components that only 
carry noise.414,415 Isolation of the UCA signals is therefore often two-fold: (1) separation 
of microbubbles and tissue and (2) removal of electronic and speckle noise.  

In our BSS framework, we therefore assess a combination of component selection 
methods. First, for the lossless methods only, we remove the noise using information 
theoretic criteria or noise modelling. Subsequently, we examine either the spatiotem-
poral spectral content, spatial coherence, energy, or sparsity of each component. As 
the tissue moves slowly compared to blood and is spatially much more coher-
ent,411,414,448 we favour high-frequency and spatially low-coherent components. 
Component sparsity is quantified by the normalised kurtosis of the spatial vector 
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 with Q being the quantisation levels and n the number of elements.466 Moreover, two 
“turning points” have to be identified to separate the three regimes. 

In this work, we implemented a basic US localisation microscopy approach. Single 
UCA centroids were localised in the beamformed image assuming a Gaussian-shaped 
point spread function, similar to Errico et al.402 BSS was applied to the RF data for all 
methods except NMF, as the nonnegative nature of backscatter intensity can only be 
exploited after envelope detection. Subsequently, the super-resolution performance 
was quantified by the localisation F1-score, which reads 

   
TLF

TL FL ML1
2

2 2


 
, (6.19) 

 

in which, for each pixel, TL accounts for a true, FL for a false, and ML for a missed 
localisation. The F1-score is hence a reflection of the trade-off between wrong and 
missed localisations. 

 

6.4.1.1. In-silico verification 
Ultrasonic imaging of microbubbles travelling through a (micro)vascular network was 
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simulated by propagating 26 microbubbles with random backscatter coefficients along 
digitally generated trajectories at ~2 mm/s (comparable to 5th generation microvascu-
lature),467 in a similar approach as Van Sloun et al.416 Subsequently, we mimicked the 
tissue signal by adding 500 scatterers of random backscatter intensities that were on 
average 1/3 lower than that of the microbubbles. These tissue scatterers moved to-
gether following a random walk at a speed of approximately 0.2 mm/s. Image 
formation was then simulated through the 7 MHz-modulated point spread function 
(PSF): a 2D Gaussian with standard deviation 0.14-mm and 0.16-mm in axial and lat-
eral direction, respectively. The simulation resulted in a 2-s contrast-enhanced US 
(CEUS) video, with a pixel spacing of 0.03×0.03 mm and a frame rate of 400 Hz. 

We found that especially the SVD-based approach in combination with spectral, turn-
ing-point, and sparsity-based criteria yielded the best F1 scores of 0.76, 0.73, and 0.72, 
respectively. A spectral threshold of f > 10Hz (roughly resembling the PSF travelling at 
2 mm/s) and a sparsity threshold of κ�4 > 8 (corresponding roughly to half the κ�4 of 13 
PSFs in an empty measurement domain) were adopted. For comparison, the nonfil-
tered and DFT-filtered image yielded scores of 0.19 and 0.50, respectively. Although the 
noise threshold did not significantly affect the performance, appropriate thresholds al-
lowed substantial reduction in the number of components to be included. ICA and NMF 
had difficulty in representing the sparse source signals, but could identify the clutter. 
Subsequently, subtracting the clutter sources from the original video led to an appre-
ciable F1-score of 0.76. We refer to Figure 6.2-1 for an illustration of the filtering 
performance. 

 

6.4.1.2. In-vitro verification 
We evaluated both spectral and sparsity-based BSS filtering on an in-vitro phantom 
consisting of two 300-μm channels crossing each other in a slab of polyacrylamide. 
The phantom was infused with a 1/500 dilution of ~1 mL SonoVue® UCA (Bracco, Mi-
lan, Italy) and imaged with a Vantage ultrasound system (Verasonics, Seattle, WA), 
equipped with a 3.5-MHz L11-4V probe, at a frame rate of 100 Hz, a resolution of 5 mm, 
and a reconstructed pixel spacing of 0.15×0.15 mm. In Figure 6.2-2, it can be appreci-
ated how the filtering effectively removes the background clutter. Using a photograph 
of the phantom as reference, an F1-score of 0.67, 0.71, and 0.72 was maintained for the 
spectral, turning-point, and sparsity-criteria in the in-vitro situation. In contrast to the 
simulations, the choice of noise criterion was more critical to ensure a high super-res-
olution performance. Especially the noise modelling strategies (i.e., Marčenko-Pastur) 
proved useful, the information theoretic criteria being too strict due to the dominance 
of clutter. The ICA approach failed to remove the clutter. 

 

6.4.1.3. In-vivo verification 
To assess the performance of the BSS techniques in vivo, we filtered a high frame-rate 
CEUS acquisition of a rat spinal cord. For this, a Sprague-Dawley rat (Harlan Labs, In-
dianapolis, IN, USA) was imaged at the University of Washington.468 The study was 
approved by the Institutional Animal Care and Use Committee and all appropriate 
guidelines were followed. The spinal cord was exposed by laminectomy. After tail-vein 
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infusion of 0.15 mL of Definity® (Lantheus, N. Billerica, MA), 400-Hz CEUS was per-
formed with the Vantage scanner (Verasonics, Seattle, WA) equipped with a 15-MHz 
transducer. A power-modulation scheme was adopted for contrast enhancement.469 
The video consists of 720 frames and has a pixel spacing of 0.03×0.03 mm; the super-
resolved image has a 10-μm pixel spacing. 

The spectral and sparsity threshold were adjusted to f > 50 Hz and a sparsity thresh-
old of κ�4 > 25 to fit the in-vivo acquisition. In absence of a ground truth, we can only 
qualitatively compare the images (see Figure 6.3-3). Whereas the sparsity-based and 
turning-point approaches could not remove all artefacts, the spectral approach was 
robust for in-vivo use.  

 

6.4.2. Contrast-ultrasound time-intensity curve analysis 
The intravascular nature of UCAs does not only allow CEUS imaging to visualise vas-
cularity, but it can also be used for quantification of blood flow and perfusion. Over the 
years, several methods have been developed to extract meaningful features from the 
evolution of contrast intensity over time, referred to as time-intensity curves (TICs).470 
For example, extracted parameters were shown to correlate with tumour presence or 
progression (after treatment) in e.g. liver, thyroid, breast, kidney, and prostate.471,472 In 
addition, CEUS quantification has been shown useful to estimate e.g. pulmonary blood 
volume.473,474 Quantification of CEUS can be performed either using a bolus injection405 
or a continuous infusion combined with a disruption-replenishment technique.475 
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Figure 6.2  (1) In-silico verification of BSS for super-resolution imaging, depicting maximum intensity 
projections and super-resolution images overlaying the artificial vascular phantom. (2) Super-resolu-
tion image of a phantom with two diagonal vessels, compared with a photographic ground truth. (3) 
Super-resolution image of a rat's spinal vasculature after SVD-spectrally-filtered data preprocessing. 
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In the remainder of this section, we will focus on filtering CEUS videos for lesion lo-
calisation in the prostate using a bolus injection. However, the implementation can 
readily be extrapolated to perfusion quantification in other organs. More specifically, 
BSS was employed to retrieve the TIC wash-in time (WIT), a heuristic parameter often 
used to assess tissue perfusion.470 The performance was quantified by both the coef-
ficient of determination (R2) reflecting the goodness-of-fit of the TIC by the physics-
driven local density random walk (LDRW) model184,405 and the relative error in the WIT 
estimation (ΔWIT) at each pixel. As the influx of UCAs is the dominant signal in these 
CEUS videos, all single-threshold techniques were implemented such that the high-
frequency, low-coherence, and noise-containing components are removed. 

 

6.4.2.1. In-silico verification 
2D CEUS imaging of the prostate was simulated using a ~4×4-cm 2D phantom image 
containing two lesions. For each pixel (~0.5 mm, reflecting the resolution of a iU22 
commercial scanner (Philips, Bothell, USA) at ~4 cm)186 TICs were simulated using the 
LDRW model and parameters typically encountered in malignant lesions (i.e., κ = 
1±0.1 s-1 and 2±0.1  s-1; μ = 25±1 s and 15±0.1 s) and benign tissue (i.e., κ = 0.5±0.1 s-1; 
μ = 30±0.1 s).184 The resulting videos were subsequently degraded by multiplicative 
noise, a scanner-specific point spread function modelled by a Gaussian spatial 
smoothing filter (σx = 1 mm), a sinusoidal 1-mm motion artefact resembling a breathing 
frequency of 0.2 Hz,372 random-walk displacement representing manual probe han-
dling, and Gaussian-distributed electronic noise (SNR of ~4 dB compared to mean 
signal).   

All BSS methods and component selection criteria were evaluated for this simulation. 
In general, the relevant TIC dynamics were captured in the first few components of each 
BSS technique (see Figure 6.3-1). Although many selection criteria yielded a similar 
performance, spectral thresholding of PCA and ICA were generally superior in terms of 
median goodness-of-fit (both R2 > 0.99), and error in parameter estimation, ΔWIT = 5% 
and 5.1%, respectively. The unfiltered, 0.15-Hz DFT, and 0.5-mm spatially smoothed 
images yielded performances of R2 = 0.14, 0.94, and 0.71 and ΔWIT = 12.2%, 12.1%, 
and 5.5%, respectively. 

 

6.4.2.2. In-vitro verification 
In-vitro testing comprised a sponge encapsulated in gelatin that was perfused with a 
bolus of 1-mL SonoVue® (Bracco, Milan, Italy) UCA dilution in 10~mL saline and imaged 
in contrast-mode with the Vantage ultrasound system (Verasonics, Seattle, WA), using 
a 3.5-MHz L11-4V transducer, at a frame rate of 50 Hz and pixel spacing of 0.18×0.18 
mm. Recordings were performed with the probe fixed to the set-up, with the probe sub-
jected to controlled motion, and with the probe undergoing irregular hand-held 
movements. After filtering, the TICs were measured at each pixel, linearised, and fitted 
by the LDRW model. The unfiltered and 0.5-mm spatially smoothed data could be fitted 
with an R2 of 0.17 and 0.66 in the fixed scenario, and 0.14 and 0.44 in the worst-case 
scenario, respectively. Both spectrally filtered PCA and ICA were able to generate data 
with R2-scores of 0.87 and 0.83 in the fixed, and 0.54 and 0.62 in the worst-case          
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scenario. The WIT estimates were similar over all methods. 

 
6.4.2.3. In-vivo verification 
In a prospective 48-patient trial at the Martini Clinic (University Hospital, Hamburg-Ep-
pendorf, Germany), patients with biopsy-proven prostate cancer underwent three CEUS 
recordings with an Aixplorer® ultrasound scanner (SuperSonic Imagine, Aix-en-Pro-
vence, France) equipped with a 3.2-MHz SE12-3 probe at a frame rate of 27 Hz. After 
radical prostatectomy, prostate histopathology was matched to the CEUS images by 
assigning benign and malignant regions of interest. By extracting the pixelwise WIT in 
those regions, we evaluated this metric's diagnostic potential in terms of the area under 
the Receiver Operating Characteristics curve (ROC-AUC). 

By appending the preprocessing with a spectral-threshold-based SVD, we found an 
improvement in tumour classification compared to the conventionally filtered record-
ings, increasing the ROC-AUC from 0.66 to 0.68 for prostate cancer. The goodness-of-
fit (R2) improved only slightly from 0.68±0.07 to 0.69±0.12, but we observed a substan-
tial decrease in the number of TICs that could not be fitted by the LDRW model (from 
23% to 14%). Hence, the use of BSS substantially improved the parametric maps, also 
increasing the classification performance. Figure 6.3-3 shows an example of filtered 
images. 

 

 

Figure 6.3  (1) First four component vectors after SVD and ICA of an in-silico transrectal CEUS video 
of the prostate with two, early-enhancing regions. (2) TIC modelling results of the contrast bolus in-
fused into a sponge phantom, with and without a deliberate artefact. (3) Unfiltered and SVD-spectrally-
filtered in-vivo CEUS video with the corresponding R2 and WIT maps; a prostate cancer lesion was 
found at the location of the arrow. 
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6.4.3. Ultrasound speckle tracking 
US speckle tracking (ST) imaging allows quantitative evaluation of global and regional 
tissue motion. A speckle is commonly defined as a typical spatial distribution of 
greylevel values in US B-mode images caused by constructive and destructive interfer-
ence of reflections from individual tissue scatterers, forming a unique and deterministic 
pattern. ST techniques track the speckle pattern during subsequent frames allowing for 
motion and strain imaging analysis. ST by US imaging is an active field of research that 
has already been translated into several applications; in particular, for cardiovascular476 
and muscular477 investigations, vector Doppler imaging,478–480 and, recently, for the as-
sessment of uterine motion outside pregnancy.429  

US loops recorded e.g. in the heart, skeletal muscle, and uterus comprise slow and 
fast tissue movement, respiratory motion, stationary tissue clutter, shadowing, and 
other artefacts. For this work, we studied the effect of BSS filtering prior to US ST in an 
in-silico cardiac image sequence, an ex-vivo uterine motion acquisition, and an in-vivo 
uterine recording. Similar to TIC modelling, the desired signal is generally the most 
prominent signal in this application and thus the first few BSS components were se-
lected for the single-threshold methods. Furthermore, as we apply ST to periodic 
movements, we adopted periodicity as an additional criterion for component selection. 
For this criterion, we compute the normalised temporal autocorrelation of each com-
ponent and only include those with a sufficiently high autocorrelation peak (i.e., >0.6) 
aside from the one at zero-lag.  

To objectively assess the tracking quality in terms of agreement with the reference 
motion before and after BSS filtering, the Pearson correlation coefficient (Pearson r) 
and Mean Squared Error (MSE) were employed as metrics. 

 

6.4.3.1. In-silico verification 
To study the effect of BSS filtering on ST echocardiography, a synthetic 2D cardiac US 
acquisition was simulated and tracked over several cardiac cycles. The video was gen-
erated using a 3D finite-element model of the human living heart that follows cardiac 
excitation and contraction based on a two-field finite-element formulation of coupled 
electrical and mechanical fields.481 The finite-element nodes moving with the mechan-
ical deformation of the heart served as US scatterers. A 2D four-chamber view by a 
phased-array transducer was created by 3D modelling 161 scan lines positioned every 
0.6° in a coronal plane. For each line, all scatterer contributions were simulated by a 
convolution between the scatterer location and the location-dependent PSF. This PSF 
was approximated by assuming a Fraunhofer pressure field modulated by a four-cycle 
2.5-MHz cosine function in the propagation direction. In order to reduce the side lobes 
of the rectangular transducer, Hamming apodisation was adopted.482 Prior to generat-
ing a 54-Hz multicycle US heart video through demodulation of the scanlines, clutter 
and Gaussian noise were introduced in the RF data. A resulting 2D US image of the 
heart is shown in Figure 6.4-1. 

On the 2D US synthetic heart image, speckles associated with tissue deformation of 
the left ventricle (LV) can be identified and tracked by calculating frame to frame 
changes. Out-of-plane motion occurs due to rotation and motion of the heart into the 
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chest cavity, and may cause the disappearance of the speckles over a few frames.483 
In this work, a pyramidal Lucas-Kanade optical flow method was implemented for the 
tracking, as this method provides sufficient tracking accuracy for large and fast mo-
tion.484 Two blocks were manually selected in the LV wall (Figure 6.4-1) and tracked 
over time during three cardiac cycles of the video, both before and after BSS filtering. 
The estimated motion of the tracked blocks, calculated as the absolute motion (i.e., 
Euclidean distance from the initial position), was compared with the absolute motion 
of the corresponding scatterer in the 3D finite-element model.  

All BSS methods and component selection criteria were evaluated for this in-silico 
verification (Figure 6.4-1). Only four selection criteria yielded an improved performance 
compared to unfiltered US image sequences. Among these four criteria, the CPV of 
SVD-filtered data revealed to be generally superior in terms of correlation coefficient 
(Pearson r = 0.71±0.07) while [0.5 Hz – 0.15 Hz]-spectral thresholding of the SVD was 
superior in terms of MSE (MSE = 0.00048±0.00032 mm2). ST on the unfiltered US image 
sequences yielded performances of Pearson r = 0.64±0.06 and MSE = 0.13±0.11 mm2, 
respectively. 

 

6.4.3.2. In-vitro verification 
The use of BSS filtering in ST in vitro and in vivo is evaluated in US imaging of the uterus. 
Similar to the heart, uterine US loops not only capture the uterine motion (i.e., uterine 
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Figure 6.4  (1) 3D finite-element model of a human heart and the corresponding 2D US simulation that 
was SVD-spectrally- and CPV-filtered prior to ST. (2) Experimental set-up inducing controlled, rhyth-
mic motion during 2D US imaging of an ex-vivo uterus; the blocks’ position during deflation and 
inflation used for ST are indicated in the unfiltered uterine images. (3) Unfiltered and SVD-spectrally-
filtered US uterine video used for the comparison of motion tracking along the (a) longitudinal and (b) 
transversal direction. 
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peristalsis), but also fast motion of neighbouring organs, respiration, and probe motion. 
First, all BSS methods and component selection criteria were evaluated in an ex-vivo 
human uterus, removed by laparoscopic hysterectomy, undergoing controlled and 
rhythmic motion to establish a reference for the assessment of ST performance. The 
US acquisitions were performed at the Catharina Hospital (Eindhoven, The Nether-
lands). The patient signed an informed consent; all the acquired US postsurgical loops 
were exempt from relevant ethical committee approval.  

The controlled motion was generated by a dedicated experimental set-up described 
by Sammali et al.;485 a sinusoidal displacement of a syringe piston was generated by 
an electromagnetic actuator injecting saline water through a balloon catheter inserted 
into the uterine cavity. Rhythmic inflation and deflation of the uterine cavity was gener-
ated with a period of 20 s corresponding to a frequency of 0.05 Hz, representing the 
averages during the most active phase of the menstrual cycle.486 Reference for the 
uterine motion was realised by inserting two needles in the myometrial wall.  

Four-minute US recording were performed immediately after surgical removal of the 
uterus with an US scanner WS80A (Samsung Medison, Seoul, South Korea) equipped 
with a transvaginal V5-9 probe imaging at 5.6-MHz central frequency. The employed 
frame rate was 30 Hz, amply sufficient to meet the Nyquist condition given the limited 
bandwidth of the uterine motion.487 A block-matching ST technique was applied based 
on 12 blocks that were manually positioned around each needle marker, as described 
by Sammali et al.485  

In general, the relevant uterine dynamics were captured in the first few components 
of each BSS technique. Many selection criteria yielded comparable ST performances in 
terms of Pearson r between the average of the 12 blocks and the needle marker, but 
spectral thresholding of SVD performed best both in Pearson r (0.84±0.15) and MSE 
(0.29±0.24 mm2), outperforming ST of the unfiltered data (Pearson r = 0.66±0.38; MSE 
= 0.34±0.30 mm2). As uterine dynamics are slower than the heart contractions, a fre-
quency interval fc = [0.04 Hz – 0.06 Hz] was used. 

 

6.4.3.3. In-vivo verification 
For the ethical-committee-approved study described by Sammali et al.429, several 
healthy women underwent four-minute US recordings during four selected phases of 
the natural menstrual cycle, suggested to indicate variations in uterine contractility.488 
The US scanner and settings were the same as in the in-vitro acquisitions and four 
blocks were manually defined along the myometrial wall in the fundus area, which is 
considered to be the most contractile part of the uterus. These four sites were then 
tracked over time by a dedicated US ST algorithm429 and the Euclidean distances be-
tween longitudinal and transversal pairs, as shown in Figure 6.4-3, served as a measure 
of absolute motion. 

For this work, we evaluated spectral thresholding of SVD adjusting the frequency in-
terval to fc = [0.008 Hz – 0.066 Hz] to cover the entire motion range of the different 
menstrual cycle phases. We extracted the median frequency (MF) form both filtered 
and unfiltered distance signal as representative of uterine motion frequency for the 
given example in Figure 6.4-3. The filtered signal presented MF = 0.0360 Hz while the 
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unfiltered signal yielded MF = 0.0176 Hz, indicating that the BBS-filtering produces bet-
ter estimates when values reported in the literature for the specific menstrual phase 
are considered as ground truth (0.035-0.055 Hz).487 Indeed, as can be appreciated in 
Figure 6.4-3, larger uterine motions can be tracked, which may lead to a more robust 
estimate of the MF.  

 

6.5. Discussion 
In this work, we reviewed and compared several BSS approaches for noise and clutter 
suppression in US recordings. As the nature of a desired signal differs among applica-
tions, it is important to tailor a filtering approach to the acquisition at hand using 
specific domain knowledge. Furthermore, although the decompositions comprising 
BSS are intrinsically adaptive, the retrieval of the signal subspace is often performed 
manually. Adaptive strategies to identify the components that make up de desired sig-
nal are far from established; therefore, we also focussed on several adaptive criteria for 
component (i.e., “source”) rejection. After all, even though it is possible that the qualita-
tively best-looking images are formed using a heuristic or empirical rather than an 
adaptive approach, especially when optimising CNR, such a strategy has limited gen-
eralisability and reproducibility. Clutter source dominance as well as noise levels can 
substantially change from acquisition to acquisition. Whereas Demené et al. found that 
the cut-off value is not critical,411 we have observed substantial differences in the ap-
plications investigated. A similar experience is reported by Baranger et al.414 

For the discussed applications, well-tailored BSS filtering outperformed the more tra-
ditional filtering techniques. The reason for this is that BSS exploits the statistical 
independence or orthogonality of the image “sources”; therefore, it is less affected by 
overlap of clutter and noise in the spatial or temporal (frequency) domain. Over all US 
applications considered, SVD in combination with spectral thresholding performed 
best. This way, effectively, also the known temporal characteristics of the desired 
sources were exploited; non-noise high-frequency components revealed UCA signals 
in ULM, the low-frequency components harboured the TIC information, and a well-cho-
sen frequency passband allowed for the separation of cardiac and uterine motion from 
uncorrelated sources and noise contamination in US ST. Of all BSS techniques exam-
ined, SVD best isolated the temporal components for this purpose.  

Furthermore, whereas ICA and NMF show benefit for TIC modelling, they under-per-
form for super-resolution. This is the result of the linear mixing matrix not being able to 
represent a source translation over time. We believe that for blood flow imaging, where 
clutter is abundant but blood vessels are less sparsely infused, also ICA and NMF could 
be considered. Also in US ST, NMF underperformed compared to the other BSS meth-
ods, possibly because periodic motion is best approximated by allowing negative 
values. This effect can be appreciated within the first few components of the in-silico 
TIC modelling validation, where the simulated breathing frequency is clearly visible. 

A drawback of BSS techniques is in that they generally require substantially more 
computational power and time compared to conventional filters, in particular when 
dealing with the vast amount of data obtained in ultrafast imaging and long-running 
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acquisitions. As all spatial dimensions are collected as rows in the Casorati matrix, fil-
tering can easily extended to volumetric videos. In fact, as discussed by Demené et 
al.,411 the availability of a larger spatial support might even lead to an improved BSS 
performance.  

Although beyond the scope of this article, there are methods available to speed up 
processing without compromising the accuracy or effectiveness of the decomposition 
itself; for example, randomised SVD447 or a blockwise method as proposed by Song et 
al.415 The latter method even allows for a more accurate clutter and noise rejection, as 
it can adapt to spatial variations in SNR and resolution. Alternatively, one could think of 
an approach in which frequency requirements are adjusted during the recording, for 
example, having a different frequency threshold for different phases of the cardiac cy-
cle.411 In one such approach,452 the ideal clutter cut-off was manually initialised for the 
first 60 frames, and then adaptively retained by tracking the evolution of singular values 
for each consecutive 60-frame SVD as the coronary ultrafast Doppler video pro-
gressed.   

Even more promising are approaches that circumvent filter cut-off values by inte-
grating filtering in the BSS algorithm. For example, in a low-rank plus sparse 
methodology known as robust PCA,489 implemented in MRI490,491 and more recently in 
ultrasound,492,493 sparse and low-rank (highly coherent) elements are separated in an 
alternating two-step fashion. This way, remaining overlap between signal and clutter in 
the SVD components is even further minimised. Separation of sparse and low-rank 
matrices is also studied for Sparse Signal Separation.494–496 Moreover, deep learning 
could be utilised to speed up the recovery of sparse sources.416  

It remains to be investigated, whether a gradual rather than a hard threshold can im-
prove BSS filtering by avoiding block artefacts as mentioned by Mauldin Jr et al.413 
Furthermore, although most authors use a cut-off value and some observe artefacts 
caused by partial removal of a complementary subset of components,429 the inclusion 
of only consecutive singular components is not strictly required. As shown in Figure 
6.3-1, a single component could represent an artefact whereas the surrounding com-
ponents carry the desired signal. This is however dependent on the application and 
should be studied in more detail. 

  

6.6. Conclusion 
BSS filtering is increasingly applied to US acquisitions and exhibits great potential for 
effective noise and clutter suppression. However, as BSS as well as subspace selection 
have to be tailored to an application, the choice and dedicated design of such a filter is 
of vital importance. Here, we have determined the best domain-knowledge-based, 
adaptive approaches for BSS filtering in several US applications. 
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7. Three-Dimensional Convective-Dispersion Modelling  
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van der Linden, P. Huang, H. Wijkstra, and M. Mischi. Convective-Dispersion Mod-
eling in Three-Dimensional Contrast-Ultrasound Imaging for the Localization of 
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Abstract. Despite being the solid tumour with the highest incidence in west-
ern men, prostate cancer (PCa) still lacks reliable imaging solutions that can 
overcome the need for systematic biopsies. Dynamic contrast-enhanced ul-
trasound imaging (DCE-US) allows us to quantitatively characterise the 
vascular bed in the prostate, due to its ability to visualise an intravenously 
administered bolus of contrast agents. Previous research has demonstrated 
that DCE-US parameters related to the vascular architecture are useful 
markers for the localisation of PCa lesions. In this work, we propose a novel 
method to assess the convective dispersion (DCD) and velocity (vCD) of the 
contrast bolus spreading through the prostate from three-dimensional (3D) 
DCE-US recordings. By assuming that DCD and vCD are locally constant, we 
solve the convective-dispersion equation by minimising the corresponding 
regularised least-squares problem. 3D multiparametric maps of DCD and vCD 

were compared to 3D histopathology retrieved from the radical prostatec-
tomy specimens of six patients. With a pixelwise area under the Receiver 
Operating Characteristic curve of 0.72 and 0.80, respectively, the method 
shows diagnostic value for the localisation of PCa. 

 

Keywords. Prostate Cancer ▪ Dynamic Contrast-Enhanced Ultrasound ▪ 
Convection ▪ Dispersion ▪ 3D 
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7.1. Introduction  

The most recent cancer statistics list prostate cancer (PCa) as the most common non-
cutaneous malignancy among American men, and the third most occurring cause of 
cancer-related death.497 To date, however, there is no imaging modality considered to 
be sufficiently reliable for the diagnosis of PCa. This leaves the ≥10-core systematic 
biopsy procedure as the guideline-recommended strategy for detection and grading of 
PCa.7 Due to the focal, heterogeneous nature of PCa, this procedure has a known risk 
of missing significant PCa lesions or underestimating its aggressiveness.12 Conversely, 
the associated detection of pathologically insignificant PCa leads to overdiagnosis.13 
Reliable imaging is considered key for the reduction of the number of needle-cores by 
targeted biopsy,6 reduction of low-grade PCa detection, planning and monitoring of fo-
cal therapy,16 and follow-up in active surveillance.498 

Currently, multiparametric magnetic resonance imaging (MRI), ultrasound shear-
wave elastography, ultrasound spectral analysis and dynamic contrast-enhanced ul-
trasound (DCE-US) are studied as advanced imaging tools for the localisation of PCa 
with increasingly promising results.6,28,499,500 In this work, we focus on DCE-US, in which 
~10-μ-sized gas-filled microbubbles (ultrasound contrast agents, or UCAs) are specif-
ically imaged by exploiting their nonlinear response.501 Since UCAs do not leave the 
blood stream, a DCE-US video of their wash-in and wash-out in the prostate can be 
used to characterise the underlying vasculature.405 This is particularly important, as  
clinically significant PCa lesions alter the vascular architecture due to angiogene-
sis.68,502 UCA transport kinetics have therefore been studied thoroughly as markers for 
the localisation of PCa.256 

Whereas one might expect a PCa lesion being characterised by a simple increase in 
perfusion due to increased microvascular density, the effect of cancer growth on the 
vasculature appears to be more ambiguous and heterogeneous in nature;502,503 for in-
stance, a higher fraction of tortuous vessels and raised interstitial pressure might just 
have the opposite effect on perfusion. By viewing the multi-trajectory spreading of the 
bolus through the prostate as dispersion, the UCA behaviour can be modelled as a con-
vective-dispersion process. The essence of DCE-US video quantification is the 
extraction of physical parameters underlying this type of processes. 

For instance, it was shown that fitting a modified local density random walk model to 
the measured time-intensity curve (TIC), diagnostically useful parameters related to 
perfusion and dispersion could be derived.184 In another approach, the similarity be-
tween TICs was successfully used as a dispersion-related measure for the localisation 
of PCa.36,186 In particular, the spatiotemporal correlation (referred to as r) between the 
TIC of a single pixel with its neighbours in a ring-shaped kernel provided a good quan-
tification of this similarity.504 Dispersion and velocity were also directly calculated by 
system identification and their value as markers of PCa imaging has been shown.35 
Whereas the model-based approach characterises the UCA behaviour at each pixel in-
dividually, the spatiotemporal approaches quantify the contrast kinetics between 
multiple pixels. 

Until recently, these techniques were limited to a two-dimensional (2D) imaging 
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plane. Three-dimensional (3D) DCE-US acquisitions enable tissue characterisation of 
the entire gland with just one UCA-bolus injection. As a result, the risk of missing le-
sions is reduced and the procedure time is shortened. Another advantage is that the 
assumptions on blood flow directionality needed for the evaluation of the UCA kinetics 
in 2D data are alleviated, enabling full 3D modelling of the kinetic behaviour of UCAs in 
the prostate. The similarity analysis has already been extended to 3D.176,505 A system-
atic-biopsy validated study showed that especially r exhibits a good performance in the 
localisation of PCa.188 For this, similar to the 2D implementation, the TIC from each 
voxel is compared to the TICs from surrounding voxels in a shell-shaped kernel and the 
degree of similarity, r, is seen as a measure for the dispersion within the kernel. 

In this work, in contrast to similarity assessment as a measure for dispersion, we aim 
at estimating convective dispersion and velocity by directly modelling the 3D behaviour 
of the UCA bolus spreading through the prostate as a convective-dispersion process. 
Different from the 2D analysis, we do not have to make assumptions on out-of-plane 
kinetics; therefore, we can solve the convective-dispersion equation through least-
squares optimisation to quantify the local contributions of convective dispersion and 
convection to the UCA transport kinetics. We analysed the resulting 3D parametric 
maps in a multiscale fashion and validated their ability to locally detect PCa by com-
parison with histopathology. 

 
7.2. Materials and methods 

7.2.1. Convective-dispersion modelling 
7.2.1.1. Definition of the least-squares problem 
The transport kinetics of the UCA concentration, C(x,y,z,t), which henceforth will be re-
ferred to as C for notational convenience, are considered to be governed by the 
convective-dispersion equation in three dimensions,506,507 
 

    tC =  C C    D v ,  (7.1) 
 

for which we define D as the locally constant convective dispersion tensor, 
 

   
xx xy xz

yx yy yz

zx zy zz

D D D
D D D
D D D

 

 
 
   
 
  

D  , (7.2) 

 

and v as the locally constant velocity vector, 
 

   
T

x y zv v v    , ,    v . (7.3) 
 

By modelling the concentration kinetics as such, we consider a macroscopic, spa-
tially averaged transport process through the vascular bed rather than the kinetics of 
individual UCAs. This approach is similar to the treatise of multi-trajectory, anisotropi-
cally diffusive flow in porous media.506–508  
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Since Dxy = Dyx, Dxz = Dzx, and Dyz = Dzy, and the remaining six independent convective 
dispersion and three independent velocity elements were assumed to be locally con-
stant, the convective-dispersion equation expands to:509 

 

t xx xx xy xy xz xz yy yy yz yz

zz zz x x y y z z

C D C D C D C D C D C
                D C v C v C v C

    2 2 2
  .

          

       
 (7.4) 

 

High-frequency noise is amplified during the computation of derivatives. This effect 
is mitigated by computing the concentration gradients through convolution between 
the data and Gaussian derivatives in space and time.510 Defining σx and σt as the stand-
ard deviations in space and time, respectively, we generate the required four-
dimensional derivatives of the Gaussian function 

 

   
x t

x y z tg x y z t a
σ σ

2 2 2 2

2 2, , ,     exp
2 2

         
. (7.5) 

 

in which a is a normalisation constant such that the area under the function is equal 
to 1. 

The nine elements that define the convective-dispersion process can be calculated 
by solving the least-squares problem based on Equation 7.4: 
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and 

   
T

xx xy xz yy yz zz x y zD D D D D D v v v      , , , , , , , ,    β . (7.9) 
 

Here, *x,t is the convolution in space and time, and β� is the least-squares estimate of 
β. 

The inference of convective-dispersion coefficients from experimental concentration 
measurements is an inverse problem which is notoriously ill-conditioned, as discussed 
by Sattin et al.511 Therefore, we add an l2-norm regularisation term to the minimisation 
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problem: 

   
2 2

2 2
   arg minˆ  ββ y Zβ β . (7.10) 

 

This strategy penalises extreme values in the β-estimate, β�, to an extent that is con-
trolled by the regularisation parameter ℓ. 

As the size of y might change, either due to a longer acquisition time (i.e., more 
frames) or a change in the number of voxels over which the least-squares problem is 
evaluated, we define a size-independent regularisation parameter ℓ0. This parameter 
relates to ℓ through ℓ = ℓ0n, in which n is the number of elements in y. 

We successively perform the minimisation procedure (i.e., Equation 7.10) in a moving, 
spherical kernel around each voxel of interest. The size of the kernel is defined by its 
diameter, s. The problem is solved by an elastic-net approach:512 
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in which I is a 9×9-identity matrix and 0 is a 9-element zero-vector. 

The regularised minimisation procedure is performed using QR factorisation as im-
plemented in Matlab™ (MathWorks, Natick, MA, USA). To limit computation time, the 
necessary convolutions are carried out in the frequency domain, using Gaussian func-
tions spanning 24 mm in each direction and 32 s in time. This spatiotemporal support 
was sufficiently large for the largest-scale Gaussian function. 

Finally, we condense the estimates of D and v into a scalar convective dispersion- 
and velocity-specific parameter, respectively. The estimate of the dispersion tensor will 
be presented in terms of the apparent (convective) dispersion coefficient, DCD, similar 
to the apparent diffusion coefficient in diffusion-weighted MRI.513,514 The degree of dis-
persion will therefore be defined as the magnitude of the trace Tr(D) divided by three,  

 

    CD xx yy zzD D D D1             
3

   . (7.14) 

 

The (convective) velocity vector will be quantified by the magnitude of its coefficients, 
 

   CD x y zv v v v2 2 2      . (7.15) 
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7.2.1.2. Multiscale analysis 
At a specific time scale (i.e., σt), we expect the highest speed that can be captured for a 
certain spatial support (i.e., a certain choice of σx) to scale with σx/σt. Since we consider 
a macroscopic view of the vascular network, any change in σx would make the analysis 
become sensitive to different physiological scales in speed and size. For example, we 
expect feeding vessels to be more dominant over microvasculature when the range 
over which the spatial gradients are calculated increases. Therefore, we hypothesise 
that taking the mean over several scales that are sensitive to the microvasculature 
could improve the characterisation of the underlying tissue.  

 
7.2.2. Validation methodology 
7.2.2.1. Simulational validation 
As a first step in the validation of convective-dispersion modelling, we generated a da-
taset simulating contrast boli travelling or dispersing for a range of velocities and 
dispersion coefficients, respectively. For the velocity estimation, nine boli travelling at 
speeds equidistantly ranging from 0.25 mm/s to 2.25 mm/s in the y-direction were 
simulated at different locations (xi,zi) following 
 

 

   
     yi ix x y v t z z

C x y z t C
γ

22 2

0, , ,   exp
              

. (7.16) 

 

 

Here, we used C0 = 400 a.u. and γ = 8 mm2. The concentration units correspond to 
those of the linearised log-compressed data; these values were chosen to reflect the 
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signal intensities observed in clinical DCE-US recordings. To simulate typically-en-
countered noise, we added Rayleigh-multiplicative noise515 and convolved with a 
Gaussian point-spread-function of 1.1 mm, which is the lateral resolution of our system 
at 25 mm.176 Subsequently, we added Gaussian-distributed noise with a standard de-
viation of Cn = 10 a.u. 

Analogously, we simulated nine concentration sources at different locations (xi, yi, zi) 
that diffuse equivalently in all directions. To this end, we used the Gaussian probability 
function that is the solution to Equation 7.1 with v = 0 and a uniform diffusion tensor 
with all its diagonal components equal to dispersion coefficient D, ranging equidistantly 
from 0.2 mm2/s to 1.8 mm2/s:513,516 

 

  
 

     i i ix x y y z zCC x y z t
DtπDt

2 2 2
0

3, , ,   exp
44  

            
.  (7.17) 

 

Here, C0 of 5·108 a.u. was chosen. Analogously to the simulation highlighting different 
velocities, noise was added. For both simulations, the simulation space spans 
55×55×55 cubic voxels of 0.75-mm size across 20 frames at a frame rate of 0.25 Hz. 
Figure 7.1 depicts an impression of the simulated videos. In order to appreciate the 
effect of scale selection for the analysis, σx was varied from 0.75 mm to 3 mm. The 
analysis was run using ℓ0 = 0.1 and σt = 4 s in a moving spherical kernel with 
s = 7 voxels. 

To investigate the combined impact of velocity and dispersion on the estimation, we 
separately simulated all nine combinations of D = 0.33, 0.66, and 1.0 mm2/s with v = 0.5, 
1.0, and 1.5 mm/s. For this, the convection-term in y-direction has been added to Equa-
tion 7.17.  

Moreover, to determine the optimal settings for the convective-dispersion analysis, 
we systematically evaluated the impact of different values of ℓ0 (i.e., 0.01, 0.05, 0.1, 0.5, 
and 1) and the diameter of the evaluation kernel s (i.e., 3, 5, 7, 9, and 11 voxels). A σt 
equal to 4 s and σx equal to 3 mm were used as default, so that the entire range of 
dispersion coefficients and speeds were covered. The performance for each pair of ℓ0 
and s is quantified by the absolute value of the mean percentage error (AMPE) between 
estimation and ground truth of vy and DCD in the respective simulations. This measure 
was chosen as it also penalises systematic under- or overestimation. 

 

7.2.3. Experimental validation 
Two-minute 3D DCE-US acquisitions were performed at the Second Affiliated Hospital 
of Zhejiang University (Hangzhou, Zhejiang, China) in six patients that were referred for 
radical prostatectomy. Written informed consent was obtained. Patients received an 
intravenous 2.4-mL bolus injection of SonoVue® (Bracco, Milan, Italy) and were subse-
quently scanned in contrast mode with a LOGIQ E9 scanner (GE HealthCare, 
Wauwasota, WI, USA) equipped with an RIC5-9-D endocavitary transducer driven at 
4 MHz. The volume rate was maximised by setting the image quality 'B' to 'low' and the 
output power, AO%, was kept at '10' to avoid disruption of microbubbles. A two-minute 
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recording time captures the full wash-in and wash-out of microbubbles and is therefore 
sufficiently long for our analysis. Furthermore, it was shown in a previous publication 
that the volume rate (~0.25 Hz) is still sufficient to resolve clinically relevant contrast-
agent kinetics.176 

Preprocessing of the DCE-US loops comprised the linearisation of the data and the 
spatial downsampling to a voxel spacing of 0.75 mm × 0.75 mm × 0.75 mm, as de-
scribed by Schalk et al.176 The video frame rates remained ~0.25 Hz. Using the same 
range of scales σx, our method was applied to the experimental data; gradients were 
calculated in the Fourier domain and the least-square minimisation procedure was per-
formed for each pixel within the prostate with ℓ0 = 0.1 and s = 7 voxels. The σt was set 
to the frame rate of the video. The resulting 3D parametric maps were postfiltered using 
a Gaussian spatial filter with a standard deviation of 1.5 mm (i.e., 2Δx, approximately 
half the kernel radius). 

The radical-prostatectomy specimens were sectioned, haematoxylin and eosin-
stained, and histopathologically examined283 by an experienced uropathologist, mark-
ing tumour surface and Gleason score.517 Subsequently, the histopathologic data were 
digitally reconstructed in 3D using radial basis functions,J14 and registered to the 3D in-
vivo prostate with a surface-based algorithm.287 Tissue with a Gleason score equal or 
higher than 3+3 was considered to be malignant. The dataset consisted of radical-
prostatectomy specimens with PCa of Gleason score 3+3=6 (1×), 3+4=7 (3×), 4+5=9 
(1×) and 5+4=9 (1×). 

Based on the 3D histopathology, voxels were assigned to either the benign or the 
malignant class. In light of known registration errors in 3D reconstruction, 1.5 mm,J14 
and registration, 2.1 mm,287 we did not take into account voxels within a 3.6-mm error 
margin from the region boundaries. To assess the diagnostic value of our method, Re-
ceiver Operating Characteristic (ROC) curves were generated using the parametric va-
lues in the included voxels. The number of benign voxels was downsampled to the size 
of the malignant set prior to the ROC analysis (i.e., ~15·103 voxels). The optimal oper-
ating point in the ROC-curve (i.e., the point closest to the one with ideal sensitivity and 
specificity) allowed us to extract the optimal threshold value for each parametric map. 

 

7.3. Results 
7.3.1. Simulation results 
In Figure 7.2, we present the proposed method's performance in capturing the transport 
kinetics of the simulation containing nine travelling non-dispersing contrast boli. Its 
ability to resolve different speeds has been visualised by depicting vy, vx, and DCD along 
three cross-sectional lines perpendicular to the trajectory of the boli. The graphs show 
the mean values along these lines over 11 x,y-planes in the middle of the simulation 
domain. The results per value of σx are depicted in horizontal rows, showing that a 
larger σx highlights higher velocities. In a similar fashion, the simulation results with 
nine non-moving dispersive boli are depicted in Figure 7.3. 

The simulations shown in Figure 7.4 demonstrate the method's ability to assess a 
process with both dispersion and velocity, using the same settings for ℓ0, s, and σt. The 
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Figure 7.2  Simulation results for nine boli convecting at different speeds: (a) y-velocity maps for σx = 1 
mm and σx = 2 mm in the centre of the simulation space; (b) estimation of the y-velocity and x-velocity 
as well as (c) the apparent dispersion coefficient, respectively, for multiple scales σx measured at three 
lines shown in (a). The ground truth velocities and dispersions are appended at the bottom of (b) and 
(c), respectively, displayed in red. 

 

 
Figure 7.3  Simulation results for nine boli dispersing at different rates: (a) DCD maps for σ = 1 mm and 
σx = 2 mm in the centre of the simulation space; (b) estimation of the y-velocity and x-velocity as well as 
(c) the apparent dispersion coefficient, respectively, for multiple scales σx measured at three lines shown 
in (a). The ground truth velocities and dispersions are appended at the bottom of (b) and (c), respectively, 
displayed in red. 
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figure should be read as a table; the degree of dispersion grows with each row, whereas 
the simulated velocity increases column-to-column. It can be seen that all values of D 
and vy can be resolved, irrespective of their combination. 
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Figure 7.4  Simulation results of boli that both disperse and travel with different combinations of disper-
sion coefficient and speed: average result in y-direction for vy and DCD in the 21 x,z-planes after the 
“injection site” to ensure the bolus has not dispersed below the noise floor within the measurement area. 
 
 
 

D
AMPE

 / v
AMPE

 = 

130 / 13

99.8 / 6.9

80 / 0.69

85 / 3.5

69 / 5.4

60 / 0.041

39 / 3

36 / 6.3

32 / 8.1

21 / 9.9

31 / 7.3

19 / 8.3

10 / 10

9 / 13

2.7 / 14

30 / 28

35 / 29

36 / 30

38 / 31

40 / 33

53 / 40

54 / 40

55 / 41

55 / 42

56 / 44

     

 

 

 

 

 

0

10

20

30

40

50

60

70

80

90

100

10 -2 10 -1 10 0

0
 (s = 7)

0

20

40

60

80

100

ab
so

lu
te

 m
ea

n 
pe

rc
en

ta
ge

 e
rro

r (
%

)

(b)

3 5 7 9 11

s (#) (
0

 = 0.1)

(c)

3

5

7

9

11

0.01 0.05 0.1 0.5 1

    

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

     

 

 

 

 

 

   

 
 

 
 

    

100

0

50

ℓ0

s
[#

]

s [#]  (ℓ0 = 0.1)ℓ0 [-]  (s = 7)

10-2 10-1 100 3 7 11

100

20

40

60

80

(b) (c)

(a)

AM
PE

 [%
]

69 / 5.4 21 / 9.9 27 / 14 40 / 33 56 / 44

85 / 3.5 32 / 8.1 9 / 13 38 / 31 55 / 42

80 / 0.69 36 / 6.3 10 / 10 36 / 30 55 / 41

99.8 / 6.9 39 / 3 19 / 8.3 35 / 29 54 / 40

130 / 13 60 / 0.041 31 / 7.3 30 / 28 53 / 40

DAMPE / vAMPE:

velocity
dispersion

 
Figure 7.5  The absolute value of the mean percentage error (AMPE) between estimation and ground 
truth along the three centre lines in the velocity- and dispersion-based simulations for different combi-
nations of the l2-norm regularisation parameter, ℓ0, and kernel diameter, s; the colours depict the mean 
value between the dispersion and the velocity simulation, whereas the numbers indicate the dispersion 
/ velocity AMPE, respectively. (b,c) Visualisation of the AMPE dispersion vs. velocity trade-off for s = 7 
and ℓ0 = 0.1, respectively. 
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7.3.2. Optimisation results 
In Figure 7.5, the performance of different combinations of ℓ0 and s are depicted. Taking 
into account that vy and DCD should be equally well estimated, the simulations reveal 
that an ℓ0 of 0.1 provides the most balanced trade-off between accuracy in the v and 
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Figure 7.6  Exploded view example of 3D parametric maps with the tumour delineations in red based 
on the 3D histologic model shown in (i); (a,e) DCD and vCD for σx = 1 mm, respectively, (b,f) DCD and vCD 
for σ = 2 mm, respectively, (c,g) the mean DCD and vCD over σx = 0.75 mm, σx = 1 mm, and σx = 1.5 mm 
and (g) the corresponding map of spatiotemporal correlation, r. For each image, the colour bars range 
from 0 to the 97th percentile of the value distribution. In (h) a few B-mode cross-sections of the same 
prostate are shown. 

 
Table 7.1  Area under the ROC curve for DCD and vCD (optimal threshold) at different scales. 

scale DCD vCD 

σx = 0.75 mm 0.68 (≥0.009 mm2/s) 0.77 (≥0.11 mm/s) 

σx = 1.0 mm 0.70 (≥0.027 mm2/s) 0.79 (≥0.20 mm/s) 

σx = 1.5 mm 0.70 (≥0.092 mm2/s) 0.79 (≥0.42 mm/s) 

σx = 2.0 mm 0.65 (≥0.18 mm2/s) 0.75 (≥0.57 mm/s) 

σx = 2.5 mm 0.57 (≥019 mm2/s) 0.70 (≥0.69 mm/s) 

σx = 3.0 mm 0.52(≥0.21 mm2/s) 0.68 (≥0.97 mm/s) 

multiscale 0.72 (≥0.04 mm2/s) 0.80 (≥0.24 mm/s) 
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DCD estimates. As the size of the kernel also affects computation time, the validity of 
the locally constant assumption, and the final resolution of the maps, we set a small s 
of 7 voxels (i.e., kernel radius = ~2.6 mm) for the remaining part of the paper. This value 
also provides the best trade-off between vCD and DCD in Figure 7.5. 

 

7.3.3. Experimental results 
The 3D DCE-US videos of six patients were preprocessed and analysed using the de-
scribed method. In Figure 7.6, the registered parametric maps of DCD and vCD of one 
prostate are shown, alongside an illustration of the 3D histopathology and a parametric 
map of r, generated following the method of Schalk et al.,176 that underwent the same 
postfiltering procedure. In Table 7.1, the area under the ROC curve (ROC-AUC) is used 
as a measure for the diagnostic performance in distinguishing voxels that harbour be-
nign and malignant tissue. The ROC-optimal thresholds are tabulated between 
brackets. A similar analysis shows that r achieves an ROC-AUC of 0.78 (≥0.29). Fig-
ure 7.7 depicts this result alongside the best performing scale of DCD and vCD, that is, σx 
= 1.5 mm. In a multiscale approach, which we implemented by taking the average value 
of σx = 0.75 mm, σx = 1 mm, σx = 1.5 mm, we were able to achieve a minor improvement 
in performance. Any other combination of scales yielded a lower performance.  

 

7.4. Discussion 

The diagnosis of PCa still lacks an imaging solution that is sufficiently reliable for a shift 
from systematic biopsy towards image-targeted biopsy.7 In this paper, we propose a 
method to quantify the transport kinetics of a UCA bolus in a 3D DCE-US video by solv-
ing the convective-dispersion equation in a spherical kernel around each voxel in the 
imaging domain. We assume the dispersion and convection parameters to be constant 
within said kernel, compute smooth concentration gradients using Gaussian deriva-
tives, and subsequently solve the regularised least-squares problem of the equation. 

In the first part of this work, we demonstrated the method's ability to retrieve the con-
vective-dispersive behaviour of contrast distributions from simulated DCE-US 
recordings. We clearly find that larger scales enable us to resolve larger speeds or 
higher rates of convective dispersion. Indeed, as the scale of concentration gradients 
in time remains constant, larger spatial support is required to capture these effects, 
especially at low volume rates. However, larger scales reduce the spatial resolution of 
the parametric maps; this is why σx was only chosen sufficiently large to resolve the 
convective behaviour of interest. 

Although only dispersive processes were simulated in Figure 7.3, also large speed 
values were obtained. This might be partly explained by the nature of the simulation, 
where the contrast kinetics in between two boli dispersing at a different rate might be 
perceived as flow, and partly because of the large intensity gradients in the vicinity of 
the dispersive cores. Still, the magnitude of DCD is shown to scale accurately with the 
degree of dispersion along the boli.  

In clinical data, the spatial distribution and perceived values of DCD and vCD also vary 
with the chosen scale (see Figure 7.6). Over the years, the modelling of macroscopic 



118 

  

Chapter 7 

behaviour of microvascular beds has received quite some attention.508,518 Pries et al.467 
modelled the blood flow in the microvasculature as a function of the blood vessel gen-
eration (i.e., the number of branches between the vessel and the feeding vessel), finding 
blood flow velocities from roughly 2 mm/s for 5th generation vessels to 0.5 mm/s at the 
20th generation. This order of magnitude has been confirmed in the measurement of 
skin capillary blood flows, in which an average flow of 0.47 mm/s was obtained.519 We 
hypothesise that by increasing σx and thus the scale over which contrast gradients have 
to persist, increasingly larger vascular structures will become dominant in the estima-
tion. As angiogenesis primarily affects the microvasculature,68 we aimed at the highest 
achievable resolution; therefore, we may prefer lower scales that are sensitive to veloc-
ities in the range of 10th to 20th generation vessels, between 0.5 mm/s and 1 mm/s.467 
Taking into account the maximum resolvable speeds in the simulations, this might ex-
plain why the lower scales yield the highest tumour classification performance. 

As stated in the methods, we regard the obtained convective-dispersion effects as 
the spatially averaged behaviour of UCAs, similar to the analysis of flow in porous me-
dia;506–508 we cannot distinguish the behaviour in the subresolution-sized micro-
vasculature (which have lengths ranging from 0.3 to 0.5 mm518), but rather the average 
flow dynamics over all pathways within the voxels of interest. In contrast to dispersion 
of TICs, of which lower values were shown to be a marker of malignancy,35,36,184 con-
vective dispersion seems to be increased in PCa regions. This intuitively corresponds 
to the heterogeneous nature of the angiogenic vascular bed503 and thus the variety of 
pathways in cancerous regions. Previously reported parameters related to dispersion 
(i.e., κ,184 r,186 and the Péclet number35) reflect the point-to-point effect of UCA disper-
sion and velocity. Whereas r quantifies the average impact of the multi-trajectory path 
from the inner voxel to all voxels in its surrounding kernel, it does not take into account 
the directional effects within the kernel. These effects are captured by DCD and vCD, 
which might explain why vCD seems to be a more indicative parameter for PCa with            

 

 
Figure 7.7  The distribution of (a) DCD, (b) vCD, and (c) r among benign (light grey) and malignant (dark 
grey) voxels visualised in a boxplot and corresponding histogram for the multiscale approach. Inserted 
in the histograms, the ROC curves are depicted with the area under the curve. 
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respect to r for the scales of interest. 

Furthermore, the parametric maps do not show a clear, clean-cut border between 
malignant and benign tissue, which might indicate that angiogenesis-like vasculature 
is not strictly confined to malignant tissue but spreads out into the vicinity of the tu-
mour, and vice versa.520 As we have used a histopathologic rather than an immuno-
histologic reference, this remains to be tested. 

The parametric maps show some false positive areas that might depict other perfu-
sion-increasing pathology. Benign prostate hyperplasia (BPH), for instance, was also 
found in the prostates during initial biopsy. Similar to PCa, BPH is known to prompt 
angiogenic growth of vessels.521 Moreover, malignant tissue is heterogeneously per-
fused,503 a phenomenon which might reflect in higher values for convective dispersion. 
The diagnostic potential of a measure for perfusion heterogeneity has also been 
demonstrated by quantifying the entropy of 2D DCE-US velocity fields.187 

Linear combination of different scales is a first, crude multiscale approach. Taking 
into account the relatively minor improvement with regard to single-scales and the di-
versity of information among scales, such an analysis might be better performed in a 
machine-learning context522 albeit this would require a larger number of prostates. 
Since DCD and vCD cannot be combined in the Péclet number35 as DCD seems to reflect 
spatial rather than temporal spreading, such a machine-learning approach could also 
be used to combine the information of DCD and vCD in a single parametric map. In 2D, 
the multiparametric combination of dispersion and velocity-related parameters was 
shown to improve diagnostic performance.J15 

It should be noted that one of the limitations of this work is that we present a voxel-
wise ROC analysis. For targeted biopsy, detection rate and negative predictive value of 
the index lesion might be more indicative for this method's value in clinical practice. At 
this stage of development, our preliminary number of patients does not allow such 
analysis and, therefore, we plan to expand the clinical dataset. Moreover, this would 
allow us to assess the diagnostic ability to distinguish significant and insignificant   
PCa.  

Current guidelines on PCa diagnosis only recommend imaging (in the form of 
mpMRI) in biopsy-negative patients with persistent suspicion.7 Large clinical trials on 
mpMRI show increasingly promising results for high-grade PCa detection, even though 
the optimal mpMRI procedure is still matter of debate; the use of dynamic contrast-
enhanced MRI, for instance.125,523 Different from our technique, MRI contrast agents do 
not necessarily remain in the vasculature68 and cannot be modelled as a mere convec-
tion-dispersion process as proposed by Mischi et al.524 In the light of PCa localisation 
with ultrasound, the attained ROC-AUCs using our method are comparable to other 
techniques such as elastography (per-patient ROC-AUC of 0.8525) and ultrasound spec-
tral analysis (per-biopsy-core ROC-AUC of 0.81499). The reported ROC-AUCs are also 
in line with those obtained by other DCE-US based quantification techniques, albeit in 
2D.35,36,184 As for 3D, this work reports on the improvement of the current method over 
r, which was shown to be the 3D DCE-US measure with the best performance.188 Fur-
ther research might reveal how this translates to DCE-US-guided biopsy performance, 
e.g. as studied by Postema et al.,526,527 Xie et al.,204 and Frauscher et al.500  
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7.5. Conclusions 

In conclusion, we have shown that quantification of convective dispersion (i.e., by DCD) 
and velocities (i.e., by vCD) of the UCA bolus in DCE-US videos provides valuable maps 
for the localisation of PCa. This method would be particularly useful, since full analysis 
of the entire gland with only a single bolus alleviates some substantial limitations of 
current 2D DCE-US analysis techniques. 
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8. A Finite-Element Approach to Contrast-Ultrasound Tractography 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 
 
 
 
 
 

 

08 
 

A FINITE-ELEMENT APPROACH 
TO CONTRAST-ULTRASOUND 

TRACTOGRAPHY 
 

Adapted from: R.R. Wildeboer, R.J.G. van Sloun, C.K. Mannaerts, J.C. van der Linden, 
P. Huang, H. Wijkstra, and M. Mischi. Probabilistic 3D Contrast-Ultrasound Tracto-
graphy based on a Convective-Dispersion Finite-Element Scheme. Proceedings of 
IEEE International Ultrasonics Symposium, Kobe, Japan, 2018 © 2018, IEEE 

 



122 

 

Chapter 8 

 

 

 

 

 

 

 

 

 

Abstract. Three-dimensional dynamic contrast-enhanced ultrasound imag-
ing opens the door for the characterisation of vascular networks. This work 
focusses on a stable finite-element algorithm to retrieve local properties of 
the vascularity based on the convection-dispersion equation. We show that, 
even at low spatial and temporal resolution, local convective-dispersion be-
haviour can be captured. Moreover, we present a probabilistic tractography 
strategy to visualise convective pathways and provide an in-vivo example.  

 

Keywords. Prostate Cancer ▪ Dynamic Contrast-Enhanced Ultrasound ▪ 
Convection ▪ Dispersion ▪ 3D ▪ Finite-Element Modelling ▪ Crank-Nicolson 
Scheme ▪ Tractography 
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8.1. Introduction 

Three-dimensional (3D) dynamic contrast-enhanced ultrasound imaging (DCE-US) 
employs ultrasound contrast agents (UCAs) to visualise vascularity in perfused or-
gans.501 Among its applications is prostate cancer (PCa) imaging, since significant PCa 
triggers typical angiogenic alterations in the microvascular architecture.68 As previously 
demonstrated in 2D, quantification algorithms allow further microvascular characteri-
sation by modelling the bolus kinetics of these UCAs as a convective-dispersion 
process.176,J11 Moreover, the 3D results of these methods have shown diagnostic po-
tential for the localisation of PCa.188 

For magnetic resonance (MR) imaging, fibre tractographic methods based on MR 
diffusion tensor imaging have been developed to visualise fibre networks in the brain,528 
heart,529 etc. Among these techniques, probabilistic approaches incorporate trajectory 
uncertainty into the visualisation.528 Such an approach could similarly be used to as-
sess the vascularisation in the prostate, viewing local dispersion as a measure 
reflecting the abundance of multi-path trajectories in the underlying network.35 

 Unfortunately, the relatively low spatial and temporal resolution of 3D DCE-US only 
allow for a macroscopic view of the vasculature and complicate reliable estimation of 
local concentration gradients needed for the evaluation of convective dispersion. These 
gradients were previously assessed using Gaussian derivatives.J11 Although this ap-
proach shows valuable results for the characterisation of tissue for PCa localisation, 
the scale of the Gaussian derivatives (i.e., their standard deviation in space and time) 
that largely determines the gradients that are resolved,510 is subject to a trade-off be-
tween resolution and accuracy.J11 Smoothing and loss of resolution are known to 
negatively affect tractography approaches.530 

In this work, we present an approach that only requires knowledge of the local bound-
ary conditions to identify the convective-dispersion process within a small kernel. The 
method can therefore provide more local estimates of the contrast-bolus kinetics. We 
report on a similar approach to include both convective and dispersive behaviour into 
a macroscopic “streamline” representation of the convective-dispersive network. We 
assess its performance in silico and, eventually, test the results of this type of convec-
tive-dispersion modelling on a clinical example. 

 

8.2. Materials and methods 
8.2.1. Finite-element modelling 
We evaluate the local behaviour of the contrast bolus through a vascular network which 
is smaller than the resolution of the 3D DCE-US video. The transport kinetics of the UCA 
concentration, C(x,y,z,t), is considered to be governed by the convective-dispersion 
equation in 3D,506,507 
 

    tC =  C C    D v .  (8.1) 
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Since we assume that both D = [Dx, Dy, Dz]T and v = [vx, vy, vz]T are locally constant, the 
convective-dispersion equation can be expanded to 

 t x xx y yy z zz x x y y z zC D C D C D C v C v C v C                                    . (8.2) 

As we know the initial conditions within the kernel as well as the boundary conditions 
defined by the voxels surrounding the kernel, D and v can be estimated by evaluating 
the in-kernel concentration behaviour through a finite-difference simulation. For this, 
we discretise the spatial and temporal grid according to the voxel spacing: 

   n
i j kC C i x j y k z n t, , ( , , , )     . (8.3) 

Then, we define the first and second derivatives, respectively, using explicit finite dif-
ferences as 
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To avoid notorious stability problems in the evaluation of explicit finite differences,531 
we exploit the Crank-Nicolson scheme that combines the implicit and explicit formula-
tion of finite differences with a “weighting factor” θ = 1/2.532 For convective dispersion 
in one dimension (e.g., x), the finite-difference convective-dispersion formulation is 
therefore 
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In order to limit the (computational) complexity of the algorithm, we take a locally 
one-dimensional (LOD) approach.533 That is, we solve the linear system of equations 
consecutively in the x-, y- and z-dimension and thus employ two “intermediate” con-
centration matrices for each simulation time step. Again, we formulate the procedure 
only for x: 
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with bc being the boundary conditions and, given Dμ t x 2/ ( )  and vμ t x/ ( )  , 
 

D x v x
a

μ D μ vM
2 4


  , 

xb DM μ D1  , 

x
c

D v xM
μ D μ v
2 4


  , 

v
d

D x xμ D
M

μ v
2 4

  , 

xe DM μ D1  , 

and 

   v
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D x xμ D
M

μ v
2 4

  .  

 

The initial and boundary conditions, that is, the first time step and the concentration 
in the outer shell of the kernel, can be obtained from the DCE-US video. These are im-
plemented following the method described by Dehghan.534 Then, the simulation is run 
for voxel spacing Δx = Δy = Δz and volume rate 1/Δt (as in the recording) with varying 
D and v until the estimated concentration behaviour resembles the actual DCE-US 
video. This is formulated as the following minimisation problem: 

 

   

n
i j kC i x j y k z n t C

2
, , , 2

[ , ] min ( , , , )     D vD v  . (8.9) 

 

Following this procedure in a 7×7×7 cubic kernel around the voxel of interest, we es-
timate the local values of D and v at said voxel. We only evaluate frames for which the 
highest in-kernel intensity exceeds a predefined threshold value. 

 
8.2.2. Probabilistic tractography visualisation 
Convective-dispersion fields are subsequently visualised by means of a probabilistic 
vascular tractography approach, similar to probabilistic MR fibre tractography.535 How-
ever, in contrast to CEUS probabilistic tractography based only on local propagation 
velocity vectors,187,536 we compute velocity-field-based “streamlines” through Monte-
Carlo sampling of the directional path which we consider as Gaussians with the means 
equal to the velocity estimates and the standard deviations scaling with dispersion es-
timates. In this sense, we consider dispersion estimates to scale with the probability of 
flow patterns to deviate from the primal convective direction and thus a measure for 
the degree of multi-path trajectories in the underlying vascular network.35 For the visu-
alisation, dispersion coefficients below the mean dispersion value over the image were 
set to zero. The streamlines were computed in the Matlab™ environment, repeatedly 
seeded from randomly distributed points, and only lines of a sufficient Euclidean dis-
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tance between start and end (i.e., 3/4 of streamline length) were included. 

 
8.2.3. In-silico validation 
8.2.3.1. Two dimensions 
Our method’s ability to visualise UCA pathways was first tested in a 2D simulation. A 
total of 1400 microbubbles were propagated through a vascular architecture at 1 mm/s 
in a 100 s time period. By combining the frequency-modulated Gaussian-shaped point-
spread functions of each microbubble at each time-step, image formation was simu-
lated including speckle generation. We assumed an imaging system resolution of 
0.5 mm in all directions, a transmit frequency of 3.5 MHz, and a frame rate of 50 Hz. 
Electronic (Gaussian-distributed) noise was subsequently added to the video. 

 
8.2.3.2. Three dimensions 
To expand our simulation to three dimensions, we “grew” two digital vessels in a 
10×6×4 mm grid of 50-μm-sized voxels following a random walk model with pre-set 
probabilities for a forward-dominated direction of growth and branching, inspired by 
Anderson et al..537 Similar to the 2D approach, we simulated the imaging of microbub-
bles travelling along the vessel path at a speed of 0.5 mm/s. Finally, the image was 
downsampled to 0.25-mm cubic voxels with a volume rate of 1 Hz. Again, electronic 
(i.e., Gaussian) noise was added to the simulation.  

 
8.2.4. In-vivo testing 
As an initial in-vivo test, the proposed method was also applied to a 3D DCE-US record-
ing of the prostate. DCE-US imaging was performed with a frame rate of ~0.25 Hz at 
the Second Affiliated Hospital of Zhejiang University (Hangzhou, China) with a GE 
HealthCare LOGIQ E9 scanner using an RIC5-9 probe. The image was downsampled to 
0.75-mm voxels, preprocessed, singular-value-decomposition filtered,411 and linear-
ised prior to analysis.176 To reduce computation time, the minimisation problem was 
evaluated for every third voxel and the maps of D and v were interpolated to cover the 
entire measurement space. 

 
8.3. Results 
8.3.1. In-silico validation 
In Figure 8.1, the results of a 2D implementation of the proposed algorithm are de-
picted. Both the velocity vector field (Figure 8.1b) and the tractographic image 
(Figure 8.1c) accurately reflect the vascular architecture (Figure 8.1a). The level of dis-
persion affects the directivity of the streamlines, allowing them to branch but also to 
occasionally deviate from the vessel trajectory. The velocity estimates fluctuate, espe-
cially outside of the bubble path, but generally reflect the actual simulated speed. In a 
similar fashion, the method was tested on the 3D simulation of a vessel structure per-
fused with microbubbles (see Figure 8.2). 
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8.3.2. In-vivo results 
Figure 8.3 depicts the tractography results of a 3D DCE-US recording in a patient with 
a histopathologically confirmed Gleason 4+5 prostate cancer lesion. High speeds and 
convective dispersion are seen in the tumour area as expected.J11 

 

8.4. Discussion and conclusion 

In this work, we introduced a finite-element method to evaluate the convective-disper-
sion equation in 3D DCE-US and estimate local velocity and dispersion fields. Moreover, 
the convective-dispersion estimates were subsequently used to generate a tracto-
graphic representation of the underlying vascular structure. In silico, these streamline 
structures showed high resemblance with the underlying vascular architecture.  

The velocity and dispersion estimates of the presented method might serve as an 
alternative to the convective-dispersion modelling algorithm proposed in Chapter 7.J11 
The primal difference between these methods lies in the local nature of the proposed 
method; even though both methods essentially only include voxels in a 7-voxel-sized 
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Figure 8.1  Simulation of a 2D vascular structure: 
(a) in-silico vascular phantom, (b) maximum-in-
tensity projection overlaid with the velocity vector 
field, and (c) tractographic representation of the 
convective-dispersion estimation. 

Figure 8.2  Simulation of a 3D vascular structure: 
(a) in-silico vascular phantom, (b) maximum-in-
tensity projection, and (c) tractographic represen-
tation of the convective-dispersion estimation. The 
bifurcation is indicated with a black arrow. 
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kernel,J11 adds information from a number of outside-voxels depending on the scale of 
the Gaussian derivatives used to compute the gradients. 

Furthermore, even though we hypothesise that in in-vivo recordings only dominant 
flow behaviour is visualised rather than the actual sub-resolution vascular architecture, 
characterisation of the tractographic structures in terms of microvascular density or 
tortuosity might help reveal abnormalities.536 Analogously, also approaches quantifying 
the number of streamlines crossing a voxel or assessing the “bundling” of streamlines 
can be considered in the future.535 

Unfortunately, despite the implementation of the Crank-Nicolson scheme, the 
method is still very sensitive to noise. Future work might therefore include the introduc-
tion of a regularisation approach. Another limiting factor of the analysis is its 
computational cost, requiring successive finite-element simulations for the estimation. 
However, as the current Matlab™-implemented estimation procedure is carried out in a 
kernel, the procedure is parametrisable and extensive optimisation can be foreseen. 

In conclusion, the method showed the ability to resolve vascular structures from 
DCE-US simulations both in 2D and in 3D. Moreover, we presented how the proposed 
method is applicable to a 3D DCE-US recording of an in-vivo prostate. Preliminary re-
sults suggest that the method has potential for the visualisation of macroscopic 
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Figure 8.3  Tractographic representation of an in-vivo DCE-US acquisition of the 
prostate. Each tractographic fibre is colour-coded by its velocity estimate. High ve-
locity and convective dispersion is seen in the histopathologically confirmed 
Gleason-4+5 lesion indicated by a black arrow. 
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contrast convection-dispersion kinetics in 3D, however, further development and vali-
dation of the method in vivo are still to be performed as well as an assessment of its 
clinical value.
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9. Multiparametric Contrast-Ultrasound Dispersion Imaging in 2D 
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IMAGING IN TWO DIMENSIONS 
 
 

Adapted from: R.R. Wildeboer, A.W. Postema, L. Demi, M.P.J. Kuenen, H. Wijkstra, 
and M. Mischi. Multiparametric dynamic contrast-enhanced ultrasound imaging of 
prostate cancer. European Radiology 27:3226-3234, 2017 © 2017, Springer 
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Abstract. Objectives: The aim of this study is to improve the accuracy of dy-
namic contrast-enhanced ultrasonography (DCE-US) for prostate cancer 
(PCa) localisation by means of a multiparametric approach.  

Materials and Methods: Thirteen different parameters related to either per-
fusion or dispersion were extracted pixel-by-pixel from 45 DCE-US 
recordings in 19 patients referred for radical prostatectomy. Multiparametric 
maps were retrospectively produced using a Gaussian mixture model algo-
rithm. These were subsequently evaluated on their pixelwise performance in 
classifying 43 benign and 42 malignant histopathologically confirmed re-
gions of interest, using a prostate-based leave-one-out procedure. 

Results: The combination of the spatiotemporal correlation (r), mean transit 
time (μ), curve skewness (κ), and peak time (PT) yielded an accuracy of 
81±11%, which was higher than the best performing single parameters: r 
(73%), μ (72%), and wash-in time (72%). The negative predictive value in-
creased to 83±16% from 70%, 69% and 67%, respectively. Pixel inclusion 
based on the confidence level boosted these measures to 90% with half of 
the pixels excluded, but without disregarding any prostate or region.  

Conclusions: Our results suggest multiparametric DCE-US analysis might be 
a useful diagnostic tool for PCa, possibly supporting future targeting of biop-
sies or therapy. Application in other types of cancer can also be foreseen. 

 

Keywords. Prostate Cancer ▪ Ultrasonography ▪ Contrast Agents ▪ Classifi-
cation ▪ Multiparametric Imaging 

 

Key Points. DCE-US can be used to extract both perfusion and dispersion-
related parameters • Multiparametric DCE-US performs better in detecting 
PCa than single-parametric DCE-US • Multiparametric DCE-US might be-
come a useful tool for PCa localisation 
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9.1. Introduction 

Prostate cancer (PCa) is the most prevalent form of cancer among American men, rep-
resenting 26% of the new cases and approximately 10% of the cancer cancer-related 
deaths.280 Therefore, a reliable and minimally invasive diagnostic tool for PCa is of par-
amount importance. During the last decade of the 20th century, the introduction of 
prostate-specific antigen (PSA) blood testing led to a dramatic increase of the number 
of PCa diagnoses as well as a growing number of patients exhibiting low-risk or indo-
lent disease.538 Overdiagnosis and overtreatment are considered substantial problems 
due to the limited positive predictive value (PPV) of screening tools such as PSA level 
assessment and digital rectal examination.13,14 Therefore, the definitive diagnosis of 
PCa still relies on ≥10-core systematic biopsy.539 There is a high incidence of biopsy-
related complications11,540 and a considerable fraction of malignancies is identified only 
in repeat biopsy.12 This stresses the demand for an imaging modality that is able to 
localise or rule out prostatic malignancies. Such a technique could eventually serve as 
a localisation tool for targeted biopsy,6,140 or assist in patient selection and treatment 
planning for organ-sparing focal therapy.239 

Currently, multiparametric magnetic resonance imaging (mpMRI) seems the most 
promising imaging method for PCa localisation.541 A recent meta-analysis reported an 
appreciable average sensitivity of 74% and specificity of 88%, with negative predictive 
values (NPVs) that ranged from 65% to 94%.326 In view of the advantages of transrectal 
ultrasonography (TRUS) over MRI in terms of costs, time, resolution, and practicality at 
bedside, this paper proposes a multiparametric approach of TRUS.  

 Unfortunately, B-mode TRUS is not considered sufficiently accurate for stand-alone 
tumour detection542,543 Since clinically relevant prostatic malignancies are character-
ised by angiogenesis and neovascularisation,68,502 increased perfusion has been 
proposed as a marker for PCa. Moreover, it was observed that the microvascular den-
sity correlates with cancer aggressiveness.544 However, Doppler imaging was not found 
sufficiently accurate to capture these vascular changes due to its limited sensitivity for 
small flows.153,545 The use of intravenously injected ultrasound contrast agents (UCAs) 
in the TRUS procedure, that is, dynamic contrast-enhanced ultrasound (DCE-US) im-
aging, also allows the visualisation of the vascular fraction and perfusion. Contrast-
specific imaging modes are even able to image microcirculation at a capillary level.546 
Again, despite the reported improvements in tumour detection rate,200,547 targeted bi-
opsies based on visual interpretation of contrast-enhanced US alone are not 
considered viable to replace systematic biopsy.6,173 This might be explained by the in-
consistent, ambiguous effect of angiogenesis on blood flow.182 Whereas diminished 
vasomotor control and formation of shunts cause an elevation in perfusion, the high 
tortuosity and permeability, with rising interstitial pressure, lead to the opposite ef-
fect.68,502 

Tissue characterisation by DCE-US thus requires a more detailed assessment of the 
UCA kinetics in the prostate. UCAs are composed of encapsulated micrometre-sized 
gas bubbles that remain a few minutes in the vasculature,154,171,548 and their behaviour 
can be assessed by looking at the time-intensity curve (TIC), which is the evolution of 
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echo intensity over time in a certain area. For example, malignant areas in DCE-US re-
cordings are found to be marked by rapid and enhanced inflow compared to similar 
benign regions in the prostate.177,549 Several parameters have been extracted from the 
TICs in order to mark relevant alterations in perfusion; these are e.g. the wash-in-
rate,180,181 time to peak (PT),178,550 time to appearance (AT),178,550 peak intensity 
(PI),178,181,550,551 and the area under the curve.550,552 In addition to these perfusion-related 
parameters, angiogenic microvasculature changes can also be detected by assessing 
UCA dispersion.184 Contrast-ultrasound dispersion imaging (CUDI) was recently devel-
oped to analyse the dispersion kinetics of a microbubble contrast bolus in a DCE-US 
recording. The dispersive behaviour has been assessed with curve fitting,184 or similar-
ity analysis.36,553 In these methods, the TIC of each pixel in the imaging plane is either 
fitted by a convective-dispersion model or compared to its neighbouring TICs, respec-
tively. 

Though different in nature, the parameters acquired with these methods were shown 
to have appreciable levels of sensitivity and specificity for PCa detection. Hence, we 
hypothesise that a combination of complementary parameters related to perfusion and 
dispersion allows us to localise prostatic carcinoma with an even higher level of accu-
racy. PCa is a multifocal and heterogeneous disease whose appearance depends on 
cancer type, grade, and topography.173 A multiparametric approach reduces the risk of 
missing tumours that are invisible to one of the parameters and may be able to dis-
criminate prostatic diseases that mimic malignant characteristics, like prostatitis.94  

Since the performance of a multiparametric approach is not dependent on a single 
threshold, it cannot be evaluated using conventional Receiver Operating Characteristic 
(ROC) analysis.554,555 Instead, a multiparametric approach requires a classification al-
gorithm to combine the parameters into a single parametric map. Many algorithms 
have been used in biomedicine for classification; in particular, Gaussian mixture models 
(GMMs), support vector machines and artificial neural networks have been extensively 
employed.143,556,557 GMMs have been chosen for our multiparametric evaluation as 
these are fast, purely based on data (i.e., no need for additional physical modelling), and 
facilitate the definition of classification confidence. Moreover, GMMs were reported to 
perform better than neural networks in mammographic tumour identification.557 

In this paper, we take into account thirteen perfusion- and dispersion-related param-
eters as well as the echo intensity on the TRUS image. Retrospectively, the most useful 
parameters are selected and combined using histopathologically determined regions 
of interest (ROIs) in order to improve the accuracy of DCE-US for the localisation of 
PCa. 

 

9.2. Materials and methods 
9.2.1. Data acquisition 
Nineteen PCa patients that were scheduled for radical prostatectomy underwent a 
transrectal DCE-US scan prior to surgery. The procedures were approved by the local 
ethics committee and carried out at the Amsterdam University Medical Centres (Am-
sterdam, The Netherlands). All patients signed an informed consent. Patients below the 
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age of 18 or with contraindications for the administration of contrast agents as defined 
by the European Medicines Agency were excluded. Patients with a tumour of Gleason 
score ≥3+3 and a size suitable for our analysis (see Section 9.2.2) were selected for this 
study. The patient and tumour characteristics are summarised in Table 9.1.  

For the procedure, 2.4 mL of a SonoVue® UCA microbubble suspension (Bracco, Mi-
lan, Italy) was intravenously administered. This suspension consists of encapsulated 
sulphur hexafluoride bubbles with an average diameter of 2.5 µm.558 Two-minute re-
cordings were subsequently performed with an iU22 US scanner (Philips Healthcare, 
Bothell, WA), generally using a 3-MHz to 10-MHz ranged endocavity ultrasound probe 
(C10-3v). For one patient an endocavity probe with a range from 4 MHz to 8 MHz 
(C8-4v) was used due to availability issues. The measurements were carried out in con-
trast-specific mode based on a power-modulation pulse scheme at a frequency of 
3.5 MHz and with a mechanical index of 0.06 to minimise bubble disruption.  

 
9.2.2. Histopathological analysis 
After prostatectomy, the prostates were fixed with a formalin solution, deprived of the 
seminal vesicles, sectioned in slices of ~4 mm, and examined by the pathologist as 
described by Montironi et al.283 The tumours were subsequently delineated by the 
pathologist. Prior to the parametric analysis, ~0.5cm2-sized ROIs were manually drawn 
on the B-mode ultrasound scans to identify areas containing histologically confirmed 
malignancy. Histopathological images were matched to the US scans based on the 
position of the imaging plane in a transversal sweep video performed before the con-
trast recordings. ROIs were only drawn in areas where the histopathologic information 

 
Table 9.1  List of patient and tumour characteristics. 

Characteristic  Mean Median Range 
    

Age (yrs) 62.7 64 52 – 73 

PSA level (ng/mL) 8.7 7.3 2.9 – 31.9 

Prostate volume (mL) 35.8 30 20 – 83.5 
    

 Number   

Clinical Stage    

T1 0   

T2 11   

T3 8   

Gleason Score    

3+3 6   

3+4 7   

4+3 4   

3+5 1   

4+5 1   
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persisted in the two adjacent slices. The prostatic boundary was used to aid the local-
isation. In the same way, we positioned similarly-sized ROIs in areas that were not 
depicted as malignant. This resulted in a dataset containing about 176,000 pixels ex-
tracted from 85 ROIs in 45 DCE-US recordings in 19 patients, marked as either benign 
(43 ROIs) or malignant (42 ROIs). In the end, we were able to include one to four DCE-
US imaging planes per patient.  

 

9.2.3. Data processing and parameter extraction 
To assess the dispersive UCA behaviour, the DCE-US recordings were analysed by TIC 
fitting as well as by similarity analysis. The parametric maps were produced using a 
custom-made CUDI program running in Matlab™ (2015b, Mathworks, Natick, MA).176 
Following the method described by Kuenen et al.,184 the data were preprocessed and 
the extracted TICs were fitted by a modified local density random walk (LDRW) model. 
This allowed us to estimate the area under the curve (α), the mean transit time (μ), the 
skewness parameter (κ), and the ratio between the diffusive and convective time 
(λCD = μκ). In addition, we looked at the variance (var) which is the second moment of 
the curve.559 and the fitting interval (int) between the PT and the truncation time where 
UCA recirculation occurs.184  

For the similarity analysis, the data were preprocessed as described by Kuenen et 

 

Table 9.2  Full list of the parameters considered for multipara-
metric analysis, with symbols and units. 

Symbol Parameter name Unit 

B-mode ultrasound 

greylevel echo intensity a.u. 

Contrast-enhanced ultrasound 

WIT wash-in time s 

AT appearance time s 

PT peak time s 

PI peak intensity a.u. 

FWHM full width half maximum s 

Model-fit analysis 

κ skewness parameter s-1 

μ mean transit time s 

λCD convective-diffusion ratio - 

α area under the curve a.u. 

var variance a.u. 

int interval time s 

Similarity analysis 

ρ spectral coherence - 

r correlation coefficient - 
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al.553 The spectral coherence (ρ)36 and the spatiotemporal correlation coefficient (r)553 
were then calculated. For these parameters, the TIC of a single pixel is compared to 
those in a ring-shaped kernel of 1.0 to 2.5 mm in radius, as this size allows us to visu-
alise similarity on the scale of early angiogenesis.36 

Based on the processing by Kuenen et al.,184 we also extracted the PI, the AT (where 
the TIC reaches 5% of the PI) and the PT (the time where the intensity is the highest). 
In addition, the wash-in time (WIT, the time period between AT and the point where the 
TIC reaches 95% of the PI), and the full width half maximum (FWHM) were considered 
as parameters of interest. A full list of the investigated parameters is reported in Ta-
ble 9.2. 

 

9.2.4. Classification procedure 
Gaussian mixture modelling is a widely known approach in cluster analysis,560,561 and 
data classification.562,563 GMMs describe a set of observations (i.e., pixels) in (multi)par-
ametric space by a mixture of normal distributions. Using two predetermined training 
subsets of benign and malignant observations, the class-specific probability distribu-
tions can be computed. Subsequently, each pixel in the test set is classified according 
to these distributions. We define a measure for the confidence of classification by com-
paring the probabilities, p, of the observation being benign or malignant. This 
confidence level, P, conveniently ranging from 0 to 1, is described by P=2pA/(pA+pB)–1, 
where A denotes the class with highest probability. 

The GMM classification algorithm was implemented in Matlab™ using the Statistical 
Analysis Toolbox. The parameters were normalised to the 90th percentile to ensure 
equal weighting and training was performed using an iterative expectation-maximisa-
tion algorithm.564 Since the GMM algorithm is very fast, it was feasible to evaluate all 
possible combinations of one to four distinct parameters. We did not take into account 
more than four parameters to avoid overfitting. 

To evaluate the performance of the classifier, the procedure was tested on each of 
the prostates whilst using the observations in other prostates as the training set. The 
outcomes of this leave-one-patient-out analysis were averaged over all prostates. We 
quantified the classification performance by computing the accuracy, sensitivity, spec-
ificity, PPV and NPV.554,555 Whereas sensitivity and specificity indicate the percentage 
of correctly classified malignant and benign pixels, respectively, PPV and NPV reflect 
the percentage of pixels classified respectively as malignant and benign that were cor-
rect. In addition, accuracy represents the overall correct classification percentage. 
Since the NPV is of paramount importance in order to avoid missing clinically relevant 
PCa lesions, we optimised the classifier based on this measure as well as on the accu-
racy. 

 

9.2.5. Pixel exclusion 
The TIC measurement quality usually differs from pixel to pixel. To ensure the quality 
of the classification, it is important to identify pixels that are likely to be misclassified. 
As stated, the classification algorithm indicates the confidence of the classification by 
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the level P. Also, we consider the coefficient of determination, R2, describing how well 
the TIC can be fitted by the modified LDRW model, and the absolute probability of an 
observation belonging to its class. Large healthy vessels are more likely to show early 
arrival of the bolus, which complicates the use of perfusion parameters to mark malig-
nancy. Therefore, we also evaluated the classifier’s performance after excluding the 
pixels with the lowest PT for each plane.  

 

9.3. Results 
Based on accuracy, the combination of r, μ, κ, and PT yielded the best accuracy (mean 
± standard deviation = 81±11%). The highest NPV was found for the parameters var, μ, 
r, and int (87±15%), but with two of the other performance measures being inferior com-

Table 9.3  Performance of the classification methods using specified parameters. The best perform-
ing perfusion-related parameter as well as best parameters of curve fitting and similarity analysis 
were evaluated using ROC analysis and single-parameter GMM. Multiparametric results are shown 
of the parameter sets with the highest accuracy (r, μ, κ, and PT) and NPV (var, μ, r, and int). 

 ROC Analysis  single GMM  multiparametric GMM  

 WIT μ r  WIT μ r  r, μ, κ, PT var, μ, r, int  

Accuracy (%) 72 72 73  73 71 67  81 72  

Sensitivity (%) 75 74 71  88 90 65  79 90  

Specificity (%) 68 70 75  51 47 71  80 50  

PPV (%) 76 75 76  70 63 70  85 65  

NPV (%) 67 69 70  84 85 72  83 87  
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Figure 9.1  Accuracy of the Gaussian Mixture Model classifier by 
exclusion of pixels based upon their confidence level, coefficient 
of determination, absolute probability, and peak time. The classi-
fier was run using a set of parameters containing r, μ, κ, and PT. 
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pared to first set. The high NPV and sensitivity can be explained by a low number of 
false negatives. We found the parameter distributions best described by a single 
Gaussian function per variable. The outcomes were compared to the performance of 
individual parameters. The best performing parameters of all three analyses – μ for 
curve fitting, r for similarity analysis and WIT for conventional perfusion analysis – were 
evaluated by an ROC-based threshold optimisation as well as GMM classification in 
one-dimensional parametric space. As shown in Table 9.3, the multiparametric classi-
fication has a higher performance than the ROC-analysed single parameters, 
irrespective of the measure used. Since not all individual parameters are well described 
by a single Gaussian distribution, a nontailored GMM approach for the single parame-
ters yielded less stable results in terms of the balance between sensitivity and 
specificity. Even though accuracy and NPV are considered the most important perfor-
mance measures, a reliable technique requires the other measures to be sufficiently 
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Figure 9.2  Performance of the Gaussian Mixture Model Classifier upon exclusion of pixels with the 
lowest confidence using an increasing confidence threshold for (a) r, μ, κ, and PT and (b) var, μ, r, and 
int. The bars represent the percentage of benign (grey) and malignant (dark) pixels that are still included; 
the lines represent the evolution of accuracy (blue squares ■), NPV (red triangles ▲), and PPV (green 
circles ●). 
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Figure 9.3  The B-mode transrectal ultrasound, confidence-weighted classification image, exclusion-
classification images with a threshold of P > 0.5 and histopathological images of patient A (a to d) and 
patient B, (e to h). In the classification images, red regions are classified as malignant (i.e., suspicious) 
and green regions as benign (i.e., not suspicious). In the histopathological images, malignant areas are 
indicated with red. Parameters: r, μ, κ, and PT. ROIs are shown in overlay to the B-mode images. 
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high as well. 

In Section 9.2.5, we mentioned feature-based exclusion of pixels to decrease the 
number of misclassifications in the multiparametric map. Figure 9.1 shows the 
changes in accuracy after pixel exclusion based on classification confidence P, abso-
lute probability, R2, and PT. It reveals that P correctly reflects the confidence and that it 
is the most suitable measure to identify pixels with a high risk of misclassification. The 
results of the multiparametric classification after pixel exclusion based on this measure 
are depicted in Figures 9.2a and b for a parameter set containing r, μ, κ, and PT and a 
set containing var, μ, r, and int, respectively. The exclusion of pixels is equally distributed 
over benign and malignant pixels, as well as over patients and regions; exclusion would 
therefore not result in extra PCa foci being missed. 

To illustrate the results of whole-prostate classification and the effect of pixel exclu-
sion, the ultrasound and classification maps as well as histological images of two 
patients are shown in Figure 9.3. For the first set in Figure 9.2, the accuracy and NPV 
have grown from 81±11% to 90±10% and from 83±16% to 91±13% with 51±17% of the 
pixels remaining. These values are 72±10% to 90±7% and 87±15% to 89±15% for the 
second set, again with 51±14% of the pixels included. These exclusion percentages in-
clude the 4.5±3.2% of pixels that could not be fitted by the modified LDRW model. For 
reference, Figure 9.4 depicts the individual, normalised parametric maps that contribute 
to a multiparametric image. 

 
9.4. Discussion 
According to today’s guidelines,539 reliable PCa diagnosis requires a ≥10-core system-
atic biopsy under ultrasound-guidance and local anaesthesia. In recent years, an 
increasing emphasis is laid on imaging and targeted biopsy6 in view of the number of 

 

 
 

Figure 9.4  Example of (a) the four normalised parametric maps that serve as input for the best per-
forming multiparametric map as shown in (c). All maps overlay the B-mode TRUS image. Red regions 
are classified as malignant (i.e., suspicious) and green regions as benign (i.e., not suspicious) of which 
the transparency is scaled with the confidence level. The histology slice with tumour tissue marked red 
is shown in (b). 
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reported complications,11 overdiagnoses due to the overestimation of pathologically  
insignificant lesions,13 and underdiagnoses due to small high-risk PCa foci being 
missed.12 Contrast-enhanced ultrasonography allows the extraction of multiple param-
eters that have potential to serve as a diagnostic marker for malignancy. The presented 
multiparametric approach combines perfusion-related parameters from conventional 
DCE-US and dispersion-related parameters from CUDI by means of a GMM classifier. 

The optimal subset of parameters comprises r, μ, κ, and PT and thus features param-
eters from all analysis methods. Of these parameters, r contributes most to the 
outcome, which is consistent with previous publications on CUDI.553 As μ and κ jointly 
describe the shape of LDRW-modelled TIC,405 it is not surprising the combination of 
these two has the greatest added value to r. Finally, the addition of PT offers a slight 
improvement to the accuracy (80% to 81%). Though early enhancement is a strong 
marker of malignancy, the quantitative use of the PT is normally complicated by its 
strong dependence on operator and circulation time.178 In combination with the other 
parameters, however, the PT is able to further delineate malignant and benign regions. 
Despite its good performance as single parameter, the WIT is not included in the mul-
tiparametric sets. We expect that this is the result of the high correlation between WIT 
and μ (Pearson correlation: 0.88), making this parameter redundant after inclusion of μ. 

We have shown that observations that are likely to be misclassified can be recog-
nised by their low confidence level. Excluding low-confidence pixels from the 
multiparametric map increases the reliability of the classification. A confidence thresh-
old of 0.5 leads to an average pixel exclusion of 36±15% per prostate (ranging from     
8% to 67%). In general, the pixel exclusion approach resulted in disregarding pixels in 
the areas where benign regions border on malignant ones rather than pixels in specific 
prostates. As can be seen in Figure 9.2, exclusion does not favour malignant or benign 
pixels specifically. Figure 9.3 shows typical examples of classification maps. There is a 
high correspondence between the maps and histology, even though small regions re-
main misclassified after pixel exclusion. Due to the preservation of the correctly 
classified malignant regions, these results are clinically relevant for e.g. targeted bi-
opsy. Because the current analysis faces limitations with respect to the registration of 
ultrasound imaging planes with histology slices, we made use of histologically proven 
ROIs. These ROIs were ~0.5-cm2 sized, which resembles the critical size of clinically 
relevant foci.283 In the future, three-dimensional ultrasound models would enable us to 
apply more accurate registration.  

In the current analysis, 9 (20%) of the 44 regions predominantly (>50% of the pixels) 
classified as negative were misclassified. In Table 9.1, Gleason score 3+3 represents 
most of these false negative regions. The Gleason score, which comprises the grade of 
the two most prevalent histological patterns found in a stained prostate tissue slice, is 
an indicator of the stage and aggressiveness of prostatic carcinoma.52,565 Following re-
cent consensus in prostate grading, Gleason rate score 3+3 is rated as Grade Group 1, 
indicating very low-risk disease with high survival rates and virtually no chance of me-
tastasis.53,54 We believe that the use of a diverse training set (i.e., a set that consists of 
malignancies with varying aggressiveness) leads to a higher risk of misclassification in 
prostates containing very low-grade or very high-grade PCa, as these are the most dif-
ferent from the training set average.  
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The current performance is limited by the small training set in this study, hampering 
the possibility to define subgroups according to Gleason score. Since the microvascu-
lar density is a viable marker in the staging of PCa,544 this might allow us to distinguish 
low-risk and high-risk PCa. Studies in contrast-enhanced MRI suggest that perfusion-
based discrimination between PCa grades, and even prostatitis, is possible.566 In this 
study we did not assess the differences in tumour classification of grades; an extended 
dataset would allow such validation in the future. Another limitation of the study con-
cerns the analysis of small foci, which, considering the error margin in appointing the 
ROIs, could not be included in the study. 

DCE-US is not only a valuable modality for diagnosis of PCa; its use is increasingly 
mentioned as a tool to monitor the therapeutic effect of focal therapy. For instance, 
DCE-US was found to map tissue devascularisation as well as DCE-MRI after intersti-
tial laser therapy.248,249 DCE-US has therefore been used for interstitial laser therapy567 
and high-intensity focused ultrasound treatment to visualise viable and devascularised 
regions.568,569 Apart from the classifier’s aid for tumour localisation and monitoring, es-
pecially the ability of such classifier to discriminate low-risk and high-risk disease 
would improve the application of focal therapy and active surveillance strategies. 

In conclusion, we see that combined evaluation of contrast-enhanced ultraso-
nographic parameters has superior accuracy and NPV in tumour localisation compared 
to the individual parametric maps. The GMM-based multiparametric analysis is fast, 
versatile and allows a reliable confidence estimation of its classification. It was shown 
that pixel exclusion could boost the performance even more without disregarding rele-
vant areas of the prostate. Like in computer-aided diagnosis of breast lesions,570,571 an 
extensive review of other algorithms is recommended to obtain an overview of the per-
formance, advantages and drawbacks of other classification methods for the detection 
of PCa. In the future, parametric maps derived from other ultrasound modalities such 
as Doppler and elastography could also be included,29 as well as the results from other 
diagnostic tools (e.g., PSA assessment), but this is beyond the scope of the current 
study. Furthermore, this analysis is based on a small patient group, and we recognise 
that a more extended validation is needed to derive global measures for classification. 
We expect that this method can also be employed to image other types of cancer. 
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10. Multiparametric Contrast-Ultrasound Dispersion Imaging in 3D 
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MULTIPARAMETRIC CONTRAST-
ULTRASOUND DISPERSION 

IMAGING IN THREE DIMENSIONS 
 
 

Adapted from: R.R. Wildeboer, R.J.G. van Sloun, P. Huang, H. Wijkstra, and M. Mis-
chi. Three-dimensional Multiparametric Contrast-Enhanced Ultrasound for the 
Prediction of Prostate Cancer. Ultrasound in Medicine and Biology, 2019. Condition-
ally accepted. 
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Abstract. Transrectal-ultrasound-guided 12-core systematic biopsy (SBx) is 
the standard diagnostic pathway for prostate cancer (PCa) due a lack of suf-
ficiently accurate imaging. Quantification of 3D dynamic contrast-enhanced 
ultrasound might open the way for a targeted procedure, where the biopsies 
are directed to imaging-suspicious lesions. This work describes the expan-
sion of contrast-ultrasound dispersion imaging algorithms to three 
dimensions and compares its performance against malignant and benign 
disease. Furthermore, we examine the feasibility of a multiparametric ap-
proach to predict SBx-core outcome using machine learning. An area under 
the ROC curve of 0.76 and 0.81 was obtained for all PCa and significant PCa, 
respectively, improving over previous US methods. We found that in particu-
lar prostatitis is a source of false-positive readings. 

  

Keywords. Prostate Cancer ▪ Systematic Biopsy ▪ Dynamic Contrast-En-
hanced Ultrasound ▪ Contrast-Ultrasound Dispersion Imaging ▪ 3D ▪ Machine 
Learning 
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10.1. Introduction 

Minimally invasive diagnosis of prostate cancer (PCa) is still a fundamental challenge 
in biomedicine, in spite of being the most prevalent non-skin malignancy among West-
ern men.323 Therefore, according to the most recent guidelines,7 patients with 
suspicious prostate-specific antigen blood levels and/or digital rectal examination 
must undergo a non-targeted 10- to 12-core systematic biopsy (SBx) under ultrasound 
guidance.12 In the United States alone, an estimated number of 1.3 million men receive 
SBx annually572 against an expected 164,690 actual PCa diagnoses in 2018.9 Unfortu-
nately, this procedure is associated with complications like hematuria, hematospermia, 
and inflammation.11 Moreover, there is a well-reported risk of underdiagnosis of sig-
nificant and overdiagnosis of insignificant disease,13 as classified through Gleason 
scoring of histopathology.52 Hence, there is a high clinical demand for imaging methods 
that allow biopsy targeting of only significant PCa-suspicious areas, reducing the num-
ber of negative biopsies. 

Over the last decades, the limited PCa detection accuracy of classic medical imaging 
modalities has spurred the development of multiparametric scoring strategies for mag-
netic resonance imaging (MRI) and ultrasound (US),29,125 as well as the introduction of 
novel modalities such as quantified dynamic contrast-enhanced ultrasound (DCE-
US)6,28 and shear-wave elastography.525 These technologies are still very much in de-
velopment. In particular, benign prostatic hyperplasia (BPH) and prostatitis are often 
mentioned as causes for false-positive PCa reading in MRI107,125,573 and US.20,28,60 

One of the recent developments in PCa imaging is contrast-ultrasound dispersion 
imaging (CUDI) for DCE-US quantification.35,36,184–186 These techniques are designed to 
characterise the kinetic behaviour of a bolus of intravascular ultrasound contrast 
agents (UCA) employed to visualise vascularity.501 As the angiogenic nature of PCa af-
fects the vascular architecture,68 indeed, CUDI parameters were shown to be clinically 
useful biomarkers for this disease. In two dimensions (2D), parametric maps resulting 
from these analyses demonstrated to have a higher diagnostic performance than heu-
ristic features such as maximum-intensity projection; and a multiparametric approach 
combining complementary CUDI parameters was shown to enhance the diagnostic 
performance even further.J15 

Three-dimensional (3D) DCE-US recordings have recently become available that al-
low the visualisation of the entire prostate with only one bolus injection and alleviate 
model errors caused by out-of-plane kinetics. So far, similarity-based CUDI was suc-
cessfully expanded to 3D despite lower temporal and spatial resolution176,188 and a new 
algorithm exploiting the full 3D convection-dispersion equation was developed.J11 With 
the 3D implementation of all CUDI algorithms, formerly only available in 2D, we strive 
estimate a full set of complementary 3D CUDI features that can be used for whole-
gland multiparametric imaging.  

In addition to the evaluation and comparison of individual CUDI parameters, we com-
bined the information of 16 3D DCE-US/CUDI model-based parameters to predict 
individual SBx-biopsy outcomes. Both a discriminative and a generative machine-
learning method, that is, a Support Vector Machine (SVM) and a Gaussian Mixture 
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Model (GMM), were evaluated. In total 509 biopsy cores from 43 patients were matched 
to specific regions in the 3D prostates, and the corresponding machine-learned classi-
fication was cross-validated in a leave-one-patient-out fashion (see Figure 10.1).  

 
10.2. Materials and methods 
10.2.1. Clinical data acquisition 
The 3D DCE-US recordings were carried out at the Second Affiliated Hospital of 
Zhejiang University (Hangzhou, China). Participants were scheduled for standard 12-
core SBx and signed an informed consent. Prior to biopsy, two-minute contrast imag-
ing was performed using an RIC5-9 probe connected to a LOGIQ E9 ultrasonic scanner 
(GE HealthCare, Wauwasota, WI, USA). To this end, a 2.4-mL SonoVue® contrast-agent 
bolus was intravenously administered. The volumetric cine-loops were acquired with a 
`low' image quality setting to maximise the frame rate, and UCA disruption was avoided 
by limiting the output power (AO%) to `10'. 

A total of 58 3D DCE-US recordings were performed, but 15 acquisitions were ex-
cluded based on protocol violations (seven), technical complications (six), or an 
inconclusive biopsy report (two). In the remaining set, a total of seven biopsy cores 
could not be scored (in 3 patients) and were left out of the analysis. All other biopsy 
cores were histopathologically examined33 and marked as benign (B), BPH, prostatitis 
(P), Gleason score 3+3 insignificant prostate cancer (iPCa), or Gleason score ≥3+4 sig-
nificant prostate cancer (sPCa). Cores that contained both tumour and BPH were 
classified as malignant, whereas cores that contained BPH as well as P were classified 
as P. 
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Figure 10.1  Schematic overview of model-based machine-learning strategy, consecutively showing 
(1) 3D DCE-US data acquisition, (2) model-based feature extraction, (3) regionwise feature extraction, 
and (4) both discriminative and generative machine-learning with ROC-AUC-based feature selection to 
be validated in a leave-one-patient-out fashion; (5) SBx cores (n = 509) served as ground truth. 
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10.2.2. Contrast-ultrasound dispersion imaging 
On a fundamental level, CUDI is based on the notion that the behaviour of blood in the 
prostatic (micro)vasculature can be modelled by anisotropically dispersive, multi-tra-
jectory fluid flows in porous media. As a consequence, the kinetics of the UCA 
concentration (referred to as C) obey the 3D convection-dispersion equation.506–508 
 

    tC =  C C    D v ,  (10.1) 
 

where we assume the convective 3×3 dispersion tensor (D) and the 3×1 velocity vec-
tor (v) to be locally constant.  

There are several ways to exploit this theoretical framework to quantify the local con-
vective-dispersive behaviour in tissue, but all CUDI algorithms essentially rely on the 
voxel-specific contrast-intensity evolution over time, i.e., time-intensity curve (TIC), to 
describe the UCA concentration at each voxel as the bolus passes. In a model-fit ap-
proach, each individual TIC is fitted by a local density random walk (LDRW) model to 
quantify the local convective dispersion.184 Alternatively, the similarity in TIC shape be-
tween a voxel and its neighbours can serve as characterisation of the dispersion in the 
vessel architecture connecting those voxels.36,185,505,553 In addition, a system-identifica-
tion approach can be employed to quantify this transition in terms of apparent velocity 
and dispersion in the underlying convective-dispersion system.35 These approaches 
will be discussed more elaborately in the remainder of this section. 

  

10.2.3. Data preprocessing 
Due to the low frame rate of volumetric acquisitions, its more difficult to suppress noise 
prior to analysis and to mitigate the effect of UCA recirculation. Nevertheless, it was 
shown that volume rates of ~0.25 Hz are sufficient to resolve clinically relevant con-
trast-agent kinetics.176 To prevent noise from obscuring the recordings, we performed 
signal spatiotemporal subspace selection through singular value decomposition 
(SVD)411 after spatial filtering and spatial downsampling as described by Schalk et al.176 
for the model-fit and system-identification approaches. 

 

10.2.4. Model-fit analysis 
The one-dimensional formulation of the convective-dispersion equation (Equa-
tion 10.1) gives rise to the LDRW model,405,574,575 that is, the shape of TICs is considered 
to be the result of a UCA dispersion process in a flowing carrier fluid (i.e., the blood 
flow). Assuming that the conversion from the video quantisation levels (Q) to the actual 
UCA concentration is known, and given by a logarithmic compression based on the 
dynamic range (DR) factor ADR = 255·log10(e)(10/DR), the TIC can be described by a 
modified LDRW model,184 
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In this formulation, t0 is the theoretical injection time, α is the area under the TIC, κ is a 
dispersion-related parameter, and μ is the mean transit time. These parameters are 
estimated by fitting the actual TIC by this model through a mean squared error minimi-
sation over the time interval [T0,Tend]: 
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The minimisation procedure initialises with the naïve (i.e., recirculation-free) maxi-
mum-likelihood estimates of μ and κ;576 and α� = 10·max(Q(t)) was empirically chosen 
as a good initial guess for the area under the TIC curve. To avoid artefacts caused by 
recirculation, the fitting procedure is subsequently carried out only from 8 s after injec-
tion to 12 s after reaching the peak intensity in the 5-element moving-average filtered 
TIC. 

 

10.2.5. Similarity analysis 
In addition to the LDRW variables, the spatiotemporal correlation (r), spectral coherence 
(ρ), or mutual information (MI) between the voxel of interest and its neighbours in a 
shell-shaped kernel are considered to be a measure of convective dominance over the 
dispersion. For the 3D implementation of these analyses, we refer to the previously 
published works on the subject.176,188,505 Taking into account the resolution of the im-
aging system employed in this study, the analysis was carried out with an inner kernel 
radius of 1.0 mm and an outer kernel radius of 2.5 mm.  

 

10.2.6. System-identification analysis 
The transition of concentration evolution from voxel to voxel can also be considered 
governed by a convective-dispersive system. As such, Equation 10.1 in one dimension 
gives rise to the following Green's function representing the system's spatiotemporal 
impulse response mapping the TIC at the centre voxel to that of another voxel, n, at 
distance Ln:35,575 

        n
n n
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, (10.4) 

 

provided that v and D are locally constant and homogeneous. H(t) is the Heaviside 
step function.  

Based on the TICs measured at the centre voxel (C0) and voxel n (Cn), the local values 
of v and D can be estimated by system identification. In contrast to the Wiener filter 
maximum-likelihood implementation in 2D, we use a direct model-based least-squares 
minimisation procedure,35 

 

           
N

v D B t n nn t
n

v D B BC C t w t L v D
2

, , 0
1

ˆ ˆˆ, , arg min * | , ,


       
 ,   (10.5) 



151 

 

Ch
ap

te
r 1

0 

where B is an arbitrary scaling factor and *t is a convolution in time. The minimisation 
procedure is carried out over N voxels in a shell-shaped kernel with an inner and outer 
radius of 1 to 2 mm, respectively. 

In the (very probable) case that v and D are not radially isotropic, these values are 
only valid for voxels in a certain direction from the centre. As we are primarily interested 
in the dominant v and D, we enforce causality by only including kernel-voxels that show 
a positive cross-correlation for t ≥1s.35 The Péclet number (Pe) is a common fluid-dy-
namic quantity used to characterise convective-dispersion; for the dilution system in 
Equation 10.4, we can define Ln = v�D�-1. 

 

10.2.7. 3D Convective-dispersion modelling 
The most recent addition to CUDI was spurred by the availability of 3D DCE-US, allow-
ing a full evaluation of the 3D convective-dispersion equation.J11 In this approach, D and 
v are assumed locally constant and can thus be directly estimated by solving Equation 
10.1 as a linear system of first- and second-order concentration gradients in a suffi-
ciently small volumetric kernel. Accordingly, the local least-squares problem is solved 
in an l2-regularised fashion using a moving spherical kernel with a diameter of 7 voxels. 

To mitigate the effect of high-frequency noise in estimating the gradients, these are 
computed by convolution between the concentration data and derivatives of the 
Gaussian function.510 The Gaussian standard deviations, σx and σt, define the scale of 
the assessed gradients in space and time, respectively. These gradients are computed 
in the Fourier domain, using Gaussian functions with σx = 1 mm and σt equal to the 
inverse of the frame rate. Finally, the estimates of D and v are expressed in terms of the 
apparent dispersion coefficient and the magnitude of the velocity, which are defined as 
DCD = |Tr(D�)/3| and vCD = |Tr(v�)| respectively, where Tr(•) is the trace operator. 

 

10.2.8. Fractal dimension analysis 
Fractal dimension (FD) modelling of flow patterns obtained by CUDI analyses could 
serve as a geometrical measure of vascular structures.577 In 2D as well as in 3D, there 
is a relation between the FD and relative dispersion (RD) of the regional blood flow dis-
tribution.578 As the peak intensity (PI) was shown to reflect properties of blood flow, we 
define RD as σPI/μPI , that is, the ratio between the standard deviation and the mean of 
the peak intensity as derived by the LDRW model-fit analysis. This is related to FD 
through577,578 

    
 

FD

ref

RD m m
RD m m

1    
. (10.6) 

 

Here, m is the number of zones into which the initial kernel is divided. We use a cubic 
kernel of 6×6×6 voxels, which is split into 8 3×3×3 zones and, analogously, in 27 2×2×2 
zones. In addition, the kernel can be divided in 12 equally-sized 3×3×2, 3×2×3, or 2×3×3 
zones, etc. We take 8 zones as mref, the initial division reference. To assess the vascular 
heterogeneity, we successively evaluate the model in our kernel for 8, 12 (3×), 18 (3×), 
27, 54 (3×) and 216 equally-sized zones. For each kernel, the FD-value is estimated by 
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linear regression of the log-linearised relation that follows from Equation 10.6.577,579 

 

10.2.9. Single-parametric performance 
To assess the correlation between a parameter value and the presence of benign or 
malignant prostatic disease, the 3D prostate was delineated and divided in 12 regions 
(i.e., 4 regions from left to right for the apex, mid, and base parts of the gland). The 
regions extended approximately 22 mm in anterior direction (i.e., the length of the bi-
opsy needle) and were constructed under slight lateral angles conform the SBx 
template shown by Ukimura et al.12 An inter-region margin of 5 mm was adopted. 

Correspondence between parameters was assessed by generating all 3D parametric 
maps and postprocessing with a 1.5-voxel (i.e., ~1.13 mm) Gaussian spatial filter. Sub-
sequently, we calculated the median, 10th-percentile, 90th-percentile, mean, skewness, 
kurtosis, variance and entropy187 of the parametric distributions in each region. The lin-
ear correlation between every pair of parameters was assessed in terms of the linear 
Pearson correlation coefficient; any correlation with p-value above 0.05 was not 
deemed to significantly reflect the relation between parameters. Moreover, we em-
ployed a Wilcoxon rank sum test to assess the level of significance of each feature to 
distinguish benign (diseases) from PCa or sPCa. 

Then, in order to obtain the single-parametric performance, Receiver Operating Char-
acteristics (ROC) curves were acquired to assess each parameter's power to 
discriminate benign and malignant regions or benign and significantly malignant re-
gions.580 The performance was quantified by the area under the ROC curve (ROC-AUC).  

 

10.2.10. Multiparametric performance 
After a full set of DCE-US/CUDI features was established, we exploited an SVM and a 
GMM as a discriminative and generative machine-learning strategy, respectively, to 
combine potential complementary information. An SVM essentially distinguishes two 
classes by computing a hyperplane in multiparametric space which maximises the 
margin between the training-set different-class instances that are closest to it (i.e., the 
support vectors).265 New instances are subsequently classified depending on their po-
sition relative to this hyperplane. Analogously, supervised GMM algorithms identify 
each class's multiparametric distribution based on the training set and then classifies 
each test instance as the class following which distribution it has the highest probabil-
ity.264 

The machine-learning approaches were implemented in the Matlab™ (2015b, Math-
Works, Natick, MA, USA) environment and their feasibility was assessed by evaluating 
their performance in a leave-one-prostate-out cross-validation procedure. To avoid 
overfitting, we selected the region-mean as the most representative feature for all pa-
rameters. Parameter selection was subsequently performed on each training set 
through a backward feature elimination ranking procedure,581 again in a leave-on-pros-
tate-out fashion. This way, the best-suited feature set is determined based on the 
training set of each cross-validation fold specifically. 

For the SVM, a radial basis function kernel was adopted. Furthermore, the misclassi-
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fication penalty for negative and positive instances was weighted in the training phase 
to compensate for the training-set unbalance. The GMM robustness was improved by 
adding 0.01 to the diagonal elements of the covariance matrices, and the benign- and 
malignant-class distributions were fitted with 2 and 1 Gaussian(s), respectively. Each 
parameter was normalised by the 95%-percentile value over the entire set, to make the 
training invariant to parameter scale. The multiparametric performance was assessed 
by computing ROC curves based on the doublelogit distance to the SVM-hyperplane or 
the GMM-confidence scores as defined by Wildeboer et al.J15 These performance 
measures were also used for the feature selection during training.  
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Figure 10.2  Example of all 16 3D parametric prostate maps in the same PCa patient; the biopsy re-
vealed significant (Gleason 4+5) prostate cancer in all three left lateral SBx cores. 
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10.3. Results 

10.3.1. Single-parametric performance 
An example of all 3D parametric maps is depicted in Figure 10.2 in a prostate harbour-
ing significant PCa. The interparameter correlations are shown in Figure 10.3, revealing 
strong positive and negative correlations in bright green and blue, respectively. In par-
ticular, parameters extracted using the same algorithm tend to be more correlated. As 
for the correlation with presence of (s)PCa, in total 85 parameters showed a significant 
difference in distribution and thus potential as a biomarker.  

As the mean value was generally the most meaningful feature (with 14 of the 16 
mean parameter distributions being significant biomarkers), this measure will be more 
elaborately examined. In Figure 10.4, the per-region-mean parameter distributions are 
depicted using a boxplot with each region displayed as grey dots. The number of re-
gions of each class are shown above the boxplot. Significant or highly significant 
differences are connected by a line, either marked by * or **, for p < 0.05 and p < 0.005, 
respectively. To obtain the level of significance, a Wilcoxon rank sum test was em-
ployed. 

In terms of the ROC-AUC, the diagnostic potential to distinguish either between be-
nign tissue (i.e., B, BPH or P) and PCa or benign tissue and sPCa is listed in Table 10.1 
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Figure 10.3  Colour-coded interparameter correlation matrix of all model-based features, grouped 
per model parameter; Pearson correlation coefficients with p > 0.05 are not considered to signifi-
cantly reflect linear correlation and are marked with a ‘▪’. The two right columns show the Wilcoxon 
rank sum test's p-value for the association of the features with the presence of PCa or sPCa. 
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for all of the single parameters. The wash-in time and the convective velocity were the 
best performing single parameters.  

 
10.3.2. Multiparametric performance 
The results of the multiparametric approach are also shown in Table 10.2, alongside 
each classifier's performance using only a single parameter. For comparison, the two 
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Figure 10.4  Distributions of region-mean parameter values for benign (B), benign prostatic hyperplasia 
(BPH), prostatitis (P), insignificant (i.e., Gleason 3+3) PCa and significant (i.e., ≥3+4 significant) PCa. The 
grey dots depict data points, the boxplots reflect their distributions and the lines connect distributions 
that are significantly (*) or highly significantly (**) different. 
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best performing single parameters for PCa and sPCa were chosen, WIT and vCD, re-
spectively. Especially the GMM showed a superior performance compared to the single 
parameters. As the feature selection is incorporated in the training folds, there is no 
single multi-parameter set. However, as depicted in Figure 10.5a, the selection of pa-
rameters clearly favours a specific order of combination. Ultimately, only the GMM and 
SVM with combinations of respectively three and eight parameters were included in the 
analysis. Figure 10.5b shows the distribution of the GMM scores for all pathologies. 

 
10.4. Discussion 
In the past decade, CUDI has been shown to be a promising tool for the characterisation 
of prostatic tissue based on 2D DCE-US recordings.35,36,184,186 3D analysis does not only 
mitigate the risk of missing PCa lesions outside of the conventional 2D field-of-view, 

 

Table 10.1  Three-dimensional contrast-enhanced ultrasound parameters and 
their full-set single-parametric performance for both benign tissue versus PCa 
and benign tissue versus sPCa. 

Symbol Parameter name Unit PCa sPCa 

Model-fit analysis    

κ dispersion parameter s-1 0.68 0.66 

μ mean transit time s 0.72 0.79 

α area under the TIC a.u. 0.57 0.58 

Similarity analysis    

r spatiotemporal correlation - 0.70 0.71 

ρ spectral coherence - 0.63 0.64 

MI mutual information - 0.62 0.60 

System identification    

Pe Péclet number  0.67 0.65 

v velocity mm·s-1 0.52 0.72 

D dispersion mm2·s-1 0.57 0.67 

3D Convective-dispersion modelling    

vCD convective velocity mm·s-1 0.74 0.80 

DCD convective dispersion mm2·s-1 0.73 0.77 

Heuristic parameters    

WIT wash-in time s 0.75 0.78 

WIR wash-in rate a.u.·s-1 0.64 0.68 

PI peak intensity a.u. 0.59 0.62 

AT appearence time s 0.58 0.63 

Fractal dimension analysis    

FD fractal dimension - 0.53 0.52 
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but the clinical work flow is also substantially sped up due the need for only one bolus 
injection. Prompted by the introduction 3D DCE-US imaging, 3D CUDI similarity analy-
sis has recently been developed and validated against the presence of PCa in 
systematic biopsy cores.188 Moreover, a novel method for 3D convective-dispersion 
modelling was developed.J11 This work elaborates on the expansion of all CUDI algo-
rithms into 3D. Moreover, we assess the correspondence of the 3D CUDI parameters 
as well as their ability to discriminate (s)PCa from benign prostatic tissue. 

Interestingly, most 3D parameters from different analyses had only a low to moderate 
correlation on a voxel-to-voxel value basis. This is aside some distinctive resem-
blances between μ and wash-in-time as well as between r, ρ, and MI, which follow from 
sharing a common underlying model and physical principles. Convective dispersion 

 

 
Figure 10.5  (a) Parameter selection frequency over all cross-validation folds shown as bar 
height with the selection order depicted in colour; (b) The GMM score distribution over benign, 
and malignant diseases, similar to Figure 10.4. 

 
Table 10.2  Leave-one-patient-out cross-validated ROC-AUC 
performance of vCD, WIT, and a multiparametric approach for both 
benign (disease) versus PCa and benign (disease) versus sPCa. 

symbol PCa sPCa 

GMM  

vCD 0.72 0.78 

WIT 0.73 0.75 

multiparametric 0.76 0.81 

SVM  

vCD 0.71 0.78 

WIT 0.70 0.72 

multiparametric 0.73 0.77 
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and system-identified dispersion seem remarkably uncorrelated. As hypothesised by 
Wildeboer et al.,J11 this might be the consequence of the former reflecting spatial dis-
persion whereas the latter primarily captures temporal dispersion of the contrast bolus. 
We speculate that the moderate correspondence between v and vCD might be caused 
by spatial convection being partly captured by both vCD and DCD. 

PCa-induced angiogenesis has been considered a key discriminating factor for PCa 
imaging,582 and indeed for CUDI, to distinguish cancer from healthy tissue. However, 
also benign prostatic diseases such as BPH and prostatitis are associated to some 
extent with angiogenesis.61,521 Although BPH often exhibits an increase in microvascu-
lar density,583 also reflected by BPH having a significantly higher α in Figure 10.4, other 
parameters do generally not show suspicious values. In terms of molecular angiogenic 
activity, BPH+P has been observed to have significantly elevated levels of e.g. vascular 
endothelial growth factor (VEGF) compared to BPH alone.63 This might explain why es-
pecially regions whose biopsy cores contain prostatitis seem to mimic those with PCa. 
For this study, it should be underlined that the 17 cores carrying prostatitis were taken 
from only 4 patients in total. It is also worth mentioning that prostatic inflammation is 
considered a distinctive feature for risk of PCa development.61 

Another trend discernible for almost all parameters is a persistent difference in vari-
ance among regions with insignificant and significant PCa. Whereas sPCa is strongly 
characterised by elevated levels of e.g. r, Pe, and vCD and reduced WIT and μ, a number 
of iPCa regions exhibit values comparable to those containing BPH or no disease at all. 
As iPCa is generally not associated with life-threatening risks, showing a very low prob-
ability of metastasis,54,55 this might not pose a problem. The management of Gleason 
3+3 disease in the diagnostic process and treatment strategy, however, is still a matter 
of debate among urologists.7 

In this paper, we also evaluated the feasibility of an SVM-based and a GMM-based 
machine-learning approach to classify biopsy regions. The multiparametric perfor-
mance based on a GMM outperforms single parameters. Likely, this is because the 
parameters that are consecutively selected are different in underlying physical mean-
ing; whereas κ, r, and MI are related to UCA dispersion, μ, α, vCD, and WIT reflect 
perfusion. Interestingly, α dominantly features in the best performing multiparametric 
sets even though its individual performance is poor. This might indicate that the num-
ber of microbubbles passing a certain voxel (i.e., α) only becomes important once the 
TIC shape (i.e., μ or WIT) and dispersive fingerprint (i.e., r) are known. Another interest-
ing observation is that, in general, parameters from different analyses are combined. 
These parameters differ not only in physical quantities that are estimated or the under-
lying models that are exploited, but also in the scale at which these processes are 
assumed to be present. Hence, these analyses can be regarded to carry complemen-
tary information useful for the detection of PCa.  

Due to the limited number of patients in our dataset, the learning was restricted to 
the region-mean values of the parameters. In radiologic practice, however, often also 
the spatial appearance of lesions is assessed, such as tissue heterogeneity or abnor-
mal spiculation. Radiomic features allow quantitative extraction of temporal and spatial 
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information from (parametric) images and look beyond the plain voxel-specific param-
eter or greyscale values.584–586 Therefore, the extensive set of features described in this 
work (such as the maximum value or entropy) might become very useful when applying 
machine learning in a more extended dataset. 

Unfortunately, SBx is known to sometimes misrepresent the actual histopathologic 
fingerprint due to sampling errors;12,324,587 either due to a mismatch between the tem-
plate and actual location or due to missing the region's cancer hotspot. This study 
might therefore wrongly assume regions to be true negative or false positive. As our 
analysis is based on the entire region surrounding of the biopsy location, we expect that 
in particular some false positive regions would have been upgraded in a more rigorous 
histological examination. As these errors in the ground truth could potentially impact 
both the training and testing, their effect might be significant. In the future, a radical-
prostatectomy reference study would enable us to assess the presented (multi)para-
metric maps value for the localisation of PCa. However, such a dataset would be 
severely biased towards PCa presence as healthy, BPH-only, or prostatitis-only pros-
tates, which coincidentally comprise a large part of the biopsy population, cannot be 
represented. A prospective targeted-biopsy study with 3D-CUDI guidance might even-
tually help us to determine its PCa detection ability.  

 

10.5. Conclusions 
This study reveals the potential of multiparametric combination of 3D CUDI parame-
ters, either as single parameters or in a multiparametric approach through machine 
learning by a Gaussian Mixture Model. We envisage additional optimisation of 3D algo-
rithms and expansion of the dataset to prompt further development of this technique. 
Eventually, we believe these approaches might allow reliable imaging of prostate can-
cer for targeted biopsy procedures.  
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11. Multiparametric Ultrasound: A Computer Approach 
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MULTIPARAMETRIC 
ULTRASOUND: 

A COMPUTER APPROACH 
 

Adapted from: R.R. Wildeboer, C.K. Mannaerts, R.J.G. van Sloun, L. Budäus, D. Tilki, 
H. Wijkstra, G, Salomon, and M. Mischi. Automated multiparametric localization of 
prostate cancer based on B-mode, shear-wave elastography, and contrast-en-
hanced ultrasound radiomics. Submitted, 2019. 
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Abstract. Purpose: The aim of this study was to assess the potential of ma-
chine learning based on B-mode, shear-wave elastography (SWE), and 
dynamic contrast-enhanced ultrasound (DCE-US) radiomics for the locali-
sation of prostate cancer (PCa) using transrectal ultrasound.  

Materials and Methods: This study was approved by the institutional review 
board and comprised 50 men with biopsy-confirmed PCa that were referred 
for radical prostatectomy. Prior to surgery, patients received transrectal ul-
trasound (TRUS), SWE, and DCE-US for three imaging planes. The images 
were automatically segmented and registered. First, model-based features 
related to contrast perfusion and dispersion were extracted from the DCE-
US videos. Subsequently, radiomics were retrieved from all modalities. Ma-
chine learning was applied through a random forest classification algorithm, 
using the co-registered histopathology from the radical-prostatectomy 
specimens as a reference to draw benign and malignant regions of interest. 
To avoid overfitting, the performance of the multiparametric classifier was 
assessed through leave-one-patient-out cross-validation. 

Results: The multiparametric classifier reached a regionwise area under the 
Receiver Operating Characteristics curve (ROC-AUC) of 0.75 and 0.90 for 
PCa and Gleason >3+4 significant PCa, respectively, thereby outperforming 
the best-performing single parameter (i.e., contrast velocity) yielding ROC-
AUCs of 0.69 and 0.76, respectively. Machine learning revealed that combi-
nations between perfusion-, dispersion-, and elasticity-related features were 
favoured.  

Conclusions: In this paper, technical feasibility of multiparametric machine 
learning to improve upon single US modalities for the localisation of PCa has 
been demonstrated. Extended datasets for training and testing may estab-
lish the clinical value of automatic multiparametric US classification in the 
early diagnosis of PCa. 

 

Key Words. Prostate Cancer ▪ Machine Learning ▪ Random Forest ▪ Locali-
sation ▪ Multiparametric Ultrasound ▪ Shear-Wave Elastography ▪ Contrast-
Enhanced Ultrasound 
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11.1. Introduction 

With more than an estimated 164,000 new diagnoses in the United States9 and almost 
450,000 in Europe8, prostate cancer (PCa) remains the most frequently occurring non-
skin malignancy in Western men in 2018. Unfortunately, after prostate-specific antigen 
(PSA) serum level testing and/or digital rectal examination, the standard diagnostic ap-
proach still dictates a 10- to 12-core systematic biopsy.7 Aside from complications 
associated with this procedure,11 high levels of underdiagnoses and overtreatment 
have been reported.12 Therefore, there is a strong clinical demand for reliable imaging 
that enables targeted biopsy. 

Although individual modalities of magnetic resonance imaging (MRI) are not consid-
ered sufficiently accurate in PCa diagnosis, recent years have shown promising 
advances in multiparametric MRI. In this approach, individual MRI modalities are 
scored and combined following the Prostate Imaging Reporting and Data System (PI-
RADS).588 However, aside some inherent limitations of MRI (e.g., its high cost, limited 
availability, and impracticality for bed-side use), such scoring systems are known to 
exhibit a slow learning curve and are at risk of high operator-disagreement.589 Another 
potential candidate for PCa imaging is ultrasound (US), which is cost-effective, widely 
available, and practical. Even though US modalities such as shear-wave elastography 
(SWE) and dynamic contrast-enhanced ultrasound (DCE-US) have shown promising 
results, targeted biopsy with US techniques still is not superior over systematic biopsy.6 
However, to date, a multiparametric US approach has been scarcely investigated.29  

The rationale for a multiparametric approach (i.e., combining information from com-
plementary biomarkers such as tissue texture, elasticity, or perfusion to image a 
notoriously multifocal and heterogeneous disease like PCa17) applies to both MRI and 
US. On top of that, the use of quantitative features known as radiomics is gaining at-
tention.255 Radiomics quantifies the spatial representation of tissue in an image such 
as heterogeneity or asymmetric enhancement by locally extracting textural and statis-
tical features from the (parametric) images. In this work, we strived to combine the 
information from different modalities as well as their radiomics for image-based diag-
nosis PCa. To examine the potential of such an approach, we employed machine-
learning technology by means of a random forest to optimally combine the underlying 
parameters. A random forest forms the core of a computer-aided diagnosis algorithm 
that combines all information into a single multiparametric image for the clinician to 
review.522 

In the classifier, inputs from B-mode US, SWE, and DCE-US are considered.590 Alt-
hough B-mode US by itself is not a suitable option for PCa imaging, biopsy guidelines 
highly recommend targeting of suspicious hypoechoic lesions.12 As for SWE, tissue 
stiffness is regarded as a strong indicator of malignancy.27 Recent studies have 
demonstrated its usefulness for the detection of PCa.163,591,592 DCE-US, in which con-
trast agents are employed to visualise the vascularity, allows the assessment of tissue 
perfusion and contrast dispersion.547 In fact, it was shown that quantification of the 
contrast-agent kinetics by contrast-ultrasound dispersion imaging (CUDI) allows the 
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estimation of parameters reflecting the characteristics of angiogenic (micro)vascula-
ture.34–36 Whereas DCE-US images primarily represent vascular tissue characteristics, 
SWE images are related to the cell density and collagen deposition in tissue.73,593 There-
fore, being complementary in nature, it can be hypothesised that their combination 
leads to an increased diagnostic potential. In a recently published study, perfusion- and 
dispersion-related DCE-US parameters were already successfully combined in a ma-
chine-learning approach.J15 

This work validates a proposed random-forest-based classifier in a leave-one-pa-
tient-out fashion, both pixelwise and regionwise. Furthermore, the correlations among 
different features were investigated and their individual and combined importance for 
the localisation of (clinically significant) PCa were evaluated.  

 
11.2. Material and methods 
11.2.1. Data acquisition 
At the Martini Clinic Prostate Cancer Centre (University Hospital Hamburg Eppendorf, 
Germany), 50 men with biopsy-confirmed PCa referred for radical prostatectomy (RP) 
underwent a multiparametric US procedure. Only patients with a PSA level below 
20 ng/mL, a prostate volume of <80 mL and no indication of extracapsular invasion 
were included in the study; patients with contra-indication for DCE-US or previous PCa 
therapy were excluded. Institutional review board approval was acquired and all partic-
ipants signed an informed consent. Of them, 48 men underwent RP and were included 
in the study. The patient characteristics are listed in Table 11.1. Each patient received 
a B-mode, SWE, and two-minute DCE-US recording of the apex, mid, and base section 
of the gland. The examinations were performed with an Aixplorer® ultrasound scanner 
(SuperSonic Imagine, Aix-en-Provence, France) equipped with an SE12-3 endocavity 
probe. For the DCE-US recordings, a 2.4-mL bolus of SonoVue® (Bracco, Milan, Italy) 
was intravenously administered. DCE-US was performed in “Gen” contrast-specific, 

 
Table 11.1  Characteristics of patient group. 

Parameter  Value 
  

Number of patients, n 48 

Age, median (IQR) 65 (58 – 70) yrs 

TRUS volume, median (IQR) 40 (34 – 49) mL 

PSA, median (IQR) 7.7 (5.3 – 10.4) ng/mL 

Radical-prostatectomy index 
  lesion Gleason score, n 
 
 

 

3+3=6 1 (2.1%) 

3+4=7 30 (62.5%) 

4+3=7 6 (12.5%) 

>4+3=7 11 (22.9%) 

IQR = Interquartile Range 
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low-mechanical-index mode; SWE images were obtained with minimal precompres-
sion and after a few-second stabilisation period. This work is related to a clinical trial 
on multiparametric ultrasound (i.e., under registration number NCT03091231) and 
more information on the clinical workflow can be found in a previously published pro-
tocol paper.J9 
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Figure 11.1  Schematic overview of the proposed classification framework, 
with information from shear-wave elastography and contrast-enhanced ul-
trasound recording shown in rose and red, respectively. 
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11.2.2. Histopathological examination 
After resection, the RP specimens were histopathologically examined. The annotated 
PCa regions were used to reconstruct a 3D model of the prostate and its lesions.J14 This 
model was subsequently digitally cross-sectioned at the apex, mid gland, and base to 
be matched to the imaging planes, allowing direct US-histopathology comparison.J12 

Taking into account registration inaccuracy, a maximum of one unambiguously malig-
nant and one unambiguously benign region of interest (ROI) were delineated in the B-
mode image to serve as labelled ground truth for training and validation. The ROIs were 
drawn such that the number of malignant and the number of benign pixels, as well as 
those originating in the peripheral zone (PZ) and transition zone (TZ), were in balance. 

 

11.2.3. Algorithm structure 
An overview of the proposed method is shown in Figure 11.1 and comprises (A) pros-
tate segmentation, (B) data registration, (C) feature extraction, and (D) multiparametric 
classification. Testing and validation of the model is discussed in Section 12.2.4. 

 

11.2.3.1. Prostate segmentation 
Firstly, the prostate is located and delineated in each modality. To this end, we em-
ployed an automated deep-learning-based TRUS segmentation algorithm on the side-
view fundamental B-mode images of both the SWE and DCE-US acquisition.J8 For DCE-
US, the prostate position during wash-in (i.e., at 30 s) was used as a reference. Auto-
matically, the prostate images were also zonally segmented, labelling pixels belonging 
to either the PZ or TZ for further use in the classification algorithm. The deep-learning-
based segmentations were checked by both an engineer and a urologist with four years 
of experience in TRUS imaging. Aside prostate segmentation, a detection algorithm 
was designed to outline calcifications in the B-mode images. Calcifications were iden-
tified by high-valued regions in the fundamental-mode image after convolution with 2D 
Gaussian kernels having an empirically chosen standard deviation of ~0.6 mm and 
~1.8 mm, thus detecting hyperechoic spots with diameters of approximately 1.2 mm 
and 3.6 mm.  

 

11.2.3.2. Data registration 
As the proposed method aims at pixel-specific classification, a pixel-to-pixel match 
between the different US modalities is required. Again, the 30-s fundamental view im-
age of the DCE-US recording was chosen as reference. The SWE data were elastically 
registered to this image based on the segmented contours. Moreover, motion compen-
sation was applied to the DCE-US video by rigid registration of every 5th frame to the 
reference position; the registration of the intermediate frames was performed by inter-
polating the translation-rotation matrix.  

 

11.2.3.3. Feature extraction 
The proposed classifier includes a two-step feature extraction: first, model-based 
blood flow features are retrieved from the DCE-US imaging, and secondly, radiomic 
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features are extracted from the resulting parametric maps as well as the SWE and grey-
scale image. The model-based feature extraction serves two purposes: on the one 
hand, physically meaningful parameters with known correlation to PCa are estimated 
and, on the other hand, the dimensionality of the DCE-US is reduced to 2D, matching 
the SWE and greyscale image prior to texture analysis. 

The model-based feature extraction was based on contrast-ultrasound dispersion 
imaging (CUDI), a family of quantification methods that estimate underlying physical 
quantities of a DCE-US recording related to perfusion and dispersion.34–36,504,553 A total 
of 12 DCE-US features were extracted, which are listed in Table 11.2. In CUDI, the 
spreading of the contrast bolus through the prostate is regarded as a convective-dis-
persive process. The contrast velocity (v), dispersion (D), and Péclet (Pe) number were 
estimated through local system identification.35 Alternatively, the local degree of dis-
persion can also be quantified by the similarity in contrast behaviour among pixels. This 
was quantified either by spatiotemporal correlation (r)504,553 or spectral coherence (ρ).36 
In addition, we fitted the evolution of contrast over time in a single pixel by a modified 
local density random walk model, enabling us to estimate the mean transit time (μ), the 
dispersion-related parameter (κ) and the area under the contrast curve (α).34  Finally, 
also heuristic parameters such as the wash-in time (WIT), appearance time (AT), peak 
intensity (PI), and peak time (PT) were extracted.  

The rationale for the use of radiomic features is that not only pixel-values but also 
local spiculation, heterogeneity, and granularity are widely considered as important bi-
omarkers of cancer. Moreover, asymmetric patterns in perfusion or elasticity 
regardless of the pixel values are also seen as indicative of malignancy. To take into 
account intraprostate asymmetry, we introduced the parameter value relative to the 
median parameter value per image. Likewise, to quantify parameter heterogeneity, we 
extracted the entropy of the parameter distribution in a circular kernel around the pixel 
of interest. A multiscale approach was adopted, using heuristic kernel radii of ~1 mm, 
~2 mm, and ~3 mm. In addition, the parameter variance was calculated in a ~2-mm 
kernel. 

 

11.2.3.4. Multiparametric classification 
Multiparametric combination of the features was achieved through machine learning 
based on a random forest. A random forest is an ensemble of independently trained 
classification trees, which vote together on the final classification score.269 Having a 
branch-like structure of decision nodes, single classification trees classify a sample by 
a series of decisions based on the input variables. The tree structure is grown by eval-
uating (a subset of) the labelled training instances to be most effectively separated at 
each node in terms of their class. Subsequently, the robustness of a random forest is 
established by growing each tree by a random subset of the input instances.268 

In this work, we enforced the first split to be based on the zonal location (either PZ or 
TZ), as it is established that tissue stiffness401 and the influx of contrast agents28 differ 
substantially between zones. Then, a random forest was grown consisting of 1,000 
trees using 1/1,000th of the training set with replacement. To promote generalisability, 
6 random training patients were completely discarded prior to growing each tree. 
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Cross-entropy between the classification result and the labels was adopted as the 
splitting criterion and the tree-depth was at most 50 nodes. Pixels containing calcifica-
tions were omitted in the training phase. The final multiparametric score, ranging from 
–1 to 1, was defined by the ratio between the number of malignant and benign classi-
fications among the trees in the random forest. After classification, outliers were 
removed from the multiparametric images by assigning the median multiparametric 
score in a 15-pixel region (~2.5 mm), corresponding to approximately half the radius of 
clinically significant PCa.56 

 

11.2.4. Validation and statistical analysis 
The classifier was validated in a leave-one-patient-out cross-validation procedure, in 
which each patient is tested using 1 classifier that is trained on the data of the remain-
ing patients. The performance was assessed by computing the area under the Receiver 
Operating Characteristics curve (ROC-AUC) of the parameter values or the multipara-
metric score, both in a pixelwise and a regionwise fashion. In the latter approach, a ROI 
was characterised by its mean parameter value or multiparametric score. Differences 
between distributions were statistically assessed with a Wilcoxon rank sum test.594 
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Figure 11.2  Correlation matrix of the derived radiomics in terms of the linear Pearson 
correlation coefficient; correlations that are not significantly (p > 0.05) reflected by a linear 
correlation are indicated by a ‘■’. 
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Throughout this work, p-values of <0.05 and <0.005 are defined to describe significant 
and highly significant differences among groups, respectively. 

 
11.3. Results 
11.3.1. Correlation among radiomics 
Figure 11.2 depicts the correlations between radiomics in a correlation matrix. Strong 
positive and negative correlations are color-coded in red and blue, respectively. Fea-
tures from the same analysis typically exhibit high correlation. In addition, especially μ 
and WIT as well as α and PI seem related. The low correlation between the Young’s 
modulus (E), grey levels (G), and DCE-US features are an indication that B-mode, SWE, 
and DCE-US are indeed complementary.  

 

11.3.2. Classification performance 
Figure 11.3 illustrates the power of the proposed multiparametric analysis, showing a 
number of single-parametric maps alongside the multiparametric image obtained in a 
patient with a left-apical 4+5=9 tumour. As mentioned, the multiparametric score re-
flects the balance among all single-tree outcomes in the random forest; 1 representing 
a unanimous classification as malignant and –1 a unanimous classification as benign. 
The segmentation, zonal boundary, detected calcifications, and annotated ROI loca-
tions are indicated as well. The single- and multiparametric results across the entire 
dataset are presented in Table 11.2. Multiparametric radiomics-based classification 
yields a regionwise ROC-AUC of 0.75 and 0.90 for PCa and significant PCa versus be-

 

Table 11.2  Diagnostic performance of parameters. 

Modality Parameter Pixelwise  Regionwise 
  ≥3+3 >3+4 ≥3+3 >3+4 
DCE-US Pe, Péclet number (-) 0.63 0.63 0.67 0.69 
 v, velocity (mm/s) 0.66 0.70 0.69 0.76 
 D, dispersion (mm2/s) 0.52 0.52 0.56 0.57 
 r, spatiotemporal correlation (-) 0.66 0.70 0.69 0.76 
 ρ, spectral coherence (-) 0.64 0.65 0.66 0.68 
 κ, dispersion parameter (s-1) 0.59 0.62 0.62 0.67 

 μ, mean transit time (s) 0.61 0.69 0.64 0.71 

 α, area under TIC  (a.u.) 0.56 0.58 0.50 0.53 

 WIT, wash-in time (s) 0.61 0.69 0.64 0.72 

 PT, peak time (s) 0.64 0.71 0.63 0.68 

 AT, arrival time (s) 0.57 0.60 0.57 0.56 

 PI, peak intensity (a.u.) 0.61 0.65 0.57 0.65 

SWE E, Young’s modulus (kPa) 0.62 0.67 0.62 0.73 

B-mode G, grey level (a.u.) 0.54 0.58 0.53 0.58 

Classifier multiparametric score 0.70 0.78 0.75 0.90 
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nign regions, respectively. In comparison, applying the classifier on only the radiomic 
features for the best-performing DCE-US parameter (i.e., contrast velocity, v) resulted 
in a regionwise ROC-AUC of 0.71 and 0.84 for PCa and sPCa, respectively. The classi-
fication performance can thus be partly attributed to the use of radiomics, and partly to 
multiparametric combination. 

 
11.3.3. Feature relevance 
The relative relevance of different parameters is assessed by examining which param-
eters are selected for the first, second, etc. decision nodes in the trees of the random 
forest. Figure 11.4 presents the most prominent parameters. Based on this data, it 
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Figure 11.3  Image plane example, showing the (a) B-mode, (b) Young’s modulus (SWE), (c) 
Péclet number, (d) spatiotemporal correlation, (d) dispersion-related parameter, (e) wash-in 
time, (f) velocity, (f) velocity relative to image median, (g) 2-mm entropy of velocity, and (h) 
resulting multiparametric maps. In each map, the prostate and zonal segmentations are de-
picted in white, the calcifications are encircled in blue, and histopathologically confirmed 
malignant and benign ROIs are indicated in red and green, respectively. 
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seems that in particular the combination between v, r, and E is favoured. In the TZ, also 
ρ and PT are relevant parameters. In terms of radiomics, mostly the parametric value 
itself and the large-kernel entropy are selected. 
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Figure 11.4  Overview of the frequency at which radiomics are selected for the highest-order 
branches among all trees in the forest. Radiomics are grouped according to the model-based 
parameters. 
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Figure 11.5  Overview of the parameter values and classifier score for (a) the velocity, (b) the 
Young’s Modulus (E), and (c) the multiparametric classifier score. Individual regions are repre-
sented by ‘•’.The violin plots represent the group distribution in the PZ (left, blue) and TZ (right, 
red). Significant and highly significant differences according to a Wilcoxon rank sum test are 
indicated with * and **. 
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11.3.4. Relation to cancer grade 
To assess the degree to which parameters and the multiparametric score correspond 
to cancer aggressiveness, Figure 11.5 shows how the mean values per ROI are distrib-
uted for different Gleason groups and prostate zones (i.e., PZ and TZ). Both the SWE-
derived Young’s modulus and the best-performing DCE-US parameter (i.e., v) are de-
picted alongside the final multiparametric score. Significant and highly significant 
differences are indicated with * and **, respectively. It should be emphasised that 
healthy TZ tissue is generally stiffer than PZ tissue,401 as evidenced in Figure 11.5, ham-
pering the analysis of TZ and PZ regions as a single group. 

 

11.4. Discussion 
In this work, we report on the development of a random-forest-based classifier for mul-
tiparametric classification of PCa based on co-registered B-mode, shear-wave 
elastography, and contrast-enhanced ultrasound. Aside from model-based parame-
ters, radiomics are introduced in the classifier framework to extract additional 
information from the parametric maps. The ROC-AUC, validated in a leave-one-patient-
out cross-validation fashion, shows a regionwise improvement from 0.76 of the best-
performing individual parameter, v, to a multiparametric 0.90 for significant Gleason 
>3+4 PCa. Similar improvement is achieved using a pixelwise approach. The improve-
ment is partly the result of the radiomic extraction, and partly of the multiparametric 
combination. 

The random forest classifier is a powerful tool for classification that allows for the 
integration of a large range of (radiomic) features and generates an intuitive multipar-
ametric score. The frequency at which parameters are being selected for classification 
(see Figure 11.4) substantiates the multiparametric hypothesis, favouring a combina-
tion of a perfusion-related (i.e., v, PT), dispersion-related (i.e., r, ρ), and elastographic 
(i.e., E) parameters. This is in line with earlier work that only included DCE-US parame-
ters, reporting that model-based parameters that are related to different underlying 
biomarkers combine most effectively.J15 In addition, the selected parameters differ sub-
stantially between the PZ and TZ. This might be due to anatomic or physiological 
differences between zones; however, it could also be a result of less robust parameter 
estimation farther away from the probe (i.e., in the TZ), due to the increasing impact of 
attenuation and shadowing. This stresses the need for adequate zonal segmentation 
in the proposed framework, here obtained through deep learning.J8 

The multiparametric score is shown to scale with tumour Gleason grade, with signif-
icant differences between benign, insignificant and significant disease. Several 
definitions of clinically significant prostate cancer are used in the literature; due to the 
limited amount of 3+3-disease in this RP-validated study and the distinction between 
Gleason 3+4=7 and 4+3=7 being strongly associated with PCa prognosis,595 we report 
on both the identification of ≥3+3 and >3+4 PCa. Our results (Figure 11.5) show no sig-
nificant difference between 3+4 PCa and the small group of 3+3 PCa. This might be 
partly explained due to a bias in the 3+3 group, with tumours being disproportionately 
large for clinicians to decide upon RP as treatment instead of active surveillance and, 
thus, for inclusion in the presented study.  
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Furthermore, only a few radiomic features were introduced in this research. Many 
more have been proposed in the literature, including morphological, intensity-based, 
texture-based, and statistics-based features.142,596–599 Alternatively, novel model-based 
features could be considered. For example velocity vector field entropy187 or viscoelas-
ticity73,J13 have shown promise as markers for PCa in DCE-US and SWE. Even though 
the quality of the input images remains dependent on the operator recording the SWE 
and CEUS acquisitions,472,600 the use of automatically generated single multiparametric 
images might reduce interobserver variability compared to cognitive reading of a large 
ensemble of parametric maps. 

Compared to other research, meta-analyses of SWE and DCE-US have reported ROC-
AUCs of 0.90591–0.91163 and 0.83,173 respectively. It should be emphasised that these 
results are based on systematic biopsy, known for its systematic and random errors,129 
as reference standard. Furthermore, these scores were obtained by cognitive reading 
of images and videos rather than an automatic pixel-value based approach like in this 
study, which might hamper comparison. The value of multiparametric images for cog-
nitive reading, either as stand-alone tool or combined with the source images remains 
to be investigated. 

Despite the performance gains obtained using the proposed method, some malig-
nant ROIs were still missed and some benign ROIs were wrongly classified as 
malignant by the algorithm. In the future, immunohistochemical techniques601,602 might 
elucidate more on the nature of the false readings. There are indications that (co-oc-
curring) prostatitis or BPH might be responsible for false positives, as these diseases 
are known to also promote angiogenesis.61,521 Qualitative inspection of the false nega-
tives revealed that these were indeed invisible to the naked eye on all US modalities. 
Future analysis of tumours that are missed on all US imaging modalities might poten-
tially direct us towards new parameters or radiomic features contributing to the 
multiparametric classification. 

Furthermore, this study was limited by only including patients with biopsy-proven 
PCa in order to have RP specimens as a histopathological ground truth for PCa locali-
sation. As a result, ROC-AUCs were calculated for the separation of benign and 
malignant ROIs. Prospective, targeted biopsy-based studies might eventually confirm 
the diagnostic value of the machine-learning classification presented in this work in a 
more varied patient group.527 Another limitation is the 2D nature of this approach, re-
quiring the acquisition of three planes per patient for every modality. As 3D SWE and 
DCE-US have recently been introduced,164,188 expansion to three dimensions can be en-
visaged.  

In conclusion, we demonstrated the feasibility of a multiparametric classifier to im-
prove upon single US modalities for the localisation of PCa. This is in line with recently 
published work on multiparametric US for the identification of malignant and benign 
breast lesions.603 We aim to further extend the dataset, so that the classification ap-
proach can be expanded to more radiomics and features. Once the performance is 
consolidated, we believe that a three-dimensional approach might bring clinical adop-
tion closer within reach.  
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12. Multiparametric Ultrasound: A Clinical Approach 
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MULTIPARAMETRIC 
ULTRASOUND: 

A CLINICAL APPROACH 
 

Adapted from: C.K. Mannaerts, R.R. Wildeboer, S. Remmers, R.A.A. van Kollenburg, 
A. Kajtazovic, J. Hagemann, A.W. Postema, R.J.G. van Sloun, M. Roobol, D. Tilki, M. 
Mischi, H. Wijkstra, and G. Salomon. Multiparametric ultrasound for prostate cancer 
detection and localization: Correlation of B-mode, shearwave elastography and 
contrast enhanced ultrasound with radical prostatectomy specimens. Submitted, 
2019. 
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Abstract. Background: Ultrasound (US) imaging is mainly used for prostate-
biopsy guidance. Similar to multiparametric magnetic resonance imaging 
(mpMRI), the exploration of US modalities in a multiparametric fashion might 
be a promising approach for US-based prostate cancer (PCa) imaging. 

Objective: To determine the diagnostic accuracy of B-mode, shear-wave 
elastography (SWE), contrast-enhanced ultrasound (CEUS) with quantifica-
tion software, and their combination, multiparametric US (mpUS), for 
clinically significant (s)PCa. 

Design, setting, and participants: 50 men with biopsy-proven PCa underwent 
mpUS imaging before radical prostatectomy (RP). All US modalities, sepa-
rate and combined as mpUS, were evaluated by three readers in random 
order. PCa localisation was based on the evaluation of 12 anatomic regions 
of interest (ROIs) being scored for the likelihood of sPCa based on a five-
point Likert scale. For index-lesion detection, readers selected the two most 
suspicious ROIs for potential targeted biopsy. The reference standard was 
RP histopathology. 

Outcome measurements and statistical analysis: Multilevel analyses were 
used to estimate diagnostic accuracy (i.e., sensitivity and specificity with 
95%-confidence intervals, CI) for localisation of PCa adopting different Likert 
scores and RP Gleason score (GS) thresholds, and also accounting for 
crossed random effects for subjects and ROI-locations. Interobserver agree-
ment was determined with Krippendorff’s alpha coefficient.  

Results and limitations: 48 men were included in the final analysis. ROI-spe-
cific sensitivity of mpUS (Likert ≥3) for GS ≥3+4=7 PCa was 74% (95%-CI: 
67% – 80%), compared to 56% (95%-CI: 47% – 63%), 55% (95%-CI: 
47% – 63%) and 59% (95%-CI: 51% –67%) for B-mode, SWE, and CEUS, re-
spectively. Sensitivity of mpUS was significantly higher for all different Likert 
scores and GS thresholds, and mpUS improved detection of index-lesion 
PCa. Interobserver agreement of mpUS for Likert score ≥3 and Likert score 
≥4 was Krippendorff’s alpha 0.33 and 0.46, respectively. Limitations include 
the absence of a comparison with mpMRI. 

Conclusions: mpUS of the prostate, consisting of B-mode, SWE, and CEUS 
with parametric maps improved localisation and index-lesion detection of 
sPCa yielding good sensitivity values.  

Patient summary: We evaluated the combination of different ultrasound mo-
dalities including B-mode, shear-wave elastography, and contrast-enhanced 
ultrasound for the diagnosis of prostate cancer. Our results show that mul-
tiparametric ultrasound improves diagnostic accuracy for both detection 
and localisation of clinically significant prostate cancer and should be further 
investigated for image-guided biopsy. 

 

Acknowledgements. We acknowledge SuperSonic Imagine (Aix-en-Pro-
vence, France) for providing the Aixplorer® Ultrasound Platform and 
technical support.  
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12.1. Introduction 
The diagnosis of prostate cancer (PCa) evolves towards an imaging-driven approach. 
Multiparametric magnetic resonance imaging (mpMRI) using a standardised reporting 
system (Prostate Imaging Reporting and Data System version 2, PI-RADSv2) is in-
creasingly used as a tool for targeted biopsy.7 Recent trials in biopsy-naïve men 
demonstrated non-inferior to superior detection rates of clinically significant (s)PCa for 
mpMRI-targeted biopsy in comparison with transrectal ultrasound (TRUS)-guided sys-
tematic biopsy.131,604,605 Despite these promising results, complete substitution of 
systematic biopsy by an mpMRI-targeted biopsy approach is currently not recom-
mended as sPCa is still missed in men with a negative as well as a positive 
mpMRI.606,607 Moreover, resources such as radiologic and urologic expertise, MRI gan-
try time, and costs for reimbursement represent a logistic and financial challenge.608 

Although widely available, portable, less expensive in machine purchase, and familiar 
to urologists, ultrasound (US) imaging is mainly used for biopsy guidance rather than 
PCa imaging. With new US modalities, such as contrast-enhanced ultrasound (CEUS) 
with quantification analyses, elastography and micro-ultrasound, showing encourag-
ing results for (s)PCa localisation, US imaging is gaining increasing interest.173,609,610 
During CEUS, an intravenously administered suspension of gas-filled microbubbles 
(i.e., ultrasound contrast agents, UCAs) is used for the visualisation of microvascular 
flow patterns. Quantification by means of contrast-ultrasound dispersion imaging 
(CUDI) has been developed to assess the UCA bolus kinetics and, as such, the altera-
tions caused by angiogenesis of PCa in the microvasculature of the prostate.J15 Besides 
that, PCa typically shows increased stiffness because of higher cellular density and 
collagen depositions.611 In contrast to real-time elastography (RTE), shear-wave elas-
tography (SWE) allows for the quantitative estimation of tissue elasticity without the 
need for manually exerted transducer pressure.401,612 Nevertheless, even though clinical 
evaluation of both SWE and CEUS showed encouraging results, currently US-targeted 
biopsy cannot replace systematic biopsy.6 

Similar to mpMRI, the exploration of different US modalities in a multiparametric 
fashion, combining relevant information from complementary PCa phenomena such 
as loss of benign glandular architecture, increased stiffness, and altered microvascu-
lature, could be essential to improve US-based imaging of sPCa. However, to date, 
multiparametric US (mpUS) has been scarcely investigated.29 In this clinical study, we 
evaluated the diagnostic performance of B-mode, SWE, CEUS with parametric maps, 
and the combination mpUS for the detection and localisation of sPCa with radical-pros-
tatectomy (RP) histopathology as reference standard. 

 
12.2. Materials and methods 

12.2.1. Trial design 
This prospective, single-centre, institutional-review-board approved study included 50 
men with biopsy-proven PCa scheduled for RP in the Martini Clinic Prostate Cancer 
Centre in Hamburg, Germany. The study protocol has been prospectively registered on 
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Clinicaltrials.gov (NCT03091231) and published previously.J10 

 

12.2.2. Study population 
Participants were eligible if they had biopsy-proven PCa with a serum prostate-specific 
antigen (PSA) level of 20 ng/mL or less and a digital rectal examination (DRE) that did 
not suggest extracapsular disease. Men with contra-indication for CEUS or previous 
therapy for PCa were excluded. To maintain SWE image quality, an upper prostate vol-
ume threshold of 80 mL was adopted. All men provided written informed consent. 

 

12.2.3. US imaging protocol 
Participants underwent US imaging on a clinical scanner (Aixplorer®) with an end-fire 
endorectal probe (Super Endocavity™ SE12–3, both SuperSonic Imagine, Aix-en-Pro-
vence, France). The prostate was examined in three planes (base, mid, and apex) using 
three different scanning modalities (B-mode, SWE, and CEUS) sequentially (Figure 12.1 
and 12.2). For CEUS, a 2.4-mL bolus of SonoVue® (Bracco, Geneva, Switzerland) per 
plane was used. Quantification of the CEUS recordings by CUDI was performed directly 
after acquisition.35,184  Study procedures are written in more detail in the study proto-
col.J10 

 

12.2.4. US imaging evaluation 
All US imaging was evaluated by three readers, who were presented with images from 
individual modalities separately or in combination (i.e., mpUS) in a random order. All 
readers received a two-day training before evaluation and were blinded for clinical and 
pathological data. SWE and CEUS were evaluated in conjunction with B-mode, as both 
modalities should be interpreted taking into account the B-mode findings.361,613 To 
study PCa localisation, readers scored left and right quadrants in both the peripheral 
zone (PZ) and transition zone (TZ) in each imaging plane, making a total of 12 anatomic 
regions of interest (ROIs) per patient, for the likelihood of sPCa on a five-point Likert 
scale. Scores from 1 to 5 indicated that the presence of sPCa was highly unlikely, un-
likely, equivocal, likely, or highly likely, respectively, in that specific ROI. In addition, to 
examine the use of mpUS to potentially target index-lesion PCa, readers were asked to 
select the most suspicious ROI (ROI1) and second-most suspicious ROI (ROI2) in each 
prostate. Clinical experience of the readers in US imaging is reported in Table 12.1. 

 

Table 12.1  US reader experience. 

Reader 
Clinical experience  
TRUS experi-
ence (yr) 

B-mode prior 
to start (#) 

B-mode expe-
rience (#/yr) 

CEUS prior to 
start (#) 

CEUS experi-
ence (#/yr) 

SWE prior 
to start (#) 

SWE experi-
ence (#/yr) 

C.M. 4  650 300 200 60 30 20 
R.K. 2 400 350 80 40 - - 
A.K. 2 250 300 40 - - - 
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(a)

(c)

(b)

(d)

(e)

 
Figure 12.1  mpUS imaging of the base prostate plane in a 67-year old man with a PSA-value of 
18.4 ng/mL: (a) A suspicious hypoechoic lesion in the left side of the prostate on B-mode ultrasound 
(arrow). (b) The shear-wave elastogram shows highly suspicious stiffness values in the left prostate 
(arrow). (c) Suspicious early enhancement in the left prostate on contrast-enhanced ultrasound (ar-
row). (d) A suspicious red-coloured focus on the CUDI parametric map in the left prostate (arrow). (e) 
Histopathology demonstrated clinically significant prostate cancer (Gleason score 5+4=9) in the left 
base of the prostate. 

 

 
 

 

 

(a)

(c)

(b)

(d)

(e)

 
Figure 12.2  mpUS imaging of the mid prostate plane in a 69-year old man with a PSA-value of 
8.2 ng/mL: (a) Heterogeneous signal intensity on B-mode. (b) The shear-wave elastogram shows dif-
fuse increased stiffness in the right transition zone (arrow). (c) Suspicious early enhancement in the 
left peripheral zone of the prostate on contrast-enhanced ultrasound (arrow). Round shaped, well cir-
cumscribed symmetrical early enhancement in both transition zones (benign morphology). (d) 
Suspicious red-coloured focus on the CUDI parametric map (arrow). (e) Histopathology demonstrated 
clinically significant prostate cancer (Gleason score 3+4=7) unilateral in the left peripheral zone. 
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12.2.5. RP and histopathological analysis 
The RP was performed with an intraoperative neurovascular frozen section examina-
tion in which frozen sections were taken from one (6%) or both (94%) lateral side(s) of 
the prostate.614 These frozen sections were processed separately from the resected 
specimen. Following RP, histopathologic analysis was performed according to institu-
tion standards with complete embedding of the prostate into 4-mm thick axial step-
section slices. An uropathologist determined the location, stage, and percentages of 
Gleason grade 3, 4, and 5 patterns in both in the RP and frozen section(s) in accordance 
with the International Society of Urological Pathology recommendations.615 The index 
lesion was defined as the lesion with the highest Gleason score (GS) or, in case of mul-
tiple lesions with the same GS, the one with the largest volume. 

 

12.2.6. Histopathologic correlation of imaging 
As written in detail in our protocol, we employed an automated histopathologic corre-
lation method in line with our previous published work to match the ground truth to the 
US imaging.J10,J12 To this end, a three-dimensional (3D) histopathological model of the 
excised prostate was reconstructed by interpolating the tumour delineations on the pa-
thology slices in 3D. Apical, mid, and basal cross-sections of this 3D histopathological 
model were projected onto the actual US imaging with its 12 ROIs per prostate.  

 

12.2.7. Statistics 
Baseline characteristics were descriptively reported. For sPCa localisation, multilevel 
modelling with crossed random effects for subject and ROI location were used to cal-
culate sensitivity and specificity for different Likert-scale thresholds (Likert ≥3 and 
Likert ≥4) and sPCa thresholds (GS ≥3+4=7 and GS ≥4+3=7, with and without a tumour 
volume threshold of ≥0.5 mL). Index-lesion detection was determined at patient level 
with a positive result if the selected ROI contained the PCa index lesion. Interobserver 

 
128 potentially eligible men 
undergoing a radical 
prostatectomy for PCa

78 eligible men
for the study

50 men included
in the study

48 men included
for analysis

Excluded on eligibility criteria: n = 50
 PSA >20 ng/mL and/or ≥cT3 disease: n = 17
 Previous therapy/hormonal therapy for PCa: n = 8 
 Cardiac ischemic disease: n = 8
 Prostate volume >80 mL: n = 7
 More than one exclusion criterion: n = 10

Excluded after eligibility 
confirmation: n = 28
 Refused to participate: n = 24
 Logistic reasons: n = 4

Excluded after inclusion: n = 2
 No radical prostatectomy performed: n = 2

 Continuation of active surveillance: n = 1
 Radiotherapy of prostate considering

concomitant B-cell Non-Hodgkin lymphoma: n = 1

 
Figure 12.3  Cohort profile. 
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bootstrapped 95%-confidence interval (CI) ranging from 0 (no agreement) to 1 (excel-
lent agreement). Statistical tests were performed two-sided and p < 0.05 was 
considered statistically significant. Statistical analyses were performed using SPSS for 
Windows (Version 25.0, IBM Corp Armonk, NY, USA) and R v3.5.1 (R Foundation for 
Statistical Computing, Vienna, Austria).  

 

 

Table 12.2  Clinical characteristics. 

Variables Total (n = 48) 

Age in years, median (IQR) 65 (58 – 70) 
Family history of PCa: 

Yes, n (%) 
No, n (%) 

 
8 (17) 
40 (83) 

Preoperative PSA in ng/mL, median (IQR) 7.7 (5.4 – 10.2) 
DRE findings: 

Normal, n (%) 
Abnormal, n (%) 

 
32 (67) 
16 (33) 

Clinical T-stage of the prostate: 
T1c, n (%) 
T2a-b, n (%) 
T2c, n (%) 

 
32 (67) 
15 (31) 
1 (2) 

TRUS prostate volume in mL, median (IQR) 40 (34 – 49)  
TRUS findings: 

Normal, n (%) 
Abnormal, n (%) 

 
26 (55) 
21 (45) 

PSA density in ng/mL/mL, median (IQR) 0.18  (0.14 – 0.24) 
Biopsy Grade group / Gleason score: 

GG = 1 / 3+3=6, n (%) 
GG = 2 / 3+4=7, n (%) 
GG = 3 / 4+3=7, n (%) 
GG = 4 / 8, n (%) 
GG = 5 / 9-10, n (%) 

 
8 (17) 
22 (46) 
8 (17) 
7 (15) 
3 (6) 

Pathologic T-stage: 
T2a-b, n (%) 
T2c, n (%) 
T3a, n (%) 
T3b, n (%) 

 
2 (4) 
31 (65) 
12 (25) 
3 (6) 

Overall Grade group / Gleason score of RP: 
GG = 1 / 3+3=6, n (%) 
GG = 2 / 3+4=7, n (%) 
GG = 3 / 4+3=7, n (%) 
GG = 5 / 5+4=9, n (%) 

 
1 (2) 
36 (75) 
10 (21) 
1 (2) 

RP Index-Lesion Grade group / Gleason score: 
GG = 1 / 3+3=6, n (%) 
GG = 2 / 3+4=7, n (%) 
GG = 3 / 4+3=7, n (%) 
GG = 4 / 8, n (%) 
GG = 5 / 9-10, n (%) 

 
1 (2) 
30 (63) 
6 (13) 
6 (13) 
5 (10)  

Extended PLND: 
Nx, n (%) 
N0, n (%) 
N1, n (%) 

 
1 (2) 
42 (88) 
5 (10) 
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12.3. Results 
12.3.1. Patient and procedure characteristics 
From May 2017 to July 2017, 50 men underwent US imaging, as presented in the flow-
chart in Figure 12.3. As two men did not undergo RP, 48 men (96%), corresponding to 
a total of 576 ROIs, were available for final analysis. As shown in Table 12.2, median 
age and PSA level were 65 years (interquartile range, IQR: 58 yr – 70 yr) and 7.7 ng/mL 
(IQR: 5.4 ng/mL – 10.2 ng/mL), respectively. Thirty-six men (75%) had an overall RP 
GS of 3+4=7 (Grade Group, GG = 2) while 11 men (23%) had an RP GS ≥4+3=7 (GG ≥3). 
ROI-specific pathology is provided in Table 12.3. A median scan time of 27 minutes 
(IQR: 25 min – 28 min) was registered and no adverse events or procedure failures were 
reported during or after US imaging.   

 

12.3.2. Overall PCa localisation  
Overall ROI-specific sensitivity and specificity of B-mode, SWE, CEUS, and mpUS at 
Likert score ≥3 and Likert score ≥4 for different definitions of sPCa is depicted in Table 
12.4. For GS ≥3+4=7 PCa, mpUS reached a sensitivity of 74% (95%-CI: 67% – 80%) and 
a specificity of 59% (95%-CI: 53 – 65%) if Likert ≥3. ROI-specific sensitivity of mpUS 
was significantly higher for all different Likert scores and GS thresholds in comparison 
with B-mode, SWE, and CEUS (all p < 0.05). ROI-specific specificity of mpUS did not 

 

Table 12.3 ROI pathology characteristics. 

Variables Regions of interest   

 All (n = 48) PZ (n = 288) TZ (n = 288) 
Gleason score 

Benign, n (%) 
GG = 1 / 3+3=6, n (%) 
GG = 2 / 3+4=7, n (%) 
GG = 3 / 4+3=7, n (%) 
GG = 4 / 8, n (%) 
GG = 5 / 9-10, n (%) 

 
252 (44) 
43 (8) 
182 (32) 
28 (5) 
28 (5) 
43 (7) 
 

 
96 (33) 
24 (8) 
111 (39) 
15 (5) 
21 (7) 
21 (7) 

 
156 (54) 
19 (7) 
71 (25) 
13 (5) 
7 (2) 
22 (8) 

Tumour volume 
No tumour 
Tumour volume <0.5 mL 
Tumour volume ≥0.5 mL  

 
252 (44) 
187 (32) 
137 (24) 

 
96 (33) 
109 (38) 
83 (29) 

 
156 (54) 
78  (27) 
54 (19) 

Pathology Outcome sPCa: GS ≥3+4=7 
Benign, n (%) 
Insignificant PCa, n (%) 
Significant PCa, n (%) 

 
252 (44) 
43 (8) 
281 (48) 

 
96 (33) 
24 (8) 
168 (58) 

 
156 (54) 
19 (7) 
113 (39) 

Pathology Outcome sPCa:  
  GS ≥3+4=7 and ≥0.5 mL, or GS ≥4+3=7 

Benign, n (%) 
Insignificant PCa, n (%) 
Significant PCa, n (%) 

 
 
252 (44) 
148 (26) 
176 (30) 

 
 
96 (33) 
93 (32) 
99 (34) 

 
 
156 (54) 
55 (19) 
77 (27) 

Pathology Outcome sPCa: GS ≥4+3=7 
Benign, n (%) 
Insignificant PCa, n (%) 
Significant PCa, n (%) 

 
252 (44) 
225 (39) 
99 (17) 

 
96 (33) 
135 (47) 
57 (20) 

 
156 (54) 
90 (31) 
42 (15) 

 



183 

 

Ch
ap

te
r 1

2 
significantly differ in comparison with B-mode, SWE, and CEUS for GS ≥3+4=7 PCa, 
while it was significantly lower for other Likert score and GS thresholds. 

 

12.3.3. PCa localisation: peripheral zone and transition zone 
ROI-specific sensitivity and specificity of B-mode, SWE, CEUS, and mpUS for sPCa lo-
calisation in the PZ and TZ separately is shown in Table 12.5 and 12.6, respectively. 
ROI-specific sensitivity of mpUS was higher for the PZ than for the TZ (80% vs. 68% for 
GS ≥3+4=7 PCa at Likert ≥3).  

 

12.3.4. Index-lesion detection 
Index-lesion detection of B-mode, SWE, CEUS, and mpUS is depicted in Figure 12.3. 
Overall, the index-lesion detection of all US modalities increased with higher index-le-

 

Table 12.4  ROI-specific sensitivity and specificity for the localisation of clinically significant PCa. 
Likert scale cut-off point: Likert score ≥3  

Sensitivity (95%-CI) p-value Specificity (95%-CI) p-value 
Definition of sPCa: Any Gleason score ≥3+4=7-ROIs with sPCa: 281 (48%) 
  B-mode 56% (47 – 63) <0.001 61% (55 – 67) 0.319 
  SWE 55% (47 – 63) <0.001 61% (55 – 67) 0.400 
  CEUS with CUDI 59% (51 – 67) <0.001 63% (57 – 69) 0.064 
  mpUS 74% (67 – 80) reference 59% (53 – 65) reference 
Definition of sPCa:  Gleason score 3+4=7 with ≥0.5 mL or Gleason score ≥4+3-ROIs with sPCa: 176 (30%) 
  B-mode 57% (46 – 67) <0.001 58% (52 – 64) 0.009 
  SWE 62% (51 – 72) <0.001 60% (54 – 66) <0.001 
  CEUS with CUDI 64% (54 – 74) <0.001 60% (53 – 66) 0.001 
  mpUS 79% (71 – 86) reference 53% (46 – 59) reference 
Definition of sPCa: Any Gleason score ≥4+3=7-ROIs with sPCa: 99 (17%) 
  B-mode 57% (41 – 72) <0.001 56% (49 – 62) <0.001 
  SWE 65% (49 – 78) <0.001 57% (51 – 64) <0.001 
  CEUS with CUDI 73% (59 – 84) <0.001 58% (51 – 64) <0.001 
  mpUS 86% (76 – 93) reference 49% (43 – 56) reference 

Likert scale cut-off point: Likert score ≥4 
 Sensitivity (95%-CI) p-value Specificity (95%-CI) p-value 
Definition of sPCa: Any Gleason score ≥3+4=7-ROIs with sPCa: 281 (48%) 
  B-mode 17% (11 – 26) <0.001 89% (85 – 92) 0.365 
  SWE 13% (9 – 20) <0.001 94% (91 – 96) 0.003 
  CEUS with CUDI 25% (17 – 35) 0.011 91% (88 – 94) 0.341 
  mpUS 30% (21 – 41) reference 90% (86 – 93) reference 
Definition of sPCa:  Gleason score 3+4=7 with ≥0.5 mL or Gleason score ≥4+3=7-ROIs with sPCa: 176 (30%) 
  B-mode 19% (11 – 30) <0.001 88% (84 – 92) 0.431 
  SWE 15% (9 – 25) <0.001 93% (90 – 95) <0.001 
  CEUS with CUDI 26% (16 – 39) 0.001 88% (84 – 92) 0.506 
  mpUS 35% (23 – 50) reference 87% (83 – 91) reference 
Definition of sPCa: Any Gleason score ≥4+3=7-ROIs with sPCa: 99 (17%) 
  B-mode 20% (10 – 36) <0.001 86% (81 – 90) 0.212 
  SWE 20% (10 – 36) <0.001 92% (88 – 94) <0.001 
  CEUS with CUDI 38% (22 – 57) 0.040 87% (82 – 91) 0.066 
  mpUS 48% (29 – 66) reference 85% (79 – 89)  reference 

p-values in bold indicate a statistically significant difference between the single US modality and mpUS (reference) 
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sion GS. If the most suspicious ROI (ROI1) would have been (accurately) targeted, this 
would have resulted in an index-lesion detection (GS ≥3+4=7) of 70% for mpUS com-
pared to 58%, 60%, and 63% for SWE, B-mode, and CEUS, respectively (p < 0.05). If ROI1 
and ROI2 would have been (accurately) targeted, this would have resulted in an index-
lesion detection (GS ≥3+4=7) of 90% for mpUS compared to 72%, 74%, and 74% for 
SWE, B-mode, and CEUS, respectively (p < 0.05).  

 
12.3.5. Interobserver agreement 
The Krippendorff’s alfa for reliability between the three readers for Likert score ≥3 were 
0.23 (95%-CI: 0.18 – 0.28) for B-mode, 0.36 (95%-CI: 0.3 – 0.42) for SWE, 0.32 (95%-CI: 
0.26 – 0.37) for CEUS, and 0.33 (95%-CI: 0.28 – 0.38) for mpUS. For Likert score ≥4 the 

 
Table 12.5  ROI-specific sensitivity and specificity for the localisation of clinically significant PCa in the 
peripheral zone. 

Likert scale cut-off point: Likert score ≥3  
Sensitivity (95%-CI) p-value Specificity (95%-CI) p-value 

Definition of sPCa: Any Gleason score ≥3+4=7-ROIs with sPCa: 168 (58%) 
  B-mode 72% (64 – 79) 0.005 43% (35 – 52) 0.023 
  SWE 55% (45 – 64) <0.001 62% (56 – 70) 0.012 
  CEUS with CUDI 67% (58 – 75)  <0.001 58% (50 – 67) 0.099 
  mpUS 80% (73 – 86) reference 52% (43 – 61) reference 
Definition of sPCa:  Gleason score 3+4=7 with ≥0.5 mL or Gleason score ≥4+3=7-ROIs with sPCa: 99 (34%) 
  B-mode 79% (69 – 86) 0.035 41% (34 – 49) 0.488 
  SWE 66% (54 – 76) <0.001 62% (54 – 69) < 0001 
  CEUS with CUDI 74% (64 – 83) <0.001 53% (45 – 61) 0.002 
  mpUS 86% (78 – 91) reference 44% (36 – 52) reference 
Definition of sPCa: Any Gleason score ≥4+3=7-ROIs with sPCa: 57 (20%) 
  B-mode 79% (61 – 90) <0.001 38% (31 – 45) 0.418 
  SWE 74% (55 – 87) <0.001 59% (51 – 66) <0.001 
  CEUS with CUDI 84% (68 – 93) 0.020 51% (43 – 58) <0.001 
  mpUS 92% (82 – 97) reference 40% (33 – 48) reference 

Likert scale cut-off point: Likert score ≥4 
 Sensitivity (95%-CI) p-value Specificity (95%-CI) p-value 
Definition of sPCa: Any Gleason score ≥3+4=7-ROIs with sPCa: 168 (58%) 
  B-mode 29% (20 – 40) <0.001 83% (75 – 89) 0.053 
  SWE 17% (11 – 26) <0.001 94% (90 – 96) 0.002 
  CEUS with CUDI 37% (26 – 49) 0.023 91% (85 – 95) 0.115 
  mpUS 44% (33 – 57) reference 88% (81 – 92) reference 
Definition of sPCa:  Gleason score 3+4=7 with ≥0.5 mL or Gleason score ≥4+3=7-ROIs with sPCa: 99 (34%) 
  B-mode 37% (23 – 54) <0.001 84% (76 – 89) 0.697 
  SWE 24% (13 – 38) <0.001 93% (89 – 96) <0.001 
  CEUS with CUDI 43% (27 – 60) <0.001 86% (79 – 91) 0.575 
  mpUS 59% (42 – 74) reference 84% (77 – 90) reference 
Definition of sPCa: Any Gleason score ≥4+3=7-ROIs with sPCa: 57 (20%) 
  B-mode 38% (19 – 62) <0.001 80% (73 – 85) 0.897 
  SWE 31% (14 – 54) <0.001 91% (87 – 94) <0.001 
  CEUS with CUDI 55% (32 – 76) 0.004 83% (76 – 88) 0.121 
  mpUS 72% (49 – 87) reference 79% (72 – 85) reference 

p-values in bold indicate a statistically significant difference between the single US modality and mpUS (reference) 
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reliability was 0.20 (95%-CI: 0.14 – 0.26) for B-mode, 0.36 (95%-CI: 0.27 – 0.44) for 
SWE, 0.48 (95%-CI: 0.41– 0.54) for CEUS, and 0.46 (95%-CI: 0.39 – 0.52) for mpUS. 

 
12.4. Discussion 
The main objective of a prostate imaging exam is to identify abnormalities that corre-
spond to sPCa. Recent years have shown that a standardised multiparametric 
approach in MRI improved the diagnostic performance of MRI in comparison with T2-
weighted imaging alone, with sensitivity values of mpMRI ranging from 59% to 80% for 
sPCa in comparison with RP histopathology.616–620 Although scarcely investigated, this 
rationale for multiparametric analysis could also apply to US.29 Preliminary studies on 
mpUS showed promising results, but these were limited by study design, by only eval-

 
Table 12.6  ROI-specific sensitivity and specificity for the localisation of clinically significant PCa in the 
transition zone. 

Likert scale cut-off point: Likert score ≥3  
Sensitivity (95%-CI) p-value Specificity (95%-CI) p-value 

Definition of sPCa: Any Gleason score ≥3+4=7-ROIs with sPCa: 113 (39%) 
  B-mode 34% (27 – 43) <0.001 75% (70 – 79) <0.001 
  SWE 58% (49 – 66) 0.007 62% (56 – 68) 0.328 
  CEUS with CUDI 52% (43 – 60) <0.001 68% (63 – 74) 0.288 
  mpUS 68% (60 – 75) reference 65% (60 – 71) reference 
Definition of sPCa:  Gleason score 3+4=7 with ≥0.5 mL or Gleason score ≥4+3=7-ROIs with sPCa: 77 (27%) 
  B-mode 33% (25 – 44) <0.001 73% (68 – 78) <0.001 
  SWE 61% (50 – 70) <0.001 60% (54 – 65) 0.681 
  CEUS with CUDI 55% (44 – 65) <0.001 66% (61 – 71) 0.057 
  mpUS 72% (62 – 80) reference 61% (56 – 66) reference 
Definition of sPCa: Any Gleason score ≥4+3=7-ROIs with sPCa: 42 (15%) 
  B-mode 36% (24 – 50) <0.001 73% (68 – 78) <0.001 
  SWE 58% (44 – 71) <0.001 57% (51 – 63) 0.627 
  CEUS with CUDI 64% (50 – 76) 0.005 65% (59 – 71) 0.007 
  mpUS 80% (69 – 88) reference 58% (52 – 64) reference 

Likert scale cut-off point: Likert score ≥4 
 Sensitivity (95%-CI) p-value Specificity (95%-CI) p-value 
Definition of sPCa: Any Gleason score ≥3+4=7-ROIs with sPCa: 113 (39%) 
  B-mode 9% (5 – 14) <0.001 94% (91 – 96) 0.407 
  SWE 13% (8 – 20) 0.013 94% (92 – 96) 0.818 
  CEUS with CUDI 16% (10 – 24) 0.189 93% (89 – 95) 0.280 
  mpUS 20% (13 – 29) reference 93% (90 – 95) reference 
Definition of sPCa:  Gleason score 3+4=7 with ≥0.5 mL or Gleason score ≥4+3=7-ROIs with sPCa: 77 (27%) 
  B-mode 10% (5 – 16) <0.001 94% (91 – 96) 0.067 
  SWE 14% (8 – 23) 0.038 93% (91 – 95) 0.106 
  CEUS with CUDI 18% (11 – 28) 0.405 92% (89 - 94) 0.699 
  mpUS 21% (14 – 32) reference 91% (88 – 94) reference 
Definition of sPCa: Any Gleason score ≥4+3=7-ROIs with sPCa: 42 (15%) 
  B-mode 12%(6 – 22) <0.001 93% (91 – 95) 0.044 
  SWE 20% (11 – 34) 0.039 93% (90 – 95) 0.085 
  CEUS with CUDI 33% (21 – 48) 0.888 92% (89 – 94) 0.285 
  mpUS 32% (20 – 48) reference 91% (87 – 93) reference 

p-values in bold indicate a statistically significant difference between the single US modality and mpUS (reference) 
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uating mpUS in target lesions, and by the use of RTE, notorious for its operator depend-
ency.201,621 This is the first study to prospectively evaluate the individual and 
complementary diagnostic performance of B-mode, SWE, CEUS, and their combination 
(i.e., mpUS) for the localisation of sPCa and the detection of its index lesion.  

As demonstrated, mpUS on a clinical scanner is safe, feasible, and can be performed 
within less than 30 minutes with good imaging quality. In line with literature, B-mode 
US alone was not reliable at detecting sPCa while both SWE and CEUS/CUDI as stand-
alone modalities also demonstrated limited overall sensitivity and specificity for the lo-
calisation of GS ≥3+4=7 PCa.7 In contrast, the multiparametric combination approach 
significantly improved sensitivity for all different definitions of PCa with 5% to 35% in 
comparison with single modalities. Considering a Likert score of ≥3 to be suspicious, 
an appreciable sensitivity of 74% (95%-CI: 67% – 80%) and 86% (95%-CI: 76% – 93%) 
for GS ≥3+4=7 PCa and GS ≥4+3=7 PCa was reached, respectively. Meanwhile, overall 
specificity of mpUS was comparable with the other US modalities for GS ≥3+4=7 PCa 
and it only minimally decreased with 1% to 10% for other definitions of sPCa. In addition, 
mpUS significantly improved the detection of GS ≥3+4=7 PCa index lesions compared 
to single modalities.  

With the observed multiparametric sensitivity and specificity values, the diagnostic 
performance of mpUS in our study is very similar to that of mpMRI in studies using RP 
as reference standard.616–620 Specifically, mpUS showed increasing sensitivity for the 
larger and more aggressive tumours indicating that it preferentially detects clinically 
relevant tumours. Furthermore, the sensitivity of mpUS for the localisation of PCa was 
better in the PZ than in the TZ. Interestingly, in our study PZ cancers seem difficult to 
identify on SWE while TZ cancers are frequently missed on CEUS/CUDI and poorly rec-
ognised on B-mode. Recent literature demonstrated large overlapping SWE stiffness 
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* indicates a statistically significant difference (p < 0.05) in index lesion detection between mpUS (reference) and 
the chosen US modality as stand-alone (B-mode, SWE, or CEUS). 
 

Figure 12.4  Index lesion detection of target ROI(s); (a) index lesion detection rate of target ROI1; (b) 
index lesion detection rate of target ROI1 and ROI2.  
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values in the PZ for insignificant and significant PCa.401 Meanwhile, the TZ is often com-
posed of intermixed amounts of glandular and stromal tissue, demonstrating 
heterogeneous signal intensity on B-mode while BPH nodules in the TZ frequently 
show early enhancement, limiting PCa visualisation on CEUS. In the light of this, the 
combination of complementary US modalities into mpUS seems therefore essential to 
accurately image PCa in both the PZ and TZ on US.  

Diagnostic accuracy of SWE and CEUS alone were lower in our study than previously 
published results from two different meta-analysis demonstrating a pooled sensitivity 
of 0.84 and 0.70 for SWE and CEUS, respectively.173,609 The most probable explanation 
for this discrepancy is the use of systematic biopsy, known for its random and system-
atic errors, as reference standard in the majority of studies.129 Another possible 
explanation could reside in the fact that two readers had limited clinical experience, 
especially in SWE. Diagnostic accuracy of SWE as single modality could have been 
higher in experienced hands. Nevertheless, it is interesting that mpUS demonstrated 
good sensitivity values for all readers. This positive result could be described by the 
fact that mpUS interpretation combines the quantification software, inherent in SWE 
and added to CEUS, known to reduce training time while improving clinical applicability.  

At present, both CEUS and SWE are not routinely recommended in PCa guidelines, 
making it difficult to gain clinical experience in all these different US modalities before 
study evaluation. Furthermore, (mp)US imaging of PCa currently lacks the standardi-
sation and consistency that the PI-RADS steering committee and working groups have 
provided for mpMRI of the prostate with PI-RADSv2.622 US studies on PCa are known 
for their excessive variation in acquisition, interpretation, and reporting, and its utility 
for PCa diagnosis therefore remains a subject of debate despite some promising re-
sults. This study with a consistent and standardised mpUS approach could be seen as 
an important first step for multicentre clinical evaluation and implementation of (mp)US 
in the future. 

Aside the limited reader experience in mpUS, there were some other limitations to our 
study. Firstly, although the study design with RP histopathology provides a very accu-
rate ground-truth reference standard, a spectrum bias is to be expected since men 
must have PCa and chose to have surgery to be included. Nevertheless, in order to 
make our results more generalisable to the population referred for imaging-targeted 
biopsy, we excluded men with a PSA level of >20 ng/mL or findings of extracapsular 
disease on DRE. Secondly, the readers being aware that participants had biopsy-proven 
PCa, may have biased their image interpretation. An mpUS-targeted biopsy study can 
therefore be foreseen as the clinical utility of mpUS is not only dependent on lesion 
scoring but also on targeting accuracy. Thirdly, the prostate was evaluated in two-di-
mensional US imaging planes with the risk of missing tumours outside the predefined 
imaging planes. Although a three-dimensional US approach can overcome these limi-
tations and reduce the number of UCA injections needed, at present, no clinical scanner 
has the ability to perform both 3D SWE and 3D CEUS imaging.  

We have chosen for a stringent 12 ROI-based template per prostate for our localisa-
tion analysis, as several factors are known to limit the one-to-one anatomic correlation 
of in-vivo US imaging with RP histopathology.J12 Although the errors in the registration 
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procedure of US and RP histopathology caused by gland deformation, fixation-related 
shrinkage, and a mismatch in US imaging and pathology-plane orientation are largely 
mitigated by the use of a dedicated 3D registration framework, the separate histo-
pathological examination of intraoperative frozen sections posed an additional 
challenge for the matching procedure in this study. As the currently used PI-RADSv2 
sector map includes 36 prostate ROIs, our analysis could as a consequence overesti-
mate the true sensitivity of the US modalities. However, the majority of RP studies with 
mpMRI used a comparable amount of ROIs or used the PI-RADSv2 sector map, apply-
ing additional analytical methods to minimise potential errors in the radiologic-
pathologic correlation in which PCa was often classified as correctly identified in the 
chosen ROI or any of the three to five regions in their immediate vicinity (i.e., clinical or 
alternative neighbouring approaches).617,623,624 

We performed a qualitative US imaging analysis with Likert-type scores in this study. 
Despite the fact that this can be easily implemented in routine daily clinical practice, 
interobserver agreement remained moderate, in line with the PI-RADSv2 interobserver 
agreement for mpMRI.625 Promising results have been reported with machine-learning-
based analysis of MRI radiomics and our future work will therefore additionally focus 
on the development of machine-learning framework for multiparametric US classifica-
tion systems allowing for the integration of a range of US (radiomic) features to aid the 
clinician in the characterisation of sPCa on US imaging.J15 

Recognising the important evolving role of mpMRI in PCa diagnosis, we retrospec-
tively evaluated all available mpMRIs to enable a comparison of mpUS with mpMRI 
within this study. Unfortunately, only 9 of the 29 available MRIs met PI-RADSv2 quality 
requirements.22 Our study with a standardised and consistent US imaging approach 
shows promise for mpUS in PCa imaging. Further investigations of mpUS, either as an 
adjunct to (MRI/TRUS-fusion) biopsy or as a diagnostic imaging tool that may com-
plement or rival mpMRI, are therefore warranted. 

 

12.5. Conclusions 
mpUS of the prostate, consisting of B-mode, SWE, and CEUS/CUDI significantly im-
proved sensitivity for sPCa in comparison with individual US modalities. mpUS 
demonstrated good sensitivity values for the localisation of sPCa, and a high index-
lesion detection ability. Similar to mpMRI, the combination of complementary US mo-
dalities into mpUS could bring accurate US imaging of PCa within reach.  
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13.1. General conclusions and discussion 

In line with the theme of this dissertation, the management of prostate cancer (PCa) is 
a multidimensional challenge. Whilst PCa is the most occurring type of malignancy 
among men,8,9 a substantial amount of PCa is clinically insignificant. Early diagnosis 
suffers severely from the lack of sufficiently reliable imaging,6 leaving non-targeted 
systematic biopsy as the primary diagnostic means.7 Meanwhile, also the development 
of focal therapy as an alternative to radical therapy is hampered by the same lack of 
imaging needed for the planning, monitoring, and following treatment.16 Reliable imag-
ing is hence key to the development of a minimally invasive, cost-effective, fast, low-
side-effect standard of care for early PCa. 

This dissertation reports on a three-dimensional (3D) and multiparametric approach 
to ultrasound (US) imaging of PCa. With the application of 3D rather than 2D US the risk 
of missing out-of-plane tumours is avoided, while at the same time reducing the dura-
tion of the diagnostic procedure. Moreover, it allows for more complete evaluation of 
contrast-bolus kinetics. The need to expand upon a single-parametric approach arises 
from the limited accuracy of individual US modalities. It is hypothesised that, similar to 
multiparametric magnetic resonance imaging (mpMRI), the combination of comple-
mentary information among modalities would improve the PCa localisation and 
grading accuracy of US. Meanwhile, the development of a reliable method to register 
imaging and histopathology is essential for validation and data labelling. 

From the evidence provided in Part 1, it can be concluded that such registration 
framework was indeed developed and that it allows for accurate registration of PCa 
based on radical-prostatectomy (RP) specimens (see Section 13.1.1 for further discus-
sion). Furthermore, as elaborated upon in Part 2 and discussed in Section 13.1.2, 
contrast-ultrasound parameters related to perfusion and dispersion can be extracted 
from 3D dynamic contrast-enhanced US (DCE-US) recordings—and an improvement 
in performance with regard to other analyses was reported for modelling convective 
dispersion in 3D. Finally, Part 3 substantiates the technical feasibility of a multipara-
metric US approach in 2D and 3D. As discussed in Section 13.1.3, the combination of 
US parameters outperforms the application of single US modalities. In our datasets, a 
portion of clinically significant disease remains however undetected, and multipara-
metric US (mpUS) as a stand-alone clinical tool will require further development. In 
Section 13.2, the implications and future prospects of this work are more elaborately 
discussed.  

 

13.1.1. Discussion Part 1: Validation and segmentation 
In Chapter 3, a method is presented for the 3D interpolation and reconstruction of his-
topathologically examined RP specimens. It is shown to what extent reasonable errors 
in slicing and alignment affect the accuracy of the 3D histopathological model, demon-
strating that a slicing distance of 4 mm allows for an error margin as small as 1.5 mm. 
Chapter 4 outlines a framework for matching this 3D model to the imaging plane of the 
ex-vivo recording at millimetre accuracy. The registration framework requires the seg-
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mentation of the prostate contours on imaging. An automated method for this purpose 
is presented in Chapter 5, reporting on accuracies of ≥97% and maximum deviations of 
around 3 mm that are generalisable to ultrasound devices of different vendors. Mean 
deviations around 1 mm are encounteredC17—a range that is arguably within the range 
of interobserver variability.392 

But what degree of error is acceptable? Although detection and localisation are 
sometimes used interchangeably with regard to PCa diagnosis, localisation of the PCa 
hotspot is vital to avoiding both underdiagnosis and overtreatment.13,14 Despite this, 
most researches, both in US and MRI, validate imaging on a quadrant scale.149,173,325–327 
Whereas clinically significant cancer can be as small as 0.5 mL,56 which equals a sphere 
with a radius of 5 mm, cancer hotspots might be slightly smaller (i.e., 0.3 mL363), corre-
sponding to a radius of around 4 mm. On the other hand, it should be pointed out that 
current strategies for biopsy targeting have an error of around 2–3 mm.626–628 Good 
practice for multiparametric MRI therefore prescribes multiple biopsies at one location 
to avoid inadvertedly missing the lesion.629 At this point, evaluation of <2-mm lesions 
thus has limited clinical value. 

Employing the developed registration algorithm with a median registration error of 
~2 mm,287 and assuming an error accumulation along the registration chain, the full 
framework yields an estimated target error in the range of clinically significant tumours 
(i.e., ~4.5 mm). This error can be further mitigated by use of a histopathologic section-
ing apparatus288 that ensures accurate slicing and alignment. Such a device, which was 
introduced by our group in 2017,630 is currently in use at our clinical collaborator’s pa-
thology department. In fact, the registration framework as presented in Chapter 4 is 
now utilised for the validation of multiple clinical studies on the use of US in PCa local-
isation—two of which are reported on in Chapter 11 and 12. In addition, the 3D tumour 
interpolation method introduced in Chapter 3 has been used for the validation of 3D 
imaging in Chapter 7.  

However, it remains to be investigated how errors in reconstruction, segmentation, 
and registration propagate through the framework. The accumulation of variance in 
registration inaccuracy is for instance likely to be affected by uncertainty margins being 
(geometrically or physiologically) correlated along the chain of algorithms. Additional 
unanswered questions regard the dependence of lesion interpolation accuracy on the 
location in the prostate and, as the algorithm assumes minimal curvature between 
slices, the reconstruction of unusual structures such as perineural growth.631 Further-
more, the employed elastic registration might in the future benefit from taking into 
account the difference in elastic properties between zones297,401—as Chapter 5 also al-
lows for adequate zonal segmentation, this could be readily implemented. For example, 
the in-vivo 3D zonal boundary can serve as an additional surface for the registration 
algorithm.  

 

13.1.2. Discussion Part 2: Towards 3D ultrasound 
Transrectal DCE-US and SWE in 3D have recently become available. In a technical fea-
sibility study, it was shown that the lower temporal resolution of 3D DCE-US would 
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theoretically allow full 3D contrast-ultrasound dispersion imaging (CUDI) provided ef-
fective noise suppression is employed.176 Therefore, in Chapter 6, several dedicated 
blind source separation (BSS) techniques are examined for use in advanced ultrasound 
applications. It is shown that (especially frequency-based) adaptive BSS methods out-
perform conventional filtering for ultrasound localisation microscopy, speckle tracking, 
and time-intensity curve modelling in particular. Indeed, two of the four 3D CUDI tech-
niques described in Chapter 10 require signal subspace selection through singular 
value decomposition (SVD). Another advantage of 3D DCE-US is that the full 3D nature 
of the data can be exploited to solve the convective-dispersion equation without need 
for strong assumptions on out-of-plane kinetics. Chapter 7 introduces this novel tech-
nique yielding areas under the Receiver Operating Characteristics curve (ROC-AUCs) of 
0.72 and 0.80 for the localisation of PCa by multiscale convective dispersion and ve-
locity, respectively. In fact, as described in Chapter 10, convective velocity ranks first 
as the most valuable individual biomarker for significant PCa among all 3D CUDI pa-
rameters. Expanding on this, Chapter 8 shows that probabilistic tractography based on 
finite-element 3D convective-dispersion modelling in a small kernel was able to reveal 
the pathways of contrast agents. 

To date, aside 3D B-mode TRUS,632 the use of individual 3D US modalities for PCa 
imaging has not been investigated on a large scale.164,633 The first study evaluating 3D 
CUDI has been recently published and only includes similarity measures.188 Although 
the results presented in Chapter 10 indicate that the new method that exploits the full 
3D nature of the data (Chapter 7) outperforms former 2D CUDI measures, the differ-
ences are small. In Table 13.1, all published studies on the performance of 2D and 3D 
CUDI parameters are listed. Despite the limited number of publications and independ-
ent datasets, it seems that the 2D performance of most parameters is generally 
retained during the transition to 3D. Therefore, 3D imaging can be envisaged to replace 
multiple 2D acquisitions without loss of diagnostic accuracy. However, it should be em-
phasised that the region-validated studies in Table 13.1 cannot be directly compared 
to those validated on a pixel basis. 

 

Table 13.1  Overview of reported ROC-AUCs for several DCE-US parameters with regard to PCa. 

 reference  #* κ μ α r ρ MI Pe v D E WIT 

2D Kuenen et al., 2011 pixel 4 0.91 0.75 0.61        0.84 

 Mischi et al., 2012 pixel 6 0.84 0.82 0.79  0.87      0.78 

 Kuenen et al., 2013 pixel 8 0.70 0.70 0.61 0.89 0.88      0.72 

 Kuenen et al., 2014 pixel 9 0.75 0.62 0.70        0.70 

 Schalk et al., 2016 pixel 23 0.65  0.51 0.75 0.74 0.78     0.66 

 Van Sloun et al., 2016 pixel 25 0.72   0.73   0.84 0.73 0.81   

 Van Sloun et al., 2017 pixel 24   0.51 0.76      0.86 0.79 

 Chapter 11 region 48 0.62 0.64 0.50 0.69 0.66  0.67 0.69 0.56  0.64 

3D Schalk et al., 2017 region 43    0.67 0.58 0.63     0.59 

 Chapter 10 region 43 0.68 0.72 0.57 0.70 0.63 0.62 0.67 0.52 0.57  0.75 
*# =  number of patients included 
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An open question in SVD filtering of (3D) DCE-US images concerns the impact of 
changing resolution over depth. Although the axial resolution remains in the order of 
magnitude of 2D imaging, the elevational and lateral resolution regress substantially 
with distance from the probe.176 Not only resolution, but also the noise statistics dete-
riorates with this distance. The application of speckle-regularisation filtering in this 
work is however not expected to account for changes in the signal-to-noise ratio (SNR). 
An adaptive implementation of the blockwise SVD-approach, adopted to ease data pro-
cessing in Chapter 10, was shown capable of coping with non-uniformly distributed 
signal statistics and noise levels,415 and could potentially mitigate the effect of varying 
SNR on similarity measures.176,186 Yet, SVD filtering might be affected by the mechani-
cal 3D image acquisition of our hardware330—that is, for each frame, voxels are 
recorded at different moments in time. In the worst case, sampling cannot be assumed 
isotropic and temporally synchronised, hampering the assessment of spatiotemporal 
characteristics.  

Furthermore, in spite of the extensive (BSS) filtering of e.g. movement artefacts, 3D 
DCE-US remains limited by global motion. In addition to respiratory movement, which 
might cause the prostate to displace several millimetres across each cycle,372 the pa-
tient as well as the operator move inevitably during a two-minute recording. Applying 
frame-to-frame motion compensation, for instance through the 3D registration tech-
niques discussed in Chapter 4, might alleviate this limitation and improve the accuracy 
of analysis. Also practical considerations to prevent motion from corrupting the record-
ing, such as the fixation of the transrectal probe, should be considered. In 2D, due to 
the absence of such a fixation system, rigid motion compensation is applied prior to 
CUDI analysis in Chapters 11 and 12. Unfortunately, such an approach cannot take into 
account out-of-plane movement. 

In Chapter 7 and 8, two different methods to estimate convective dispersion and ve-
locity are introduced—the former using Gaussian derivatives to estimate concentration 
gradients, the latter iteratively exploiting a finite-difference scheme with known bound-
ary conditions. Yet, unpublished data suggest that comparable maps are encountered 
(see Figure 13.1). The adoption of the finite-difference method for probabilistic tracto-
graphy is therefore rather a theoretic than a practical choice, being a truly local estima-
tion. In the light of a multiparametric approach, estimates from both methods could be 
included in the analysis—especially when following a multiscale strategy, varying the 
spatial support of the kernels and gradients, larger differences between the methods 
can be anticipated.  

We hypothesise that the in-vivo tractographic images in Chapter 8 are visualisations 
of dominant flow trajectories—it is not likely that individual microvessels are resolved. 
Although high-velocity streamlines in highly dispersive networks qualitatively indicated 
a significant tumour location, identified based on cell differentiation, no ground truth of 
the vascular network is available. In-vitro tests using phantoms with branching chan-
nels634,635 or comparison with validated 3D super-resolution636 or angiographic637 
techniques would allow a more precise examination of the relation between the (trac-
tographic) convective-dispersion maps and the vascular architecture. Once validated, 
either quantification of the dispersion tensor by e.g. anisotropic features528 or of the 
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vascular architecture by e.g. metrics of tortuosity and morphology638–640 could poten-
tially serve as additional markers of PCa. 

 

13.1.3. Discussion Part 3: Multiparametric ultrasound 
The feasibility of a multiparametric PCa imaging approach was first examined in 2D. 
Chapter 9 reports on multiparametric DCE-US, showing how the computer-aided com-
bination of perfusion- and dispersion-related CUDI parameters improves the 
classification accuracy from 71% to 81% compared to single parameters. Introducing 
a confidence measure, the classification accuracy can be increased to 90% by exclud-
ing low-confidence pixels without disregarding any lesions. Chapter 11 expands on this 
approach by adding elastographic and radiomic data to the classifier input, again 
demonstrating the added value of parameter combination. Clinically significant 
(Gleason ≥4+3) lesions are identified with an ROC-AUC of 0.90 compared to 0.76 by the 
best-performing single parameter. In addition, it is demonstrated that clinicians reach 
a higher performance in the scoring of PCa when different modalities are shown along-
side each other instead of on their own (see Chapter 12). A first approach to 3D 
multiparametric DCE-US, as described in Chapter 10, shows that the combination of 
US information leads to a classification improvement also in 3D; improving the ROC-
AUC from 0.78 to 0.81 for clinically significant (Gleason ≥3+4) PCa. 

It should be emphasised that multiparametric combination through machine learning 
is a technical challenge, especially when performed pixelwise—not only in the imple-
mentation of machine-learning algorithm, but in particular also in the fusion of different 
modalities and accurate labelling of data. The methods described in Chapter 3–5 of 
this thesis have been employed to reduce the risk mislabelling, maximise the pixel-to-
pixel-matching, and ease the reading of images. It should be strived for to implement 
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Figure 13.1  Exploded-view maps with the convective velocity estimates by 
the methods in Chapter 7 (a) and 8 (b), respectively, in the same patient. The 
tumour location is delineated in white. 
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this in an automated fashion to facilitate further development of such multiparametric 
classification frameworks. 

Even though it can be established that a multiparametric combination improves on a 
single-parametric approach, caution should be taken in the interpretation of the perfor-
mances. Classifiers were trained in a leave-one-patient-out cross-validation fashion to 
ensure that model testing was always performed on unseen data—nevertheless, bias 
can be introduced during the implementation of the classifier or the tuning of hyperpa-
rameters.581 The classifiers introduced in Chapter 10 and 11 were allowed to have 
different feature sets per validation fold—a general approach has therefore still to be 
defined, trained, and (prospectively) tested.641 In general, however, we see that among 
the different patient sets studied in this thesis, despite differences in size and inclusion 
criteria, the selected feature sets and resulting performances are in line. 

 
13.2. Future prospects 
13.2.1. Physics and physiology 
The effectiveness of a multiparametric approach depends on the amount of comple-
mentary information among the parameters. Deeper understanding of the relation 
between parameters as well as between parameters and physiology is therefore of par-
amount importance. 

Although the contrast-ultrasound parameters discussed in this dissertation are the-
oretically related to perfusion and dispersion, the exact link between angiogenesis and 
contrast-agent kinetics is still poorly understood. Novel developed parameters, includ-
ing those introduced in Chapter 7 and 8, have been validated against cell differentiation 
as revealed by haematoxylin-eosin staining.642,643 Immunohistochemical staining of 
e.g. CD31, CD34, and the Von Willebrand factor to quantify microvascular density601 or 
e.g. VEGF and IL-8 to mark angiogenesis602 might elucidate on the physiological rela-
tion between CUDI parameters and the microvascular network. Alternatively, the use of 
acoustic angiographic644 or super-resolution techniques402,403,416,449,645 could be consid-
ered to reveal the vascular architecture. Unfortunately, in a first attempt, the limited 
ability of acoustic angiography to resolve microvasculature proved the validation of 
CUDI difficult.646 Also the investigation of the fluid-dynamical principles governing con-
vective-dispersion in vascular networks can potentially help us to optimise CUDI. 
Currently, microfluidic in-vitro experiments to study the effect of microvascular archi-
tectural features associated with angiogenesis on DCE-US analyses are underway.647  

The relation between DCE-US parameters, vascular (network) architecture, and an-
giogenesis is of particular interest to study prostatitis and benign prostatic hyperplasia 
(BPH), which notoriously also promote angiogenesis.61,521 Data on the presence of BPH 
or prostatitis is only available in the biopsy-validated dataset of Chapter 10, showing 
especially prostatitis to mimic PCa appearance. Despite the associated costs, an im-
munohistochemical radical-prostatectomy-validated study is therefore recommended. 
With the 3D reconstruction method of Chapter 3 being readily expanded to include BPH 
and prostatitis areas, observed differences in appearance of BPH-, prostatitis- and 
PCa-induced angiogenesis could help develop better means to distinguish them.  
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This is also very interesting in the light of the intratumoural vascular network being 
heterogeneous648 with altered feeding and draining vessels.649 Currently, single-para-
metric pixelwise classification is limited by the fact that angiogenesis is spatially di-
verse and also affects the tissue outside of the malignant mass. Indeed, an 
immunochemically validated study in mice demonstrated CUDI parameters to reflect 
the heterogeneity of microvascular density (MVD) within the tumour.577 This is an ar-
gument for a multiparametric radiomics approach in which the spatial characteristics 
of the parametric maps are taken into account.  

Nevertheless, as only vascular characteristics can be assessed, multiparametric 
DCE-US is inherently limited. As reflected by the highlighted interparameter correlations 
in Chapter 10 and 11, convective-dispersion parameters are (theoretically) linked con-
nected to each other. The high resemblance between mean transit time (μ) and wash-
in time, for example, is explained by the local density random walk model having a time-
to-peak of575,650  

 

   λμ
λ

21 4 1PT   
2

 
 . (13.1) 

 

Likewise, as the dispersion parameter (κ) is defined by v2/2D,184 it is naturally corre-
lated to the convective velocity and dispersion. In addition, also a monotonic 
relationship between κ and time-intensity-curve similarity (i.e., r, ρ, and the mutual in-
formation) was demonstrated.185,553 Physiologically, these parameters can thus be 
hypothesised to reflect a dominant convection through arteriovenous shunts651 over 
dispersion through the tortuous microvascular network,68 which might explain their re-
semblance to vCD, and inversely to the wash-in time and μ.  

The combination between different US modalities (i.e., elastographic, echogenic, and 
contrast-enhanced features) is therefore most appealing. Nevertheless, tissue elastic-
ity has been shown to be affected by vascular pressure,652 necrosis,653 and there is a 
moderate correlation with MVD.654 This relation between elasticity and fluid flow is in 
accordance with the use of poroelasticity as model for the mechanical behaviour of 
tissue.655 Unfortunately, the natural co-occurrence of vascular and elastic alterations 
outside the development of malignancy could potentially limit the multiparametric pre-
requisite of complementary information. Following this reasoning, isoechoic lesions 
might also be more likely to be invisible on elastographic and contrast-enhanced im-
aging due to acoustic impedance patterns within the tissue being affected by cell 
density and vascularisation. Likewise, benign PCa-mimicking lesions might have a 
higher chance of affecting all modalities. Further study into these relations is therefore 
recommended, allowing for the fine-tuning of the multiparametric implementation and 
the selection of useful additional parameters. For this, also the progression of these 
parameters over the course of PCa development should be taken into account. 

 

13.2.2. Novel ultrasound features 
As mentioned, better insight in the physiological characteristics of PCa lesions that re-
main unnoticed and tissues that are misclassified as PCa (i.e., false negatives and false 
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positives, respectively) might further help us to devise or select additional ultrasonic 
parameters that can contribute to a multiparametric approach. Although a wide range 
of parameters have been included in (parts of) this dissertation, ranging from echo        
intensity to the Young’s modulus, several are yet to be examined for this purpose. For 
instance, in DCE-US, the entropy of the velocity field has been suggested as a possible 
biomarker;187 in elastographic imaging, viscosity rather than elasticity might be a valu-
able marker;J13,73 and also the tissue coefficient of nonlinearity is currently under 
research.656 Another promising complementary modality is (quantitative) ultrasonic 
molecular imaging (USMI) by means of targeted microbubbles.657 However, USMI is not 
yet routinely applied and imaging of the coefficient of nonlinearity is still in the early 
stages of (technological) development.  

Another approach is not to expand on the pixelwise model-based features, but on 
radiomic features. In radiologic practice, the spatial appearance, local statistics, texture, 
location, surroundings, etc. are also known to harbour substantial information about 
the suspiciousness of lesions on parametric maps.255,584,658,659 In Chapter 10 and 11, a 
few radiomic features have been proposed, but the number of features that could be 
included while avoiding overfitting has been limited by the scale of the dataset. Radio-
mic approaches have already been introduced to DCE-US660 and elastography.661 An-
other approach to automatic spatial interpretation is deep learning, which will be 
discussed in Section 13.2.3. 

A third field of features that could be considered to enhance the multiparametric per-
formance are those not related to imaging, but to clinical variables such as age, PSA 
levels, family history, blood or urine cytology, etc.662 On the one hand, knowledge of the 
clinical status of a patient allows a classifier to be less, or more, sensitive to certain 
imaging characteristics. An example is that an excess of white blood cells in blood or 
urine663,664 would hint a classifier towards prostatitis instead of PCa. On the other hand, 
this is a way to feed epidemiological information into the classification process, with 
the risk that clinical outliers (for example, young men with PCa or low-PSA PCa) are 
more likely missed. 

 
13.2.3. Improvements in multiparametric combination 
In MRI, the multiparametric approach has been standardised through the PI-RADS sys-
tem.125,588 Over the last few years, this system has been evaluated, updated, and re-
evaluated—and a third version is to be expected soon. Still, despite standardisation, 
there is a known learning curve, a much-reported discrepancy between centres of ex-
pertise, and a high intra- and interreader reproducibility.589 This highlights the difficulty 
of cognitive multiparametric combination: high operator-variability, especially among 
different machines, different clinical protocols, and scanner settings.665 The multipara-
metric scoring in Chapter 12 shows differences among the readers, which a 
standardised system might reduce to some extent. However, years of evaluation based 
on large patient groups might be needed to optimise such a system before it can be 
fairly compared to mpMRI. 

This dissertation primarily describes machine-learning strategies as an alternative to 
cognitive combination—generating single multiparametric maps for review by the urol-
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ogist. The best way to present multiparametric images – as simple classification maps, 
transparency-weighted images reflecting classifier confidence (see Chapter 9), or col-
our-coded with the classifier score (Chapter 11) – should be subject of further 
research.666 In the light of benign diseases hampering the PCa detection, also multi-
class maps could be considered pinpointing BPH, prostatitis, and clinically insignificant 
disease as well. Alternatively, approaches in which suspicious areas are depicted in a 
single modality or a specific pointwise biopsy location is recommended by the machine 
could be adopted. In any case, we should be aware that the integration of multipara-
metric (highly dimensional) data in a compact, comprehensible, well-interpretable 
fashion, while avoiding a black-box approach, is a considerable challenge.252,666,667  

The choice of classifier does not only depend on the classification problem at hand, 
but also on the available dataset, application (i.e., detection or localisation), and availa-
ble computational power. In this dissertation, especially the Gaussian mixture model 
(GMM; Chapter 9, 10) and random forest classifier (RFC; Chapter 11) were evaluated. 
As GMMs are generative in nature, providing a probabilistic framework, they are more 
readily trained with a limited amount of data. RFCs, on the other hand, are discrimina-
tive and can computationally cope with a much larger amount of features. In a 
comparison of different classifiers for 2D multiparametric DCE-US,C28 similar results 
for most machine-learning algorithms were found. In the future, when both the dataset 
and the number of potential features are expanded, RFCs or other ensemble-learning 
strategies might be more suitable to exploit the variety of data.  

Furthermore, deep-learning approaches are increasingly applied in image analysis—
multiparametric MRI is no exception.573,668,677–681,669–676 Although deep learning notori-
ously requires large (labelled) datasets to tune its millions of hidden parameters, 
algorithmic advances such as semi-supervised learning682 bring deep learning within 
reach for application in PCa imaging.276 The data-augmentation strategy for learning 
zonal prostate segmentation described in Chapter 5 is a good example of such meth-
odology. Convolutional neural networks are performing radiomic feature extraction by 
their very nature, but it is also possible to tailor the network architecture so that (spa-
tio)temporal features can be extracted from (4D) DCE-US loops.683 As a first step, 
however, model-based features could serve as input thereby essentially performing a 
large chunk of the feature extraction as preprocessing. Although deep-learning algo-
rithms are in principle capable of coping with information that is slightly mismatched, 
the integrity of the labelled data (see Chapter 3-5) will remain essential to effective 
training. 

 

13.2.4. In clinical practice 
Deep learning and, to a lesser extent, other machine-learning algorithms have known 
difficulties with generalisation to different machines, scanner settings, etc.278 Up to 
now, CUDI algorithms have been shown to work on several scanners (i.e., the iU22 
(Philips HealthCare), Aixplorer® (SuperSonic Imagine), Pro Focus 2202 (BK Medical), 
and LOGIQ E9 (GE HealthCare)). Since the parametric maps serve as input to the clas-
sifiers, the classification can be expected to be more generalisable as well. Moreover, 
Chapter 9, 10, and 11 show that temporal features, which are less sensitive to differ-
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ences in scanner settings (e.g., dynamic range, gain, etc.), are more likely to be selected 
(e.g., r, μ, κ, PT vs. α, WIR, PI).170 Still, standardisation of the acquisitions is imperative 
to assure quality in quantification, multiparametric, and radiomic approaches.667 

Once the classifiers are trained, the generation (i.e., inference) of multiparametric 
maps is typically a matter of seconds. The automatic segmentation algorithm pre-
sented in Chapter 5 allows online registration of SWE and DCE-US within seconds; 
nevertheless, registration could even be avoided by performing SWE and DCE-US with 
the same probe or within the same sequence. Because CUDI algorithms are highly par-
allelisable, their computation time can still be considerably optimised. Though not for 
every probe and manufacturer, 3D transrectal imaging of greyscale US, DCE-US, and 
SWE are available,164,176 and full three-dimensionalisation may eventually reduce re-
cording time even more. As a result, future mpUS and targeted biopsy within one 
hospital visit are conceivable. 

In the end, to reduce patient discomfort, transabdominal rather than transrectal 
CUDI684 and SWE685 may be a feasible approach. Although this method is particularly 
challenging in terms of SNR and motion robustness at this moment, the use of matrix 
probes259,686 would allow 3D recordings with an increased temporal resolution and 
therefore better means to capture the contrast dynamics.687 In current clinical practice, 
however, transrectal imaging is still standard. 

 

13.2.5. Future research 
In this dissertation, the technical feasibility of multiparametric US approaches is exam-
ined. In order to evaluate and confirm clinical feasibility, further research has to be 
carried out. An extended dataset might allow more elaborate training, testing, and op-
timisation of the methods. However, final confirmation can only be prospectively 
retrieved in the clinic. Initially, PCa localisation should be validated with radical prosta-
tectomy specimens as ground truth. Unfortunately, the population in diagnostic 
practice is inherently misrepresented as PCa-free prostates with BPH and prostatitis 
cannot be part of such a validation set. Then, PCa detection can be tested in a targeted-
biopsy study, with the risk that the results are to some extent corrupted by targeting 
inaccuracies and missed PCa lesions remaining unnoticed. 

In the end, benchmarking by direct comparison with MRI is highly recommended in 
the same patient group and using the same validation protocol. An additional ad-
vantage of this setting is that the value of a multimodal approach can also be 
evaluated.688 At this stage, multimodal imaging seems only to have been considered 
for application in focal therapy.689 

Finally, multiparametric imaging in other organs might be a viable approach. Alt-
hough imaging of PCa is the most substantial challenge due to the large prevalence of 
the disease and lack of a standardised imaging approach, also the multiparametric 
classification of lesions in e.g. the breast,690 liver,691 and thyroid692,693 could be consid-
ered. Similar to the prostate, the diagnosis may potentially be improved by a multi-
parametric and multidimensional approach. 



204 

  

 

 

Bibliography 
 

1. van Gelderen, F. A Brief History of Radiology BT - Understanding X-Rays: A Synopsis of 
Radiology. edited by F. van Gelderen. Berlin, Heidelberg: Springer Berlin Heidelberg, 2004, pp. 
597–602. 

2. Edler, I., and K. Lindström. The history of echocardiography. Ultrasound Med. Biol. 30:1565–
1644, 2004. 

3. Carlson, S. A glance at the history of nuclear medicine. Acta Oncol. (Madr). 34:1095–1102, 
1995. 

4. Collins, J. Letter from the Editor: The History of MRI. Semin. Roentgenol. 43:259–260, 2008. 

5. National Cancer Institute. How Is Cancer Diagnosed?, 2015 at <https://www.cancer.gov 
/about-cancer/diagnosis-staging/diagnosis> 

6. van Hove, A., P.-H. Savoie, C. Maurin, S. Brunelle, G. Gravis, N. Salem, and J. Walz. Comparison 
of image-guided targeted biopsies versus systematic randomized biopsies in the detection of 
prostate cancer: a systematic literature review of well-designed studies. World J. Urol. 
32:847–858, 2014. 

7. Mottet, N., J. Bellmunt, M. Bolla, E. Briers, M. G. Cumberbatch, M. De Santis, N. Fossati, T. Gross, 
A. M. Henry, S. Joniau, T. B. Lam, M. D. Mason, V. B. Matveev, P. C. Moldovan, R. C. N. van den 
Bergh, T. Van den Broeck, H. G. van der Poel, T. H. van der Kwast, O. Rouvière, I. G. Schoots, T. 
Wiegel, and P. Cornford. EAU-ESTRO-SIOG Guidelines on Prostate Cancer. Part 1: Screening, 
Diagnosis, and Local Treatment with Curative Intent. Eur. Urol. 71:618–629, 2017. 

8. Ferlay, J., M. Colombet, I. Soerjomataram, T. Dyba, G. Randi, M. Bettio, A. Gavin, O. Visser, and 
F. Bray. Cancer incidence and mortality patterns in Europe: Estimates for 40 countries and 25 
major cancers in 2018. Eur. J. Cancer 103:356–387, 2018. 

9. Siegel, R. L., K. D. Miller, and J. Ahmedin. Cancer statistics, 2018. CA. Cancer J. Clin. 68:7–30, 
2018. 

10. Bjurlin, M. A., and S. S. Taneja. Standards for prostate biopsy. Curr. Opin. Urol. 24:155-161, 
2014. 

11. Loeb, S., A. Vellekoop, H. U. Ahmed, J. Catto, M. Emberton, R. Nam, D. J. Rosario, V. Scattoni, 
and Y. Lotan. Systematic Review of Complications of Prostate Biopsy. Eur. Urol. 64:876–892, 
2013. 

12. Ukimura, O., J. A. Coleman, A. de la Taille, M. Emberton, J. I. Epstein, S. J. Freedland, G. 
Giannarini, A. S. Kibel, R. Montironi, G. Ploussard, M. J. Roobol, V. Scattoni, and J. S. Jones. 
Contemporary Role of Systematic Prostate Biopsies: Indications, Techniques, and 
Implications for Patient Care. Eur. Urol. 63:214–230, 2013. 

13. Loeb, S., M. A. Bjurlin, J. Nicholson, T. L. Tammela, D. F. Penson, H. B. Carter, P. Carroll, and R. 
Etzioni. Overdiagnosis and overtreatment of prostate cancer. Eur. Urol. 65:1046–55, 2014. 

14. Bangma, C. H., S. Roemeling, and F. H. Schröder. Overdiagnosis and overtreatment of early 
detected prostate cancer. World J. Urol. 25:3–9, 2007. 

15. El-Shater Bosaily, A., M. Valerio, Y. Hu, A. Freeman, C. Jameson, L. Brown, R. Kaplan, R. G. 
Hindley, D. Barratt, M. Emberton, and H. U. Ahmed. The concordance between the volume 
hotspot and the grade hotspot: a 3-D reconstructive model using the pathology outputs from 
the PROMIS trial. Prostate Cancer Prostatic Dis 19:322, 2016. 

16. Barret, E., and M. Durand. Technical Aspects of Focal Therapy in Localized Prostate Cancer. 



205 

  

Paris: Springer, 2015. 

17. Andreoiu, M., and L. Cheng. Multifocal prostate cancer: biologic, prognostic, and therapeutic 
implications. Hum. Pathol. 41:781–793, 2010. 

18. Borofsky, S., A. K. George, S. Gaur, M. Bernardo, M. D. Greer, F. V Mertan, M. Taffel, V. Moreno, 
M. J. Merino, B. J. Wood, P. A. Pinto, P. L. Choyke, and B. Turkbey. What Are We Missing? False-
Negative Cancers at Multiparametric MR Imaging of the Prostate. Radiology 286:186–195, 
2017. 

19. Gordetsky, J. B., D. Ullman, L. Schultz, K. K. Porter, M. del Carmen Rodriguez Pena, C. E. 
Calderone, J. W. Nix, M. Ullman, S. Bae, and S. Rais-Bahrami. Histologic findings associated 
with false-positive multiparametric magnetic resonance imaging performed for prostate 
cancer detection. Hum. Pathol. 83:159–165, 2019. 

20. Zhao, H.-X., C.-X. Xia, H.-X. Yin, N. Guo, and Q. Zhu. The value and limitations of contrast-
enhanced transrectal ultrasonography for the detection of prostate cancer. Eur. J. Radiol. 
82:e641–e647, 2013. 

21. Giannarini, G., A. Briganti, A. Crestani, M. Rossanese, F. Montorsi, and V. Ficarra. Dismiss 
Systematic Transrectal Ultrasound-guided and Embrace Targeted Magnetic Resonance 
Imaging-informed Prostate Biopsy: Is the Paradigm Ready to Shift? Eur. Urol. 69:381–383, 
2016. 

22. Weinreb, J. C., J. O. Barentsz, P. L. Choyke, F. Cornud, M. A. Haider, K. J. Macura, D. Margolis, 
M. D. Schnall, F. Shtern, C. M. Tempany, H. C. Thoeny, and S. Verma. PI-RADS Prostate Imaging 
- Reporting and Data System: 2015, Version 2. Eur. Urol. 69:16–40, 2016. 

23. Wegelin, O., H. H. E. van Melick, L. Hooft, J. L. H. R. Bosch, H. B. Reitsma, J. O. Barentsz, and D. 
M. Somford. Comparing Three Different Techniques for Magnetic Resonance Imaging-
targeted Prostate Biopsies: A Systematic Review of In-bore versus Magnetic Resonance 
Imaging-transrectal Ultrasound fusion versus Cognitive Registration. Is There a Preferred 
Technique? Eur. Urol. 71:517–531, 2017. 

24. Jung, J.-W., H.-R. Kang, M.-H. Kim, W. Lee, K.-U. Min, M.-H. Han, and S.-H. Cho. Immediate 
Hypersensitivity Reaction to Gadolinium-based MR Contrast Media. Radiology 264:414–422, 
2012. 

25. Khawaja, A. Z., D. B. Cassidy, J. Al Shakarchi, D. G. McGrogan, N. G. Inston, and R. G. Jones. 
Revisiting the risks of MRI with Gadolinium based contrast agents-review of literature and 
guidelines. Insights Imaging 6:553–558, 2015. 

26. Aarnink, R. G., H. P. Beerlage, J. J. de la Rosette, F. M. J. Debruyne, and H. Wijkstra. Transrectal 
Ultrasound Of The Prostate: Innovations and Future Applications. J. Urol. 159:1568–1579, 
1998. 

27. Correas, J.-M., A.-M. Tissier, A. Khairoune, G. Khoury, D. Eiss, and O. Hélénon. Ultrasound 
elastography of the prostate: State of the art. Diagn. Interv. Imaging 94:551–560, 2013. 

28. Halpern, E. J. Contrast-enhanced ultrasound imaging of prostate cancer. Rev. Urol. 8:29, 2006. 

29. Postema, A., M. Mischi, J. de la Rosette, and H. Wijkstra. Multiparametric ultrasound in the 
detection of prostate cancer: a systematic review. World J. Urol. 33:1651–1659, 2015. 

30. Piscaglia, F. et al. The EFSUMB guidelines and recommendations on the clinical practice of 
contrast enhanced ultrasound (CEUS): Update 2011 on non-hepatic applications. Ultraschall 
der Medizin 33:33–59, 2012. 

31. Orczyk, C., S. S. Taneja, H. Rusinek, and A. B. Rosenkrantz. Assessment of change in prostate 
volume and shape following surgical resection through co-registration of in-vivo MRI and 
fresh specimen ex-vivo MRI. Clin. Radiol. 69:e398–e403, 2014. 

32. Gibson, E., M. Gaed, J. A. Gómez, M. Moussa, S. Pautler, J. L. Chin, C. Crukley, G. S. Bauman, A. 
Fenster, and A. D. Ward. 3D prostate histology image reconstruction: Quantifying the impact 
of tissue deformation and histology section location. J. Pathol. Inform. 4:, 2013. 



206 

  

33. Montironi, R., R. Mazzuccheli, M. Scarpelli, A. Lopez-Beltran, G. Fellegara, and F. Algaba. 
Gleason grading of prostate cancer in needle biopsies or radical prostatectomy specimens: 
contemporary approach, current clinical significance and sources of pathology discrepancies. 
BJU Int. 95:1146–1152, 2005. 

34. Kuenen, M. P., M. Mischi, and H. Wijkstra. Contrast-ultrasound diffusion imaging for 
localization of prostate cancer. IEEE Trans Med Imaging 30:1493, 2011. 

35. van Sloun, R. J. G., L. Demi, A. W. Postema, J. J. de la Rosette, H. Wijkstra, and M. Mischi. 
Ultrasound-contrast-agent dispersion and velocity imaging for prostate cancer localization. 
Med. Image Anal. 35:610–619, 2017. 

36. Mischi, M., M. P. J. Kuenen, and H. Wijkstra. Angiogenesis imaging by spatiotemporal analysis 
of ultrasound contrast agent dispersion kinetics. IEEE Trans. Ultrason. Ferroelectr. Freq. 
Control 59:621–629, 2012. 

37. Marieb, E. N., and K. Hoehn. Human Anatomy & Physiology. Boston: Pearson Education, Inc., 
2012. 

38. McLaughlin, P. W., S. Troyer, S. Berri, V. Narayana, A. Meirowitz, P. L. Roberson, and J. Montie. 
Functional anatomy of the prostate: Implications for treatment planning. Int. J. Radiat. Oncol. 
63:479–491, 2005. 

39. Oelrich, T. M. The urethral sphincter muscle in the male. Am. J. Anat. 158:229–246, 1980. 

40. McNeal, J. E. Normal histology of the prostate. Am. J. Surg. Pathol. 12:619–633, 1988. 

41. McNeal, J. E. The zonal anatomy of the prostate. Prostate 2:35–49, 1981. 

42. Aaron, L., O. E. Franco, and S. W. Hayward. Review of Prostate Anatomy and Embryology and 
the Etiology of Benign Prostatic Hyperplasia. Urol. Clin. North Am. 43:279–288, 2016. 

43. Adeloye, D., R. A. David, A. V. Aderemi, A. Iseolorunkanmi, A. Oyedokun, E. E. J. Iweala, N. 
Omoregbe, and C. K. Ayo. An estimate of the incidence of prostate cancer in Africa: a 
systematic review and meta-analysis. PLoS One 11:e0153496, 2016. 

44. Sierra, M. S., I. Soerjomataram, and D. Forman. Prostate cancer burden in Central and South 
America. Cancer Epidemiol. 44:S131–S140, 2016. 

45. Kimura, T., and S. Egawa. Epidemiology of prostate cancer in Asian countries. Int. J. Urol. 
25:524–531, 2018. 

46. Wong, M. C. S., W. B. Goggins, H. H. X. Wang, F. D. H. Fung, C. Leung, S. Y. S. Wong, C. F. Ng, 
and J. J. Y. Sung. Global incidence and mortality for prostate cancer: analysis of temporal 
patterns and trends in 36 countries. Eur. Urol. 70:862–874, 2016. 

47. Dunn, M. W., and M. W. Kazer. Prostate Cancer Overview. Semin. Oncol. Nurs. 27:241–250, 
2011. 

48. Haas, G. P., and W. A. Sakr. Epidemiology of prostate cancer. CA. Cancer J. Clin. 47:273–287, 
2008. 

49. Bell, K. J. L., C. Del Mar, G. Wright, J. Dickinson, and P. Glasziou. Prevalence of incidental 
prostate cancer: A systematic review of autopsy studies. Int. J. Cancer 137:1749–1757, 2015. 

50. Andrews, G. S. Latent carcinoma of the prostate. J. Clin. Pathol. 39:197, 1949. 

51. Franks, L. M. Latent carcinoma of the prostate. J. Pathol. Bacteriol. 68:603–616, 1954. 

52. Gleason, D. F. Histologic grading of prostate cancer: A perspective. Hum. Pathol. 23:273–279, 
1992. 

53. Epstein, J. I., L. Egevad, M. B. Amin, B. Delahunt, J. R. Srigley, P. A. Humphrey, and G. 
Committee. The 2014 International Society of Urological Pathology (ISUP) consensus 
conference on Gleason grading of prostatic carcinoma: definition of grading patterns and 
proposal for a new grading system. Am. J. Surg. Pathol. 40:244–252, 2016. 



207 

  

54. Kryvenko, O. N., and J. I. Epstein. Changes in prostate cancer grading: Including a new patient-
centric grading system. Prostate 76:427–433, 2015. 

55. Ross, H. M., O. N. Kryvenko, J. E. Cowan, J. P. Simko, T. M. Wheeler, and J. I. Epstein. Do 
adenocarcinomas of the prostate with Gleason score (GS) ≤ 6 have the potential to 
metastasize to lymph nodes? Am. J. Surg. Pathol. 36:1346, 2012. 

56. Stamey, T. A., F. S. Freiha, J. E. McNeal, E. A. Redwine, A. S. Whittemore, and H. Schmid. 
Localized prostate cancer. Relationship of tumor volume to clinical significance for treatment 
of prostate cancer. Cancer 71:933–938, 1993. 

57. Kasivisvanathan, V., and B. Challacombe. The Big Prostate. Springer Nature, 2018. 

58. Berry, S. J., D. S. Coffey, P. C. Walsh, and L. L. Ewing. The Development of Human Benign 
Prostatic Hyperplasia with Age. J. Urol. 132:474–479, 1984. 

59. Kim, E. H., J. A. Larson, and G. L. Andriole. Management of Benign Prostatic Hyperplasia. Annu. 
Rev. Med. 67:137–151, 2016. 

60. Gao, Y., X. H. Liao, L. Lu, L. Wang, Y. Ma, H. Z. Qin, X. Yan, and P. Guo. Contrast-enhanced 
transrectal ultrasonography for the detection of diffuse prostate cancer. Clin. Radiol. 71:258–
264, 2016. 

61. Sandhu, J. S. Prostate cancer and chronic prostatitis. Curr. Urol. Rep. 9:328–332, 2008. 

62. Sharp, V. J., E. B. Takacs, and C. R. Powell. Prostatitis: diagnosis and treatment. Am Fam 
Physician 82:397–406, 2010. 

63. Huang, T. R., G. C. Wang, H. M. Zhang, and B. Peng. Differential research of inflammatory and 
related mediators in BPH, histological prostatitis and PCa. Andrologia , 2018. 

64. Wasserman, N. F. Prostatitis: Clinical presentations and transrectal ultrasound findings. 
Semin. Roentgenol. 34:325–337, 1999. 

65. Sfanos, K. S., W. B. Isaacs, and A. M. De Marzo. Infections and inflammation in prostate cancer. 
Am. J. Clin. Exp. Urol. 1:3, 2013. 

66. Sfanos, K. S., and A. M. De Marzo. Prostate cancer and inflammation: the evidence. 
Histopathology 60:199–215, 2012. 

67. Liotta, L. A., and E. C. Kohn. The microenvironment of the tumour–host interface. Nature 
411:375, 2001. 

68. Russo, G., M. Mischi, W. Scheepens, J. J. De La Rosette, and H. Wijkstra. Angiogenesis in 
prostate cancer: Onset, progression and imaging. BJU Int. 110:794–808, 2012. 

69. Weidner, N., P. R. Carroll, J. Flax, W. Blumenfeld, and J. Folkman. Tumor angiogenesis 
correlates with metastasis in invasive prostate carcinoma. Am. J. Pathol. 143:401, 1993. 

70. Mazzucchelli, R., R. Montironi, A. Santinelli, G. Lucarini, A. Pugnaloni, and G. Biagini. Vascular 
endothelial growth factor expression and capillary architecture in high-grade PIN and prostate 
cancer in untreated and androgen-ablated patients. Prostate 45:72–79, 2000. 

71. Heldin, C.-H., K. Rubin, K. Pietras, and A. Östman. High interstitial fluid pressure—an obstacle 
in cancer therapy. Nat. Rev. Cancer 4:806–313, 2004. 

72. Lilja, H., D. Ulmert, and A. J. Vickers. Prostate-specific antigen and prostate cancer: prediction, 
detection and monitoring. Nat. Rev. Cancer 8:268, 2008. 

73. Hoyt, K., B. Castaneda, M. Zhang, P. Nigwekar, P. A. di Sant’Agnese, J. V Joseph, J. Strang, D. 
J. Rubens, and K. J. Parker. Tissue elasticity properties as biomarkers for prostate cancer. 
Cancer Biomark. 4:213–225, 2008. 

74. Ali, J. H., W. B. Wang, M. Zevallos, and R. R. Alfano. Near Infrared Spectroscopy and Imaging 
to Probe Differences in Water Content in Normal and Cancer Human Prostate Tissues. 
Technol. Cancer Res. Treat. 3:491–497, 2004. 



208 

  

75. Krouskop, T. a, T. M. Wheeler, F. Kallel, B. S. Garra, and T. Hall. Elastic Moduli of Breast and 
Prostate Tissue under Compression. 20:260–274, 1998. 

76. Pallwein, L., M. Mitterberger, P. Struve, G. Pinggera, W. Horninger, G. Bartsch, F. Aigner, A. 
Lorenz, F. Pedross, and F. Frauscher. Real-time elastography for detecting prostate cancer: 
preliminary experience. BJU Int. 100:42–46, 2007. 

77. Correas, J. M.,  a. M. Tissier, A. Khairoune, G. Khoury, D. Eiss, and O. Hélénon. Ultrasound 
elastography of the prostate: State of the art. Diagn. Interv. Imaging 94:551–560, 2013. 

78. McNeal, J., R. Kindrachuk, F. Freiha, D. Bostwick, E. Redwine, and T. Stamey. Patterns of 
Progression in Prostate Cancer. Lancet 327:60–63, 1986. 

79. Gandaglia, G., F. Abdollah, J. Schiffmann, V. Trudeau, S. F. Shariat, S. P. Kim, P. Perrotte, F. 
Montorsi, A. Briganti, Q.-D. Trinh, P. I. Karakiewicz, and M. Sun. Distribution of metastatic sites 
in patients with prostate cancer: A population-based analysis. Prostate 74:210–216, 2013. 

80. Chodak, G. W., P. Keller, and H. W. Schoenberg. Assessment of Screening for Prostate Cancer 
Using the Digital Rectal Examination. J. Urol. 141:1136–1138, 1989. 

81. Smith, D. S., and W. J. Catalona. Interexaminer variability of digital rectal examination in 
detecting prostate cancer. Urology 45:70–74, 1995. 

82. Cooner, W. H., B. R. Mosley, C. L. Rutherford, J. H. Beard, H. S. Pond, W. J. Terry, T. C. Igel, and 
D. D. Kidd. Prostate Cancer Detection in a Clinical Urological Practice by Ultrasonography, 
Digital Rectal Examination and Prostate Specific Antigen. J. Urol. 143:1146–1152, 1990. 

83. Cui, T., R. C. Kovell, and R. P. Terlecki. Is it time to abandon the digital rectal examination? 
Lessons from the PLCO Cancer Screening Trial and peer-reviewed literature. Curr. Med. Res. 
Opin. 32:1663–1669, 2016. 

84. Thompson, I. M., D. K. Pauler, P. J. Goodman, C. M. Tangen, M. S. Lucia, H. L. Parnes, L. M. 
Minasian, L. G. Ford, S. M. Lippman, E. D. Crawford, J. J. Crowley, and C. A. Coltman. Prevalence 
of Prostate Cancer among Men with a Prostate-Specific Antigen Level ≤4.0 ng per Milliliter. N. 
Engl. J. Med. 350:2239–2246, 2004. 

85. Brawer, M. K., M. P. Chetner, J. Beatie, D. M. Buchner, R. L. Vessella, and P. H. Lange. Screening 
for prostatic carcinoma with prostate specific antigen. J. Urol. 147:841–845, 1992. 

86. Catalona, W. J., J. P. Richie, F. R. Ahmann, M. A. Hudson, P. T. Scardino, R. C. Flanigan, J. B. 
Dekernion, T. L. Ratliff, L. R. Kavoussi, B. L. Dalkin, W. B. Waters, M. T. Macfarlane, and P. C. 
Southwick. Comparison of Digital Rectal Examination and Serum Prostate Specific Antigen in 
the Early Detection of Prostate Cancer: Results of a Multicenter Clinical Trial of 6,630 Men. J. 
Urol. 151:1283–1290, 1994. 

87. Jacobsen, S., S. Katusic, and E. Bergstralh. Incidence of prostate cancer diagnosis in the eras 
before and after serum prostate-specific antigen testing. JAMA 274:1445–1449, 1995. 

88. Gosselaar, C., M. J. Roobol, and F. H. Schröder. Prevalence and characteristics of screen-
detected prostate carcinomas at low prostate-specific antigen levels: aggressive or 
insignificant? BJU Int. 95:231–237, 2005. 

89. Catalona, W. J. Prostate Cancer Screening. Med. Clin. 102:199–214, 2018. 

90. Kobori, Y., Y. Kitagawa, A. Mizokami, K. Komatsu, and M. Namiki. Free-to-total prostate-
specific antigen (PSA) ratio contributes to an increased rate of prostate cancer detection in a 
Japanese population screened using a PSA level of 2.1–10.0 ng/ml as a criterion. Int. J. Clin. 
Oncol. 13:229–232, 2008. 

91. Bjurlin, M. A., and S. Loeb. PSA Velocity in Risk Stratification of Prostate Cancer. Rev. Urol. 
15:204–206, 2013. 

92. Karademir, I., D. Shen, Y. Peng, S. Liao, Y. Jiang, A. Yousuf, G. Karczmar, S. Sammet, S. Wang, 
M. Medved, T. Antic, S. Eggener, and A. Oto. Prostate volumes derived from MRI and volume-
adjusted serum prostate-specific antigen: correlation with Gleason score of prostate cancer. 
AJR. Am. J. Roentgenol. 201:1041–1048, 2013. 



209 

  

93. Walz, J., M. Graefen, F. K.-H. Chun, A. Erbersdobler, A. Haese, T. Steuber, T. Schlomm, H. 
Huland, and P. I. Karakiewicz. High Incidence of Prostate Cancer Detected by Saturation 
Biopsy after Previous Negative Biopsy Series. Eur. Urol. 50:498–505, 2006. 

94. Clements, R. The role of transrectal ultrasound in diagnosing prostate cancer. Curr. Urol. Rep. 
3:194–200, 2002. 

95. Takenaka, A., R. Hara, T. Ishimura, T. Fujii, Y. Jo, A. Nagai, and M. Fujisawa. A prospective 
randomized comparison of diagnostic efficacy between transperineal and transrectal 12-core 
prostate biopsy. Prostate Cancer Prostatic Dis. 11:134–138, 2007. 

96. Hara, R., Y. Jo, T. Fujii, N. Kondo, T. Yokoyoma, Y. Miyaji, and A. Nagai. Optimal approach for 
prostate cancer detection as initial biopsy: prospective randomized study comparing 
transperineal versus transrectal systematic 12-core biopsy. Urology 71:191–195, 2008. 

97. Grummet, J., L. Pepdjonovic, S. Huang, E. Anderson, and B. Hadaschik. Transperineal vs. 
transrectal biopsy in MRI targeting. Transl. Androl. Urol. 6:368–375, 2017. 

98. Ozgur, A., Y. Asif, A. Gokhan, T. Berrin, G. Cenk, E. Bulent, D. Onur, C. Meftun, V. Haluk, and C. 
Hulya. Prevalence of antibiotic resistance in fecal flora before transrectal ultrasound-guided 
prostate biopsy and the clinical impact of targeted antibiotic prophylaxis. Arch. Esp. Urol. 
70:852–858, 2017. 

99. Taylor, S., J. Margolick, Z. Abughosh, S. L. Goldenberg, D. Lange, W. R. Bowie, R. Bell, D. Roscoe, 
L. Machan, and P. Black. Ciprofloxacin resistance in the faecal carriage of patients undergoing 
transrectal ultrasound guided prostate biopsy. BJU Int. 111:946–953, 2013. 

100. Pooley, R. A. Fundamental Physics of MR Imaging. RadioGraphics 25:1087–1099, 2005. 

101. Heenan, S. D. Magnetic resonance imaging in prostate cancer. Prostate Cancer Prostatic Dis. 
7:282–288, 2004. 

102. Grover, V. P. B., J. M. Tognarelli, M. M. E. Crossey, I. J. Cox, S. D. Taylor-Robinson, and M. J. W. 
McPhail. Magnetic Resonance Imaging: Principles and Techniques: Lessons for Clinicians. J. 
Clin. Exp. Hepatol. 5:246–255, 2015. 

103. Carroll, P. R., F. V Coakley, and J. Kurhanewicz. Magnetic resonance imaging and spectroscopy 
of prostate cancer. Rev. Urol. 8 Suppl 1:S4–S10, 2006. 

104. Jung, S. Il, O. F. Donati, H. A. Vargas, D. Goldman, H. Hricak, and O. Akin. Transition Zone 
Prostate Cancer: Incremental Value of Diffusion-weighted Endorectal MR Imaging in Tumor 
Detection and Assessment of Aggressiveness. Radiology 269:493–503, 2013. 

105. Akin, O., E. Sala, C. S. Moskowitz, K. Kuroiwa, N. M. Ishill, D. Pucar, P. T. Scardino, and H. Hricak. 
Transition Zone Prostate Cancers: Features, Detection, Localization, and Staging at Endorectal 
MR Imaging. Radiology 239:784–792, 2006. 

106. Yoo, S., J. K. Kim, and I. G. Jeong. Multiparametric magnetic resonance imaging for prostate 
cancer: A review and update for urologists. Korean J. Urol. 56:487–497, 2015. 

107. Panebianco, V., F. Giganti, Y. X. Kitzing, F. Cornud, R. Campa, G. De Rubeis, A. Ciardi, C. 
Catalano, and G. Villeirs. An update of pitfalls in prostate mpMRI: a practical approach through 
the lens of PI-RADS v. 2 guidelines. Insights Imaging 9:87–101, 2018. 

108. Wu, L.-M., J.-R. Xu, Y.-Q. Ye, Q. Lu, and J.-N. Hu. The Clinical Value of Diffusion-Weighted 
Imaging in Combination With T2-Weighted Imaging in Diagnosing Prostate Carcinoma: A 
Systematic Review and Meta-Analysis. Am. J. Roentgenol. 199:103–110, 2012. 

109. Nakashima, J., A. Tanimoto, Y. Imai, M. Mukai, Y. Horiguchi, K. Nakagawa, M. Oya, T. Ohigashi, 
K. Marumo, and M. Murai. Endorectal MRI for prediction of tumor site, tumor size, and local 
extension of prostate cancer. Urology 64:101–105, 2004. 

110. Metens, T., D. Miranda, J. Absil, and C. Matos. What is the optimal b value in diffusion-weighted 
MR imaging to depict prostate cancer at 3T? Eur. Radiol. 22:703–709, 2012. 

111. Maurer, M. H., and J. T. Heverhagen. Diffusion weighted imaging of the prostate-principles, 



210 

  

application, and advances. Transl. Androl. Urol. 6:490–498, 2017. 

112. Kim, C. K., B. K. Park, and B. Kim. Diffusion-Weighted MRI at 3 T for the Evaluation of Prostate 
Cancer. Am. J. Roentgenol. 194:1461–1469, 2010. 

113. Tan, C. H., W. Wei, V. Johnson, and V. Kundra. Diffusion-Weighted MRI in the Detection of 
Prostate Cancer: Meta-Analysis. Am. J. Roentgenol. 199:822–829, 2012. 

114. Mazaheri, Y., A. Shukla-Dave, H. Hricak, S. W. Fine, J. Zhang, G. Inurrigarro, C. S. Moskowitz, N. 
M. Ishill, V. E. Reuter, K. Touijer, K. L. Zakian, and J. A. Koutcher. Prostate Cancer: Identification 
with Combined Diffusion-weighted MR Imaging and 3D 1H MR Spectroscopic Imaging—
Correlation with Pathologic Findings. Radiology 246:480–488, 2008. 

115. Kurhanewicz, J., D. B. Vigneron, H. Hricak, P. Narayan, P. Carroll, and S. J. Nelson. Three-
dimensional H-1 MR spectroscopic imaging of the in situ human prostate with high (0.24-0.7-
cm3) spatial resolution. Radiology 198:795–805, 1996. 

116. Verma, S., and A. Rajesh. A Clinically Relevant Approach to Imaging Prostate Cancer: Review. 
Am. J. Roentgenol. 196:S1–S10, 2011. 

117. Tayari, N., A. Heerschap, T. W. J. Scheenen, and T. Kobus. In vivo MR spectroscopic imaging 
of the prostate, from application to interpretation. Anal. Biochem. 529:158–170, 2017. 

118. Testa, C., C. Pultrone, D. N. Manners, R. Schiavina, and R. Lodi. Metabolic Imaging in Prostate 
Cancer: Where We Are. Front. Oncol. 6:225, 2016. 

119. Verma, S., B. Turkbey, N. Muradyan, A. Rajesh, F. Cornud, M. A. Haider, P. L. Choyke, and M. 
Harisinghani. Overview of Dynamic Contrast-Enhanced MRI in Prostate Cancer Diagnosis and 
Management. Am. J. Roentgenol. 198:1277–1288, 2012. 

120. Rosenkrantz, A. B., A. Sabach, J. S. Babb, B. W. Matza, S. S. Taneja, and F.-M. Deng. Prostate 
Cancer: Comparison of Dynamic Contrast-Enhanced MRI Techniques for Localization of 
Peripheral Zone Tumor. Am. J. Roentgenol. 201:W471–W478, 2013. 

121. Turco, S., C. Lavini, S. Heijmink, J. Barentsz, H. Wijkstra, and M. Mischi. Evaluation of Dispersion 
MRI for Improved Prostate Cancer Diagnosis in a Multicenter Study. Am. J. Roentgenol. 
211:W242–W251, 2018. 

122. Hao, D., T. Ai, F. Goerner, X. Hu, V. M. Runge, and M. Tweedle. MRI contrast agents: Basic 
chemistry and safety. J. Magn. Reson. Imaging 36:1060–1071, 2012. 

123. Layne, K. A., P. I. Dargan, J. R. H. Archer, and D. M. Wood. Gadolinium deposition and the 
potential for toxicological sequelae – A literature review of issues surrounding gadolinium-
based contrast agents. Br. J. Clin. Pharmacol. 84:2522–2534, 2018. 

124. Barentsz, J. O., J. Richenberg, R. Clements, S. Verma, G. Villeirs, O. Rouviere, V. Logager, J. O. 
Barentsz, J. J. Fütterer, and P. Choyke. ESUR prostate MR guidelines 2012. Eur. Radiol. 
22:746–757, 2012. 

125. Barentsz, J. O., J. C. Weinreb, S. Verma, H. C. Thoeny, C. M. Tempany, F. Shtern, A. R. Padhani, 
D. Margolis, K. J. Macura, and M. A. Haider. Synopsis of the PI-RADS v2 guidelines for 
multiparametric prostate magnetic resonance imaging and recommendations for use. Eur. 
Urol. 69:41–49, 2016. 

126. Auer, T., M. Edlinger, J. Bektic, U. Nagele, T. Herrmann, G. Schäfer, F. Aigner, and D. Junker. 
Performance of PI-RADS version 1 versus version 2 regarding the relation with 
histopathological results. World J. Urol. 35:687–693, 2017. 

127. Becker, A. S., A. Cornelius, C. S. Reiner, D. Stocker, E. J. Ulbrich, B. K. Barth, A. Mortezavi, D. 
Eberli, and O. F. Donati. Direct comparison of PI-RADS version 2 and version 1 regarding 
interreader agreement and diagnostic accuracy for the detection of clinically significant 
prostate cancer. Eur. J. Radiol. 94:58–63, 2017. 

128. Kasel-Seibert, M., T. Lehmann, R. Aschenbach, F. V Guettler, M. Abubrig, M.-O. Grimm, U. 
Teichgraeber, and T. Franiel. Assessment of PI-RADS v2 for the Detection of Prostate Cancer. 
Eur. J. Radiol. 85:726–731, 2016. 



211 

  

129. Ahmed, H. U., A. El-Shater Bosaily, L. C. Brown, R. Gabe, R. Kaplan, M. K. Parmar, Y. Collaco-
Moraes, K. Ward, R. G. Hindley, A. Freeman, A. P. Kirkham, R. Oldroyd, C. Parker, and M. 
Emberton. Diagnostic accuracy of multi-parametric MRI and TRUS biopsy in prostate cancer 
(PROMIS): a paired validating confirmatory study. Lancet 389:815–822, 2017. 

130. Rouvière, O., P. Puech, R. Renard-Penna, M. Claudon, C. Roy, F. Mège-Lechevallier, M. 
Decaussin-Petrucci, M. Dubreuil-Chambardel, L. Magaud, and L. Remontet. Use of prostate 
systematic and targeted biopsy on the basis of multiparametric MRI in biopsy-naive patients 
(MRI-FIRST): a prospective, multicentre, paired diagnostic study. Lancet Oncol. 20:100-109, 
2018. 

131. Kasivisvanathan, V. et al. MRI-Targeted or Standard Biopsy for Prostate-Cancer Diagnosis. N. 
Engl. J. Med. 378:1767–1777, 2018. 

132. Gold, S. A., G. R. Hale, J. B. Bloom, C. P. Smith, K. N. Rayn, V. Valera, B. J. Wood, P. L. Choyke, 
B. Turkbey, and P. A. Pinto. Follow-up of negative MRI-targeted prostate biopsies: when are 
we missing cancer? World J. Urol. 37:235–241, 2019. 

133. Panebianco, V., G. Barchetti, G. Simone, M. Del Monte, A. Ciardi, M. D. Grompone, R. Campa, E. 
L. Indino, F. Barchetti, A. Sciarra, C. Leonardo, M. Gallucci, and C. Catalano. Negative 
Multiparametric Magnetic Resonance Imaging for Prostate Cancer: What’s Next? Eur. Urol. 
74:48–54, 2018. 

134. Frydenberg, M. Reliability of negative multiparametric MRI of the prostate: can we avoid the 
biopsy? Not yet! BJU Int. 119:E9–E10, 2017. 

135. Sugano, D., A. Sidana, B. Calio, K. Cobb, B. Turkbey, and P. A. Pinto. MRI-targeted biopsy: is 
systematic biopsy obsolete? Can J Urol 24:8876–8882, 2017. 

136. Fulgham, P. F., D. B. Rukstalis, I. B. Turkbey, J. N. Rubenstein, S. Taneja, P. R. Carroll, P. A. Pinto, 
M. A. Bjurlin, and S. Eggener. AUA Policy Statement on the Use of Multiparametric Magnetic 
Resonance Imaging in the Diagnosis, Staging and Management of Prostate Cancer. J. Urol. 
198:832–838, 2017. 

137. Scialpi, M., G. Falcone, P. Scialpi, and A. D’Andrea. Biparametric MRI: a further improvement to 
PIRADS 2.0? Diagnostic Interv. Radiol. 22:297–298, 2016. 

138. Niu, X., X. Chen, Z. Chen, L. Chen, J. Li, and T. Peng. Diagnostic Performance of Biparametric 
MRI for Detection of Prostate Cancer: A Systematic Review and Meta-Analysis. Am. J. 
Roentgenol. 211:369–378, 2018. 

139. Watanabe, H., H. Kato, T. Kato, M. Morita, and M. Tanaka. [Diagnostic application of 
ultrasonotomography to the prostate]. Nihon Hinyokika Gakkai Zasshi. 59:273–279, 1968. 

140. Heijmink, S. W., H. van Moerkerk, L. A. L. M. Kiemeney, J. A. Witjes, F. Frauscher, and J. O. 
Barentsz. A comparison of the diagnostic performance of systematic versus ultrasound-
guided biopsies of prostate cancer. Eur. Radiol. 16:927–938, 2006. 

141. Feleppa, E. J., R. D. Ennis, P. B. Schiff, C.-S. Wuu, A. Kalisz, J. Ketterling, S. Urban, T. Liu, W. R. 
Fair, C. R. Porter, and J. R. Gillespie. Spectrum-Analysis and Neural Networks for Imaging to 
Detect and Treat Prostate Cancer. Ultrason. Imaging 23:135–146, 2001. 

142. Rohrbach, D., B. Wodlinger, J. Wen, J. Mamou, and E. Feleppa. High-Frequency Quantitative 
Ultrasound for Imaging Prostate Cancer Using a Novel Micro-Ultrasound Scanner. Ultrasound 
Med. Biol. 44:1341–1354, 2018. 

143. Loch, T., I. Leuschner, C. Genberg, K. Weichert-Jacobsen, F. Küppers, E. Yfantis, M. Evans, V. 
Tsarev, and M. Stöckle. Artificial neural network analysis (ANNA) of prostatic transrectal 
ultrasound. Prostate 39:198–204, 1999. 

144. Grabski, B., L. Baeurle, A. Loch, B. Wefer, U. Paul, and T. Loch. Computerized transrectal 
ultrasound of the prostate in a multicenter setup (C-TRUS-MS): detection of cancer after 
multiple negative systematic random and in primary biopsies. World J. Urol. 29:573–579, 
2011. 



212 

  

145. Tokas, T., B. Grabski, U. Paul, L. Bäurle, and T. Loch. A 12-year follow-up of ANNA/C-TRUS 
image-targeted biopsies in patients suspicious for prostate cancer. World J. Urol. 36:699–704, 
2018. 

146. Strunk, T., G. Decker, W. Willinek, S. C. Mueller, and S. Rogenhofer. Combination of C-TRUS 
with multiparametric MRI: potential for improving detection of prostate cancer. World J. Urol. 
32:335–339, 2014. 

147. Braeckman, J., P. Autier, C. Garbar, M. P. Marichal, C. Soviany, R. Nir, D. Nir, D. Michielsen, H. 
Bleiberg, L. Egevad, and M. Emberton. Computer-aided ultrasonography (HistoScanning): a 
novel technology for locating and characterizing prostate cancer. BJU Int. 101:293–298, 2008. 

148. Braeckman, J., P. Autier, C. Soviany, R. Nir, D. Nir, D. Michielsen, K. Treurnicht, M. Jarmulowicz, 
H. Bleiberg, S. Govindaraju, and M. Emberton. The accuracy of transrectal ultrasonography 
supplemented with computer-aided ultrasonography for detecting small prostate cancers. 
BJU Int. 102:1560–1565, 2008. 

149. Kuru, T. H., J. J. Fütterer, J. Schiffmann, D. Porres, G. Salomon, and A. R. Rastinehad. 
Transrectal Ultrasound (US), Contrast-enhanced US, Real-time Elastography, HistoScanning, 
Magnetic Resonance Imaging (MRI), and MRI-US Fusion Biopsy in the Diagnosis of Prostate 
Cancer. Eur. Urol. Focus 1:117–126, 2015. 

150. Wysock, J. S., A. Xu, C. Orczyk, and S. S. Taneja. HistoScanningTM to Detect and Characterize 
Prostate Cancer—a Review of Existing Literature. Curr. Urol. Rep. 18:97, 2017. 

151. Javed, S., E. Chadwick, A. A. Edwards, S. Beveridge, R. Laing, S. Bott, C. Eden, and S. Langley. 
Does prostate HistoScanningTM play a role in detecting prostate cancer in routine clinical 
practice? Results from three independent studies. BJU Int. 114:541–548, 2014. 

152. Schiffmann, J., P. Tennstedt, J. Fischer, Z. Tian, B. Beyer, K. Boehm, M. Sun, G. Gandaglia, U. 
Michl, M. Graefen, and G. Salomon. Does HistoScanningTM predict positive results in prostate 
biopsy? A retrospective analysis of 1,188 sextants of the prostate. World J. Urol. 32:925–930, 
2014. 

153. Halpern, E. J., and S. E. Strup. Using Gray-Scale and Color and Power Doppler Sonography to 
Detect Prostatic Cancer. Am. J. Roentgenol. 174:623–627, 2000. 

154. Trabulsi, E. J., D. Sackett, L. G. Gomella, and E. J. Halpern. Enhanced transrectal ultrasound 
modalities in the diagnosis of prostate cancer. Urology 76:1025–1033, 2010. 

155. Halpern, E. J., F. Frauscher, S. E. Strup, L. N. Nazarian, P. O’Kane, and L. G. Gomella. Prostate: 
high-frequency Doppler US imaging for cancer detection. Radiology 225:71–7, 2002. 

156. Sigrist, R. M. S., J. Liau, A. El Kaffas, M. C. Chammas, and J. K. Willmann. Ultrasound 
elastography: review of techniques and clinical applications. Theranostics 7:1303–1329, 2017. 

157. Salomon, G., and J. Schiffmann. Real-time elastography for the detection of prostate cancer. 
Curr. Urol. Rep. 15:1–7, 2014. 

158. Aboumarzouk, O. M., S. Ogston, Z. Huang, A. Evans, A. Melzer, J.-U. Stolzenberg, and G. Nabi. 
Diagnostic accuracy of transrectal elastosonography (TRES) imaging for the diagnosis of 
prostate cancer: a systematic review and meta-analysis. BJU Int. 110:1414–1423, 2012. 

159. Teng, J., M. Chen, Y. Gao, Y. Yao, L. Chen, and D. Xu. Transrectal sonoelastography in the 
detection of prostate cancers: a meta-analysis. BJU Int. 110:E614–E620, 2012. 

160. Zhang, B., X. Ma, W. Zhan, F. Zhu, M. Li, J. Huang, Y. Li, L. Xue, L. Liu, and Y. Wei. Real-Time 
Elastography in the Diagnosis of Patients Suspected of Having Prostate Cancer: A Meta-
analysis. Ultrasound Med. Biol. 40:1400–1407, 2014. 

161. Walz, J., M. Marcy, J. T. Pianna, S. Brunelle, G. Gravis, N. Salem, and F. Bladou. Identification 
of the prostate cancer index lesion by real-time elastography: considerations for focal therapy 
of prostate cancer. World J. Urol. 29:589–594, 2011. 

162. Palmeri, M. L., T. J. Glass, Z. A. Miller, S. J. Rosenzweig, A. Buck, T. J. Polascik, R. T. Gupta, A. 
F. Brown, J. Madden, and K. R. Nightingale. Identifying Clinically Significant Prostate Cancers 



213 

  

using 3-D In Vivo Acoustic Radiation Force Impulse Imaging with Whole-Mount Histology 
Validation. Ultrasound Med. Biol. 42:1251–1262, 2016. 

163. Sang, L., X.-M. Wang, D.-Y. Xu, and Y.-F. Cai. Accuracy of shear wave elastography for the 
diagnosis of prostate cancer: A meta-analysis. Sci. Rep. 7:1949, 2017. 

164. Shoji, S., A. Hashimoto, T. Nakamura, S. Hiraiwa, H. Sato, Y. Sato, T. Tajiri, and A. Miyajima. 
Novel application of three-dimensional shear wave elastography in the detection of clinically 
significant prostate cancer. Biomed. reports 8:373–377, 2018. 

165. Gramiak, R., and P. M. Shah. Echocardiography of the aortic root. Invest. Radiol. 3:356–366, 
1968. 

166. Wink, M. H., H. Wijkstra, J. J. De La Rosette, and C. A. Grimbergen. Ultrasound imaging and 
contrast agents: a safe alternative to MRI? Minim. Invasive Ther. Allied Technol. 15:93–100, 
2006. 

167. Wang, C., C. Yu, F. Yang, and G. Yang. Diagnostic accuracy of contrast-enhanced ultrasound 
for renal cell carcinoma: a meta-analysis. Tumor Biol. 35:6343–6350, 2014. 

168. De Groot, M. C., B. J. van Zwieten-Boot, and A. C. Van Grootheest. [Severe adverse reactions 
after the use of sulphur hexafluoride (SonoVue) as an ultrasonographic contrast agent]. Ned. 
Tijdschr. Geneeskd. 148:1887–1888, 2004. 

169. Haar, G. Safety and bio-effects of ultrasound contrast agents. Med. Biol. Eng. Comput. 
47:893–900, 2009. 

170. Tang, M.-X., H. Mulvana, T. Gauthier, A. K. P. Lim, D. O. Cosgrove, R. J. Eckersley, and E. Stride. 
Quantitative contrast-enhanced ultrasound imaging: a review of sources of variability. 
Interface Focus 1:520–539, 2011. 

171. Wink, M., F. Frauscher, D. Cosgrove, J.-Y. Chapelon, L. Palwein, M. Mitterberger, C. Harvey, O. 
Rouvière, J. de la Rosette, and H. Wijkstra. Contrast-Enhanced Ultrasound and Prostate 
Cancer; A Multicentre European Research Coordination Project. Eur. Urol. 54:982–993, 2008. 

172. Wei, K., A. R. Jayaweera, S. Firoozan, A. Linka, D. M. Skyba, and S. Kaul. Quantification of 
Myocardial Blood Flow With Ultrasound-Induced Destruction of Microbubbles Administered 
as a Constant Venous Infusion. Circ.  97:473–483, 1998. 

173. Li, Y., J. Tang, X. Fei, and Y. Gao. Diagnostic Performance of Contrast Enhanced Ultrasound in 
Patients with Prostate Cancer: A Meta-Analysis. Acad. Radiol. 20:156–164, 2013. 

174. Xu, S., J. Kruecker, B. Turkbey, N. Glossop, A. K. Singh, P. Choyke, P. Pinto, and B. J. Wood. 
Real-time MRI-TRUS fusion for guidance of targeted prostate biopsies. Comput. Aided Surg. 
13:255–264, 2008. 

175. Durmus, T., C. Stephan, M. Grigoryev, G. Diederichs, M. Saleh, T. Slowinski, A. Maxeiner, A. 
Thomas, and T. Fischer. [Detection of prostate cancer by real-time MR/ultrasound fusion-
guided biopsy: 3T MRI and state of the art sonography]. RoFo Fortschritte auf dem Gebiete der 
Rontgenstrahlen und der Nukl. 185:428–433, 2013. 

176. Schalk, S. G., L. Demi, M. Smeenge, D. M. Mills, K. D. Wallace, J. J. M. C. H. De Rosette, H. 
Wijkstra, M. Mischi, and S. Member. 4-D Spatiotemporal Analysis of Ultrasound Contrast 
Agent Dispersion for Prostate Cancer Localization : A Feasibility Study. IEEE Trans. Ultrason. 
Ferroelectr. Freq. Control 62:839–851, 2015. 

177. Qi, T., Y. Chen, Y. Zhu, J. Jiang, L. Wang, and J. Qi. Contrast-enhanced transrectal 
ultrasonography for detection and localization of prostate index tumor: correlation with radical 
prostatectomy findings. Urology 84:138–143, 2014. 

178. Tang, J., J.-C. Yang, Y. Luo, J. Li, Y. Li, and H. Shi. Enhancement characteristics of benign and 
malignant focal peripheral nodules in the peripheral zone of the prostate gland studied using 
contrast-enhanced transrectal ultrasound. Clin. Radiol. 63:1086–1091, 2008. 

179. Goossen, T. E. B., J. J. M. C. H. De La Rosette, C. a Hulsbergen-van De Kaa, G. J. L. H. Van 
Leenders, and H. Wijkstra. The value of dynamic contrast enhanced power Doppler ultrasound 



214 

  

imaging in the localization of prostate cancer. Eur. Urol. 43:124–131, 2003. 

180. Postema, A. W., P. J. A. Frinking, M. Smeenge, T. M. De Reijke, J. J. De la Rosette, F. Tranquart, 
and H. Wijkstra. Dynamic contrast-enhanced ultrasound parametric imaging for the detection 
of prostate cancer. BJU Int. 117:598–603, 2015. 

181. Elie, N., A. Kaliski, P. Péronneau, P. Opolon, A. Roche, and N. Lassau. Methodology for 
quantifying interactions between perfusion evaluated by DCE-US and hypoxia throughout 
tumor growth. Ultrasound Med. Biol. 33:549–560, 2007. 

182. Delorme, S., and M. V Knopp. Non-invasive vascular imaging: assessing tumour vascularity. 
Eur. Radiol. 8:517–527, 1998. 

183. Russo, F., D. Regge, E. Armando, V. Giannini, A. Vignati, S. Mazzetti, M. Manfredi, E. Bollito, L. 
Correale, and F. Porpiglia. Detection of prostate cancer index lesions with multiparametric 
magnetic resonance imaging (mp-MRI) using whole-mount histological sections as the 
reference standard. BJU Int. 118:84–94, 2016. 

184. Kuenen, M. P. J., M. Mischi, and H. Wijkstra. Contrast-ultrasound diffusion imaging for 
localization of prostate cancer. IEEE Trans Med Imaging 30:1493–1502, 2011. 

185. Schalk, S. G., L. Demi, N. Bouhouch, M. P. J. Kuenen, A. W. Postema, J. J. M. C. H. de la Rosette, 
H. Wijkstra, T. J. Tjalkens, and M. Mischi. Contrast-Enhanced Ultrasound Angiogenesis 
Imaging by Mutual Information Analysis for Prostate Cancer Localization. IEEE Trans. Biomed. 
Eng. 64:661–670, 2017. 

186. Kuenen, M. P. J., T. A. Saidov, H. Wijkstra, and M. Mischi. Contrast-Ultrasound Dispersion 
Imaging for Prostate Cancer Localization by Improved Spatiotemporal Similarity Analysis. 
Ultrasound Med. Biol. 39:1631–1641, 2013. 

187. van Sloun, R. J. G., L. Demi, A. W. Postema, J. J. De La Rosette, H. Wijkstra, and M. Mischi. 
Entropy of ultrasound-contrast-agent velocity fields for angiogenesis imaging in prostate 
cancer. IEEE Trans. Med. Imaging 36:826–837, 2017. 

188. Schalk, S. G., J. Huang, J. Li, L. Demi, H. Wijkstra, P. Huang, and M. Mischi. 3-D Quantitative 
Dynamic Contrast Ultrasound for Prostate Cancer Localization. Ultrasound Med. Biol. 44:807–
814, 2018. 

189. van Rooij, T., V. Daeichin, I. Skachkov, N. de Jong, and K. Kooiman. Targeted ultrasound 
contrast agents for ultrasound molecular imaging and therapy. Int. J. Hyperth. 21:90–106, 
2015. 

190. Willmann, J. K., R. Paulmurugan, K. Chen, O. Gheysens, M. Rodriguez-Porcel, A. M. Lutz, I. Y. 
Chen, X. Chen, and S. S. Gambhir. US imaging of tumor angiogenesis with microbubbles 
targeted to vascular endothelial growth factor receptor type 2 in mice 1. Radiology 246:508–
518, 2008. 

191. Lyshchik, A., A. C. Fleischer, J. Huamani, D. E. Hallahan, M. Brissova, and J. C. Gore. Molecular 
imaging of vascular endothelial growth factor receptor 2 expression using targeted contrast-
enhanced high-frequency ultrasonography. J. Ultrasound Med. 26:1575–1586, 2007. 

192. Wei, S., N. Fu, Y. Sun, Z. Yang, L. Lei, P. Huang, and B. Yang. Targeted Contrast-Enhanced 
Ultrasound Imaging of Angiogenesis in an Orthotopic Mouse Tumor Model of Renal 
Carcinoma. Ultrasound Med. Biol. 40:1250–1259, 2014. 

193. Pysz, M. A., I. Guracar, L. Tian, and J. K. Willmann. Fast microbubble dwell-time based 
ultrasonic molecular imaging approach for quantification and monitoring of angiogenesis in 
cancer. Quant. Imaging Med. Surg. 2:68–80, 2012. 

194. Turco, S., P. J. A. Frinking, H. Wijkstra, and M. Mischi. Quantification of the binding kinetics of 
targeted ultrasound contrast agent for molecular imaging of cancer angiogenesis. 
Proceedings of the IEEE International Ultrasonics Symposium, 2015. 

195. Pillai, R., E. R. Marinelli, H. Fan, P. Nanjappan, B. Song, M. A. Von Wronski, S. Cherkaoui, I. Tardy, 
S. Pochon, and M. Schneider. A Phospholipid-PEG2000 Conjugate of a Vascular Endothelial 



215 

  

Growth Factor Receptor 2 (VEGFR2)-Targeting Heterodimer Peptide for Contrast-Enhanced 
Ultrasound Imaging of Angiogenesis. Bioconjug. Chem. 21:556–562, 2010. 

196. Wijkstra, H., M. Smeenge, J. de la Rosette, S. Pochon, I. Tardy-Cantalupi, and F. Tranquart. 
Targeted microbubble prostate cancer imaging with BR55. Proceedings of the 17th European 
Symposium on Ultrasound Contrast Imaging, 2012. 

197. Wijkstra, H. Exploratory Clinical Trial Using BR55 Targeted Ultrasound Contrast Agent in the 
Detection of Prostate Cancer by Molecular Imaging of VEGFR2. ClinicalTrials.gov, 2013. 

198. Smeenge, M., F. Tranquart, C. K. Mannaerts, T. M. de Reijke, M. J. van de Vijver, M. P. Laguna, 
S. Pochon, J. J. de la Rosette, and H. Wijkstra. First-in-human ultrasound molecular imaging 
with a VEGFR2-specific ultrasound molecular contrast agent (BR55) in prostate cancer: a 
safety and feasibility pilot study. Invest. Radiol. 52:419–427, 2017. 

199. Grey, A., and H. U. Ahmed. Multiparametric ultrasound in the diagnosis of prostate cancer. 
Curr. Opin. Urol. 26:114–119, 2016. 

200. Matsumoto, K., K. Nakagawa, A. Hashiguchi, H. Kono, E. Kikuchi, H. Nagata, A. Miyajima, and 
M. Oya. Contrast-enhanced ultrasonography of the prostate with Sonazoid. Jpn. J. Clin. Oncol. 
40:1099–1104, 2010. 

201. Brock, M., T. Eggert, R. J. Palisaar, F. Roghmann, K. Braun, B. Löppenberg, F. Sommerer, J. 
Noldus, and C. von Bodman. Multiparametric ultrasound of the prostate: adding contrast 
enhanced ultrasound to real-time elastography to detect histopathologically confirmed 
cancer. J. Urol. 189:93–98, 2013. 

202. Aigner, F., G. Schäfer, E. Steiner, W. Jaschke, W. Horninger, T. W. Herrmann, U. Nagele, E. 
Halpern, and F. Frauscher. Value of enhanced transrectal ultrasound targeted biopsy for 
prostate cancer diagnosis: a retrospective data analysis. World J. Urol. 30:341–346, 2012. 

203. Fulgham, P. F. Multiparametric ultrasound-targeted biopsy compares favorably to 
multiparametric MRI-transrectal ultrasound fusion-targeted biopsy on initial biopsy of men at 
risk for prostate cancer. World J. Urol. 36:713–718, 2018. 

204. Xie, S. W., H. L. Li, J. Du, J. G. Xia, Y. F. Guo, M. Xin, and F. H. Li. Contrast-enhanced 
ultrasonography with contrast-tuned imaging technology for the detection of prostate cancer: 
comparison with conventional ultrasonography. BJU Int. 109:1620–1626, 2012. 

205. Nelson, E. D., C. B. Slotoroff, L. G. Gomella, and E. J. Halpern. Targeted Biopsy of the Prostate: 
The Impact of Color Doppler Imaging and Elastography on Prostate Cancer Detection and 
Gleason Score. Urology 70:1136–1140, 2007. 

206. Grey, A., R. Scott, S. Charman, J. van der Meulen, P. Frinking, P. Acher, S. Liyanage, S. Madaan, 
G. Constantinescu, B. Shah, C. B. Graves, A. Freeman, C. Jameson, N. Ramachandran, M. 
Emberton, M. Arya, and H. U. Ahmed. The CADMUS trial – Multi-parametric ultrasound 
targeted biopsies compared to multi-parametric MRI targeted biopsies in the diagnosis of 
clinically significant prostate cancer. Contemp. Clin. Trials 66:86–92, 2018. 

207. Hricak, H., P. L. Choyke, S. C. Eberhardt, S. A. Leibel, and P. T. Scardino. Imaging prostate 
cancer: a multidisciplinary perspective. Radiology 243:28–53, 2007. 

208. Eiber, M., W. P. Fendler, S. P. Rowe, J. Calais, M. S. Hofman, T. Maurer, S. M. Schwarzenboeck, 
C. Kratowchil, K. Herrmann, and F. L. Giesel. Prostate-specific membrane antigen ligands for 
imaging and therapy. J Nucl Med 58:67S–76S, 2017. 

209. Jadvar, H. Prostate cancer: PET with 18F-FDG, 18F-or 11C-acetate, and 18F-or 11C-choline. 
J. Nucl. Med. Off. Publ. Soc. Nucl. Med. 52:81–89, 2011. 

210. Hofman, M. S., R. J. Hicks, T. Maurer, and M. Eiber. Prostate-specific Membrane Antigen PET: 
Clinical Utility in Prostate Cancer, Normal Patterns, Pearls, and Pitfalls. RadioGraphics 38:200–
217, 2017. 

211. Ghosh, A., and W. D. W. Heston. Tumor target prostate specific membrane antigen (PSMA) 
and its regulation in prostate cancer. J. Cell. Biochem. 91:528–539, 2004. 



216 

  

212. Perera, M., N. Papa, D. Christidis, D. Wetherell, M. S. Hofman, D. G. Murphy, D. Bolton, and N. 
Lawrentschuk. Sensitivity, Specificity, and Predictors of Positive 68Ga–Prostate-specific 
Membrane Antigen Positron Emission Tomography in Advanced Prostate Cancer: A 
Systematic Review and Meta-analysis. Eur. Urol. 70:926–937, 2016. 

213. Haberkorn, U., M. Eder, K. Kopka, J. W. Babich, and M. Eisenhut. New Strategies in Prostate 
Cancer: Prostate-Specific Membrane Antigen (PSMA) Ligands for Diagnosis and Therapy. 
Clin. Cancer Res. 22:9–15, 2016. 

214. Ristau, B. T., D. S. O’Keefe, and D. J. Bacich. The prostate-specific membrane antigen: lessons 
and current clinical implications from 20 years of research. Urol. Oncol. 32:272–279, 2014. 

215. Cooperberg, M. R. Active surveillance for low-risk prostate cancer—an evolving international 
standard of care. JAMA Oncol. 3:1398–1399, 2017. 

216. Herden, J., and L. Weissbach. Utilization of Active Surveillance and Watchful Waiting for 
localized prostate cancer in the daily practice. World J. Urol. 36:383–391, 2018. 

217. Loeb, S., Q. Zhou, U. Siebert, U. Rochau, B. Jahn, N. Mühlberger, H. B. Carter, H. Lepor, and R. 
S. Braithwaite. Active Surveillance Versus Watchful Waiting for Localized Prostate Cancer: A 
Model to Inform Decisions. Eur. Urol. 72:899–907, 2017. 

218. Filippou, P., C. J. Welty, J. E. Cowan, N. Perez, K. Shinohara, and P. R. Carroll. Immediate versus 
delayed radical prostatectomy: updated outcomes following active surveillance of prostate 
cancer. Eur. Urol. 68:458–463, 2015. 

219. Tosoian, J. J., H. B. Carter, A. Lepor, and S. Loeb. Active surveillance for prostate cancer: 
current evidence and contemporary state of practice. Nat. Rev. Urol. 13:205–215, 2016. 

220. Lao, C., R. Edlin, P. Rouse, C. Brown, M. Holmes, P. Gilling, and R. Lawrenson. The cost-
effectiveness of active surveillance compared to watchful waiting and radical prostatectomy 
for low risk localised prostate cancer. BMC Cancer 17:529, 2017. 

221. Matthew, A. G., O. Raz, K. L. Currie, A. S. Louis, H. Jiang, T. Davidson, N. E. Fleshner, A. Finelli, 
and J. Trachtenberg. Psychological distress and lifestyle disruption in low-risk prostate cancer 
patients: Comparison between active surveillance and radical prostatectomy. J. Psychosoc. 
Oncol. 36:159–174, 2018. 

222. Young, H. H. The Early Diagnosis and Radical Cure of Carcinoma of the Prostate.: Being a Study 
of 40 Cases and Presentation of a Radical Operation which was Carried Out in Four Cases. J. 
Urol. 168:914–921, 2002. 

223. Bill-Axelson, A., L. Holmberg, H. Garmo, J. R. Rider, K. Taari, C. Busch, S. Nordling, M. Häggman, 
S.-O. Andersson, A. Spångberg, O. Andrén, J. Palmgren, G. Steineck, H.-O. Adami, and J.-E. 
Johansson. Radical Prostatectomy or Watchful Waiting in Early Prostate Cancer. N. Engl. J. 
Med. 370:932–942, 2014. 

224. Bill-Axelson, A., L. Holmberg, H. Garmo, K. Taari, C. Busch, S. Nordling, M. Häggman, S.-O. 
Andersson, O. Andrén, G. Steineck, H.-O. Adami, and J.-E. Johansson. Radical Prostatectomy 
or Watchful Waiting in Prostate Cancer — 29-Year Follow-up. N. Engl. J. Med. 379:2319–2329, 
2018. 

225. Bostwick, D. G., and R. Montironi. Evaluating radical prostatectomy specimens: therapeutic 
and prognostic importance. Virchows Arch. 430:1–16, 1997. 

226. Ohori, M., M. Kattan, P. T. Scardino, and T. M. Wheeler. Radical prostatectomy for carcinoma 
of the prostate. Mod. Pathol. 17:349–359, 2004. 

227. Haglind, E., S. Carlsson, J. Stranne, A. Wallerstedt, U. Wilderäng, T. Thorsteinsdottir, M. 
Lagerkvist, J.-E. Damber, A. Bjartell, J. Hugosson, P. Wiklund, and G. Steineck. Urinary 
Incontinence and Erectile Dysfunction After Robotic Versus Open Radical Prostatectomy: A 
Prospective, Controlled, Nonrandomised Trial. Eur. Urol. 68:216–225, 2015. 

228. Tooher, R., P. Swindle, H. Woo, J. Miller, and G. Maddern. Laparoscopic Radical Prostatectomy 
for Localized Prostate Cancer: A Systematic Review of Comparative Studies. J. Urol. 



217 

  

175:2011–2017, 2006. 

229. Michl, U., P. Tennstedt, L. Feldmeier, P. Mandel, S. J. Oh, S. Ahyai, L. Budäus, F. K. H. Chun, A. 
Haese, H. Heinzer, G. Salomon, T. Schlomm, T. Steuber, H. Huland, M. Graefen, and D. Tilki. 
Nerve-sparing Surgery Technique, Not the Preservation of the Neurovascular Bundles, Leads 
to Improved Long-term Continence Rates After Radical Prostatectomy. Eur. Urol. 69:584–589, 
2016. 

230. Zaorsky, N. G., T. N. Showalter, G. A. Ezzell, P. L. Nguyen, D. G. Assimos, A. V D’Amico, A. R. 
Gottschalk, G. S. Gustafson, S. R. Keole, S. L. Liauw, S. Lloyd, P. W. McLaughlin, B. Movsas, B. 
R. Prestidge, A. V Taira, N. Vapiwala, and B. J. Davis. ACR Appropriateness Criteria external 
beam radiation therapy treatment planning for clinically localized prostate cancer, part I of II. 
Adv. Radiat. Oncol. 2:62–84, 2016. 

231. Zaorsky, N. G., T. N. Showalter, G. A. Ezzell, P. L. Nguyen, D. G. Assimos, A. V D’Amico, A. R. 
Gottschalk, G. S. Gustafson, S. R. Keole, S. L. Liauw, S. Lloyd, P. W. McLaughlin, B. Movsas, B. 
R. Prestidge, A. V Taira, N. Vapiwala, and B. J. Davis. ACR Appropriateness Criteria for external 
beam radiation therapy treatment planning for clinically localized prostate cancer, part II of II. 
Adv. Radiat. Oncol. 2:437–454, 2017. 

232. Ash, D., A. Flynn, J. Battermann, T. de Reijke, P. Lavagnini, and L. Blank. ESTRO/EAU/EORTC 
recommendations on permanent seed implantation for localized prostate cancer. Radiother. 
Oncol. 57:315–321, 2000. 

233. Frank, S. J., V. E. Arterbery, I.-C. J. Hsu, M. Abdel-Wahab, J. P. Ciezki, N. M. Hahn, J. L. Mohler, 
B. J. Moran, S. A. Rosenthal, C. J. Rossi, Y. Yamada, and G. Merrick. American College of 
Radiology Appropriateness Criteria permanent source brachytherapy for prostate cancer. 
Brachytherapy 10:357–362, 2011. 

234. Cornford, P., J. Bellmunt, M. Bolla, E. Briers, M. De Santis, T. Gross, A. M. Henry, S. Joniau, T. B. 
Lam, M. D. Mason, H. G. van der Poel, T. H. van der Kwast, O. Rouvière, T. Wiegel, and N. Mottet. 
EAU-ESTRO-SIOG Guidelines on Prostate Cancer. Part II: Treatment of Relapsing, Metastatic, 
and Castration-Resistant Prostate Cancer. Eur. Urol. 71:630–642, 2017. 

235. Polascik, T. J., and V. Mouraviev. Focal therapy for prostate cancer. Curr. Opin. Urol. 18:269–
274, 2008. 

236. van den Bos, W., B. G. Muller, H. Ahmed, C. H. Bangma, E. Barret, S. Crouzet, S. E. Eggener, I. S. 
Gill, S. Joniau, G. Kovacs, S. Pahernik, J. J. de la Rosette, O. Rouvière, G. Salomon, J. F. Ward, 
and P. T. Scardino. Focal Therapy in Prostate Cancer: International Multidisciplinary 
Consensus on Trial Design. Eur. Urol. 65:1078–1083, 2014. 

237. De la Rosette, J., H. Ahmed, J. Barentsz, T. B. Johansen, M. Brausi, M. Emberton, F. Frauscher, 
D. Greene, M. Harisinghani, and K. Haustermans. Focal therapy in prostate cancer—report 
from a consensus panel. J. Endourol. 24:775–780, 2010. 

238. Valerio, M., Y. Cerantola, S. E. Eggener, H. Lepor, T. J. Polascik, A. Villers, and M. Emberton. 
New and Established Technology in Focal Ablation of the Prostate: A Systematic Review. Eur. 
Urol. 71:17–34, 2017. 

239. Ahmed, H. U., C. Moore, and M. Emberton. Minimally-invasive technologies in uro-oncology: 
The role of cryotherapy, HIFU and photodynamic therapy in whole gland and focal therapy of 
localised prostate cancer. Surg. Oncol. 18:219–232, 2009. 

240. Chen, W., N. T. Sanghvi, R. Carlson, and T. Uchida. Real-Time Tissue Change Monitoring on the 
Sonablate® 500 during High Intensity Focused Ultrasound (HIFU) Treatment of Prostate 
Cancer. AIP Conference Proceedings, 2011. 

241. Sedelaar, J. P. M., R. G. Aarnink, G. J. L. H. van Leenders, H. P. Beerlage, F. M. J. Debruyne, H. 
Wijkstra, and J. de la Rosette. The Application of Three–Dimensional Contrast–Enhanced 
Ultrasound to Measure Volume of Affected Tissue after HIFU Treatment for Localized Prostate 
Cancer. Eur. Urol. 37:559–568, 2000. 

242. Hyung, S. C., S. Yan, H. Sheng-Wen, K. Kang, and O. Matthew. Thermal strain imaging: a review. 
Interface Focus 1:649–664, 2011. 



218 

  

243. Curiel, L., R. Souchon, O. Rouviere, A. Gelet, and J. Y. Chapelon. Elastography for the follow-up 
of high-intensity focused ultrasound prostate cancer treatment: initial comparison with MRI. 
Ultrasound Med Biol 31:1461–1468, 2005. 

244. Ismail, M., S. Ahmed, C. Kastner, and J. Davies. Salvage cryotherapy for recurrent prostate 
cancer after radiation failure: A prospective case series of the first 100 patients. BJU Int. 
100:760–764, 2007. 

245. Fahey, J. M., and A. W. Girotti. Accelerated migration and invasion of prostate cancer cells after 
a photodynamic therapy-like challenge: Role of nitric oxide. Nitric Oxide 49:47–55, 2015. 

246. Zamboglou, N., N. Tselis, D. Baltas, T. Buhleier, T. Martin, N. Milickovic, S. Papaioannou, H. 
Ackermann, and U. W. Tunn. High-dose-rate interstitial brachytherapy as monotherapy for 
clinically localized prostate cancer: Treatment evolution and mature results. Int. J. Radiat. 
Oncol. Biol. Phys. 85:672–678, 2013. 

247. Hoskin, P. J., A. M. Rojas, P. J. Bownes, G. J. Lowe, P. J. Ostler, and L. Bryant. Randomised trial 
of external beam radiotherapy alone or combined with high-dose-rate brachytherapy boost 
for localised prostate cancer. Radiother. Oncol. 103:217–222, 2012. 

248. Atri, M., M. R. Gertner, M. A. Haider, R. A. Weersink, and J. Trachtenberg. Contrast-enhanced 
ultrasonography for real-time monitoring of interstitial laser thermal therapy in the focal 
treatment of prostate cancer. Can. Urol. Assoc. J. 3:125–130, 2009. 

249. van den Bos, W., D. M. Bruin, A. Randen, M. R. W. Engelbrecht, A. W. Postema, B. G. Muller, I. 
M. Varkarakis, A. Skolarikos, C. D. Savci-Heijink, R. R. Jurhill, P. J. Zondervan, M. P. Laguna 
Pes, H. Wijkstra, T. M. Reijke, and J. J. M. C. H. Rosette. MRI and contrast-enhanced ultrasound 
imaging for evaluation of focal irreversible electroporation treatment: results from a phase I-II 
study in patients undergoing IRE followed by radical prostatectomy. Eur. Radiol. 26:2252–
2260, 2016. 

250. Valerio, M., P. D. Stricker, H. U. Ahmed, L. Dickinson, L. Ponsky, R. Shnier, C. Allen, and M. 
Emberton. Initial assessment of safety and clinical feasibility of irreversible electroporation in 
the focal treatment of prostate cancer. Prostate Cancer Prostatic Dis. 17:343–347, 2014. 

251. Even, A. J. G., D. De Ruysscher, and W. van Elmpt. The promise of multiparametric imaging in 
oncology: how do we move forward? Eur. J. Nucl. Med. Mol. Imaging 43:1195–1198, 2016. 

252. Padhani, A. R., and K. A. Miles. Multiparametric imaging of tumor response to therapy. 
Radiology 256:348–364, 2010. 

253. Yankeelov, T. E., R. G. Abramson, and C. C. Quarles. Quantitative multimodality imaging in 
cancer research and therapy. Nat. Rev. Clin. Oncol. 11:670–680, 2014. 

254. Martí-Bonmatí, L., R. Sopena, P. Bartumeus, and P. Sopena. Multimodality imaging techniques. 
Contrast Media Mol. Imaging 5:180–189, 2010. 

255. Gillies, R. J., P. E. Kinahan, and H. Hricak. Radiomics: Images Are More than Pictures, They Are 
Data. Radiology 278:563–577, 2015. 

256. Turco, S., H. Wijkstra, and M. Mischi. Mathematical models of contrast transport kinetics for 
cancer diagnostic imaging: a review. IEEE Rev. Biomed. Eng. 9:121–147, 2016. 

257. Rosenkrantz, A. B., S. Kim, R. P. Lim, N. Hindman, F.-M. Deng, J. S. Babb, and S. S. Taneja. 
Prostate Cancer Localization Using Multiparametric MR Imaging: Comparison of Prostate 
Imaging Reporting and Data System (PI-RADS) and Likert Scales. Radiology 269:482–492, 
2013. 

258. Likert, R. A technique for the measurement of attitudes. Arch. Psychol. 22:140, 1932. 

259. Huang, Q., F. Zhang, and X. Li. Machine Learning in Ultrasound Computer-Aided Diagnostic 
Systems: A Survey. Biomed Res. Int. 1-10, 2018. 

260. Kohavi, R. A study of cross-validation and bootstrap for accuracy estimation and model 
selection. Proc. 14th Int. Jt. Conf. Artif. Intell. 1137–1143, 1995. 



219 

  

261. Arlot, S., and A. Celisse. A survey of cross-validation procedures for model selection. Stat. Surv. 
4:40–79, 2010. 

262. Altman, N. S. An Introduction to Kernel and Nearest-Neighbor Nonparametric Regression. Am. 
Stat. 46:175–185, 1992. 

263. Paalanen, P., J.-K. Kamarainen, J. Ilonen, and H. Kälviäinen. Feature representation and 
discrimination based on Gaussian mixture model probability densities—Practices and 
algorithms. Pattern Recognit. 39:1346–1358, 2006. 

264. McLachlan, G. Discriminant analysis and statistical pattern recognition. John Wiley & Sons, 
1992. 

265. Cortes, C., and V. Vapnik. Support-vector networks. Mach. Learn. 20:273–297, 1995. 

266. Steinwart, I., and A. Christmann. Support vector machines. Springer Science & Business Media, 
2008. 

267. Breiman, L. Classification and regression trees. New York: Routledge, 1984. 

268. Geurts, P., A. Irrthum, and L. Wehenkel. Supervised learning with decision tree-based methods 
in computational and systems biology. Mol. Biosyst. 5:1593–1605, 2009. 

269. Breiman, L. Bagging predictors. Mach. Learn. 24:123–140, 1996. 

270. Ho, T. K. Random decision forests. Doc. Anal. recognition, 1995., Proc. third Int. Conf. 1:278–
282, 1995. 

271. Cybenko, G. Approximation by superpositions of a sigmoidal function. Math. Control. Signals 
Syst. 2:303–314, 1989. 

272. Hornik, K. Approximation capabilities of multilayer feedforward networks. Neural Networks 
4:251–257, 1991. 

273. Schmidhuber, J. Deep learning in neural networks: An overview. Neural networks 61:85–117, 
2015. 

274. Goodfellow, I., Y. Bengio, and A. Courville. Deep Learning. Cambridge, MA: MIT Press, 2017. 

275. Litjens, G., T. Kooi, B. E. Bejnordi, A. A. A. Setio, F. Ciompi, M. Ghafoorian, J. A. W. M. van der 
Laak, B. van Ginneken, and C. I. Sánchez. A survey on deep learning in medical image analysis. 
Med. Image Anal. 42:60–88, 2017. 

276. Ching, T., D. S. Himmelstein, B. K. Beaulieu-Jones, A. A. Kalinin, B. T. Do, G. P. Way, E. Ferrero, 
P.-M. Agapow, M. Zietz, and M. M. Hoffman. Opportunities and obstacles for deep learning in 
biology and medicine. J. R. Soc. Interface 15:20170387, 2018. 

277. Tajbakhsh, N., J. Y. Shin, S. R. Gurudu, R. T. Hurst, C. B. Kendall, M. B. Gotway, and J. Liang. 
Convolutional neural networks for medical image analysis: Full training or fine tuning? IEEE 
Trans. Med. Imaging 35:1299–1312, 2016. 

278. Ronneberger, O., P. Fischer, and T. Brox. U-net: Convolutional networks for biomedical image 
segmentation. Int. Conf. Med. image Comput. Comput. Interv. 18:234–241, 2015. 

279. Goodfellow, I., J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley, S. Ozair, A. Courville, and Y. 
Bengio. Generative adversarial nets. Adv. Neural Inf. Process. Syst. 27:2672–2680, 2014. 

280. American Cancer Society. Cancer Facts and Figures 2015. Am. Cancer Soc., 2015. 

281. American Cancer Society. Global Cancer Facts & Figures 3rd Edition. Am. Cancer Soc. 2012:1–
64, 2012. 

282. Orczyk, C., M. Emberton, and H. U. Ahmed. What tumours should we treat with focal therapy 
based on risk category, grade, size and location? Curr. Opin. Urol. 25:, 2015. 

283. Montironi, R., T. van der Kwast, L. Boccon-Gibod, A. V Bono, and L. Boccon-Gibod. Handling 
and Pathology Reporting of Radical Prostatectomy Specimens. Eur. Urol. 44:626–636, 2003. 



220 

  

284. Buhmeida, A., S. Pyrhönen, M. Laato, and Y. Collan. Prognostic factors in prostate cancer. 
Diagn. Pathol. 1:1–15, 2006. 

285. Montironi, R., R. Mazzucchelli, and T. van der Kwast. Morphological assessment of radical 
prostatectomy specimens. A protocol with clinical relevance. Virchows Arch. 442:211–217, 
2003. 

286. Hughes, C., O. Rouviere, F. Mege-Lechevallier, R. Souchon, and R. Prost. Robust alignment of 
prostate histology slices with quantified accuracy. Biomed. Eng. IEEE Trans. 60:281–291, 
2013. 

287. Schalk, S. G., A. Postema, T. A. Saidov, L. Demi, M. Smeenge, J. J. M. C. H. de la Rosette, H. 
Wijkstra, and M. Mischi. 3D surface-based registration of ultrasound and histology in prostate 
cancer imaging. Comput. Med. Imaging Graph. 47:29–39, 2016. 

288. Chen, L. H., H. Ho, R. Lazaro, C. H. Thng, J. Yuen, W. S. Ng, and C. Cheng. Optimum slicing of 
radical prostatectomy specimens for correlation between histopathology and medical images. 
Int. J. Comput. Assist. Radiol. Surg. 5:471–487, 2010. 

289. Heijmink, S. W., T. W. J. Scheenen, E. N. J. T. van Lin, A. G. Visser, L. A. L. M. Kiemeney, J. A. 
Witjes, and J. O. Barentsz. Changes in prostate shape and volume and their implications for 
radiotherapy after introduction of endorectal balloon as determined by MRI at 3T. Int. J. Radiat. 
Oncol. Biol. Phys. 73:1446–1453, 2009. 

290. Groenendaal, G., M. R. Moman, J. G. Korporaal, P. J. van Diest, M. van Vulpen, M. E. P. 
Philippens, and U. A. van der Heide. Validation of functional imaging with pathology for tumor 
delineation in the prostate. Radiother. Oncol. 94:145–150, 2010. 

291. Zhan, Y., Y. Ou, M. Feldman, J. Tomaszeweski, C. Davatzikos, and D. Shen. Registering 
Histologic and MR Images of Prostate for Image-based Cancer Detection. Acad. Radiol. 
14:1367–1381, 2007. 

292. Ward, A. D., C. Crukley, C. A. McKenzie, J. Montreuil, E. Gibson, C. Romagnoli, J. A. Gomez, M. 
Moussa, J. Chin, and G. Bauman. Prostate: registration of digital histopathologic images to in 
vivo MR images acquired by using endorectal receive coil. Radiology 263:856–864, 2012. 

293. Gibson, E., C. Crukley, M. Gaed, J. A. Gómez, M. Moussa, J. L. Chin, G. S. Bauman, A. Fenster, 
and A. D. Ward. Registration of prostate histology images to ex vivo MR images via strand-
shaped fiducials. J. Magn. Reson. Imaging 36:1402–1412, 2012. 

294. Park, H., M. R. Piert, A. Khan, R. Shah, H. Hussain, J. Siddiqui, T. L. Chenevert, and C. R. Meyer. 
Registration Methodology for Histological Sections and In Vivo Imaging of Human Prostate. 
Acad. Radiol. 15:1027–1039, 2008. 

295. Orczyk, C., H. Rusinek, A. B. Rosenkrantz, A. Mikheev, F.-M. Deng, J. Melamed, and S. S. Taneja. 
Preliminary experience with a novel method of three-dimensional co-registration of prostate 
cancer digital histology and in vivo multiparametric MRI. Clin. Radiol. 68:e652–e658, 2013. 

296. Reynolds, H. M., S. Williams, A. Zhang, R. Chakravorty, D. Rawlinson, C. S. Ong, M. Esteva, C. 
Mitchell, B. Parameswaran, M. Finnegan, G. Liney, and A. Haworth. Development of a 
registration framework to validate MRI with histology for prostate focal therapy. Med. Phys. 
42:7078–7089, 2015. 

297. Nir, G., R. S. Sahebjavaher, P. Kozlowski, S. D. Chang, R. Sinkus, S. L. Goldenberg, and S. E. 
Salcudean. Model-based registration of ex vivo and in vivo MRI of the prostate using 
elastography. IEEE Trans. Med. Imaging 32:1068–1080, 2013. 

298. Shah, V., T. Pohida, B. Turkbey, H. Mani, M. Merino, P. A. Pinto, P. Choyke, and M. Bernardo. A 
method for correlating in vivo prostate magnetic resonance imaging and histopathology using 
individualized magnetic resonance-based molds. Rev. Sci. Instrum. 80:104301, 2009. 

299. Priester, A., S. Natarajan, J. D. Le, J. Garritano, B. Radosavcev, W. Grundfest, D. J. A. Margolis, 
L. S. Marks, and J. Huang. A system for evaluating magnetic resonance imaging of prostate 
cancer using patient-specific 3D printed molds. Am. J. Clin. Exp. Urol. 2:127, 2014. 



221 

  

300. Gibson, E., J. A. Gómez, M. Moussa, C. Crukley, G. Bauman, A. Fenster, and A. D. Ward. 3D 
reconstruction of prostate histology based on quantified tissue cutting and deformation 
parameters. Med. Imaging 2012 Biomed. Appl. Mol. Struct. Funct. Imaging 8317:83170N–7, 
2012. 

301. Egevad, L. Handling of radical prostatectomy specimens. Histopathology 60:118–124, 2012. 

302. Ou, Y., D. Shen, M. Feldman, J. Tomaszewski, and C. Davatzikos. Non-rigid registration 
between histological and MR images of the prostate: A joint segmentation and registration 
framework. IEEE Comput. Soc. Conf. Comput. Vis. Pattern Recognit. 125–132, 2009. 

303. Taylor, L. S., B. C. Porter, G. Nadasdy, P. A. di Sant’Agnese, D. Pasternack, Z. Wu, R. B. Baggs, 
D. J. Rubens, and K. J. Parker. Three-dimensional registration of prostate images from 
histology and ultrasound. Ultrasound Med. Biol. 30:161–168, 2004. 

304. Rojas, K. D., M. L. Montero, J. Yao, E. Messing, A. Fazili, J. Joseph, Y. Ou, D. J. Rubens, K. J. 
Parker, C. Davatzikos, and B. Castaneda. Methodology to study the three-dimensional spatial 
distribution of prostate cancer and their dependence on clinical parameters. J. Med. Imaging 
2:37502, 2015. 

305. Xiao, G., B. N. Bloch, J. Chappelow, E. M. Genega, N. M. Rofsky, R. E. Lenkinski, J. Tomaszewski, 
M. D. Feldman, M. Rosen, and A. Madabhushi. Determining histology-MRI slice 
correspondences for defining MRI-based disease signatures of prostate cancer. Comput. 
Med. Imaging Graph. 35:568–578, 2011. 

306. Yamamoto, H., D. Nir, L. Vyas, R. T. Chang, R. Popert, D. Cahill, B. Challacombe, P. Dasgupta, 
and A. Chandra. A Workflow to Improve the Alignment of Prostate Imaging with Whole-mount 
Histopathology. Acad. Radiol. 21:1009–1019, 2014. 

307. Malone, S. C., A. Haridass, B. Nyiri, J. Croke, C. Malone, R. H. Breau, C. Morash, L. Avruch, M. 
Daneshmand, and K. Malone. Creation of 3-Dimensional Prostate Cancer Maps: Methodology 
and Clinical and Research Implications. Arch. Pathol. Lab. Med. 138:803–808, 2014. 

308. Haffner, J., E. Potiron, S. Bouyé, P. Puech, X. Leroy, L. Lemaitre, and A. Villers. Peripheral zone 
prostate cancers: location and intraprostatic patterns of spread at histopathology. Prostate 
69:276–282, 2009. 

309. Albu, A. B., T. Beugeling, and D. Laurendeau. A morphology-based approach for interslice 
interpolation of anatomical slices from volumetric images. Biomed. Eng. IEEE Trans. 55:2022–
2038, 2008. 

310. Kels, S., and N. Dyn. Reconstruction of 3D objects from 2D cross-sections with the 4-point 
subdivision scheme adapted to sets. Comput. Graph. 35:741–746, 2011. 

311. Ourselin, S., A. Roche, G. Subsol, X. Pennec, and N. Ayache. Reconstructing a 3D structure from 
serial histological sections. Image Vis. Comput. 19:25–31, 2001. 

312. Li, Y., J. Shin, Y. Choi, and J. Kim. Three-dimensional volume reconstruction from slice data 
using phase-field models. Comput. Vis. Image Underst. 137:115–124, 2015. 

313. Werahera, P. N., G. J. Miller, G. D. Taylor, T. Brubaker, F. Daneshgari, and E. D. Crawford. A 3-D 
reconstruction algorithm for interpolation and extrapolation of planar cross sectional data. 
IEEE Trans. Med. Imaging 14:765–771, 1995. 

314. Salarian, M., M. Shahedi, E. Gibson, M. Gaed, J. A. Gómez, M. Moussa, G. S. Bauman, and A. D. 
Ward. Toward quantitative digital histopathology for prostate cancer: comparison of inter-
slide interpolation methods for tumour measurement. SPIE Med. Imaging 2013 Digit. Pathol. 
86760F–6, 2013. 

315. Cool, D., D. Downey, J. Izawa, J. Chin, and A. Fenster. 3D prostate model formation from non-
parallel 2D ultrasound biopsy images. Med. Image Anal. 10:875–887, 2006. 

316. Carr, J. C., R. K. Beatson, J. B. Cherrie, T. J. Mitchell, W. R. Fright, B. C. McCallum, and T. R. 
Evans. Reconstruction and representation of 3D objects with radial basis functions. Proc. 28th 
Annu. Conf. Comput. Graph. Interact. Tech. 67–76, 2001. 



222 

  

317. Chen, M. E., D. A. Johnston, K. Tang, R. J. Babaian, and P. Troncoso. Detailed mapping of 
prostate carcinoma foci. Cancer 89:1800–1809, 2000. 

318. Erbersdobler, A., S. Huhle, J. Palisaar, M. Graefen, P. Hammerer, J. Noldus, and H. Huland. 
Pathological and clinical characteristics of large prostate cancers predominantly located in the 
transition zone. Prostate Cancer Prostatic Dis. 5:279–284, 2002. 

319. Tao, R., M. Tavakoli, R. Sloboda, and N. Usmani. A Comparison of US-Versus MR-Based 3-D 
Prostate Shapes Using Radial Basis Function Interpolation and Statistical Shape Models. IEEE 
J. Biomed. Heal. informatics 19:623–634, 2015. 

320. Dinh, H. Q., G. Turk, and G. Slabaugh. Reconstructing surfaces by volumetric regularization 
using radial basis functions. IEEE Trans. Pattern Anal. Mach. Intell. 24:1358–1371, 2002. 

321. Frimmel, H., L. Egevad, E. Bengtsson, and C. Busch. Modeling prostate cancer distributions. 
Urology 54:1028–1034, 1999. 

322. Kim, K. H., S. K. Lim, T.-Y. Shin, D. R. Kang, W. K. Han, B. H. Chung, K. H. Rha, and S. J. Hong. 
Tumor Volume Adds Prognostic Value in Patients with Organ-Confined Prostate Cancer. Ann. 
Surg. Oncol. 20:3133–3139, 2013. 

323. American Cancer Society. Cancer Facts & Figures 2017. Atlanta: American Cancer Society, 
2017. 

324. Graif, T., S. Loeb, K. A. Roehl, S. N. Gashti, C. Griffin, X. Yu, and W. J. Catalona. Under diagnosis 
and over diagnosis of prostate cancer. J. Urol. 178:88–92, 2007. 

325. Fütterer, J. J., A. Briganti, P. De Visschere, M. Emberton, G. Giannarini, A. Kirkham, S. S. Taneja, 
H. Thoeny, G. Villeirs, and A. Villers. Can Clinically Significant Prostate Cancer Be Detected with 
Multiparametric Magnetic Resonance Imaging? A Systematic Review of the Literature. Eur. 
Urol. 68:1045–1053, 2015. 

326. de Rooij, M., E. H. J. Hamoen, J. J. Fütterer, J. O. Barentsz, and M. M. Rovers. Accuracy of 
multiparametric MRI for prostate cancer detection: a meta-analysis. Am. J. Roentgenol. 
202:343–351, 2014. 

327. Umbehr, M. H., M. Müntener, T. Hany, T. Sulser, and L. M. Bachmann. The Role of 11C-Choline 
and 18F-Fluorocholine Positron Emission Tomography (PET) and PET/CT in Prostate Cancer: 
A Systematic Review and Meta-analysis. Eur. Urol. 64:106–117, 2013. 

328. Samaratunga, H., R. Montironi, L. True, J. I. Epstein, D. F. Griffiths, P. A. Humphrey, T. Van Der 
Kwast, T. M. Wheeler, J. R. Srigley, and B. Delahunt. International Society of Urological 
Pathology (ISUP) consensus conference on handling and staging of radical prostatectomy 
specimens. Working group 1: specimen handling. Mod. Pathol. 24:6, 2011. 

329. Meyer, C., B. Ma, L. P. Kunju, M. Davenport, and M. Piert. Challenges in accurate registration of 
3D medical imaging and histopathology in primary prostate cancer. Eur. J. Nucl. Med. Mol. 
Imaging 40:72–78, 2013. 

330. Huang, Q., and Z. Zeng. A Review on Real-Time 3D Ultrasound Imaging Technology. Biomed 
Res. Int. 6027029–20, 2017. 

331. Egevad, L., F. Algaba, D. M. Berney, L. Boccon-Gibod, D. F. Griffiths, A. Lopez-Beltran, G. Mikuz, 
M. Varma, and R. Montironi. Handling and reporting of radical prostatectomy specimens in 
Europe: a web-based survey by the European Network of Uropathology (ENUP). 
Histopathology 53:333–339, 2008. 

332. Nir, G., R. S. Sahebjavaher, P. Kozlowski, S. D. Chang, E. C. Jones, S. L. Goldenberg, and S. E. 
Salcudean. Registration of whole-mount histology and volumetric imaging of the prostate 
using particle filtering. Med. Imaging, IEEE Trans. 33:1601–1613, 2014. 

333. Orczyk, C., A. Mikheev, A. B. Rosenkrantz, J. Melamed, S. S. Taneja, and H. Rusinek. Imaging of 
prostate cancer: a platform for 3D co-registration of in-vivo MRI ex-vivo MRI and pathology. 
Proc. SPIE - Int. Soc. Opt. Eng. 8316:83162M, 2012. 

334. Porter, B. C., L. Taylor, R. Baggs, A. di Sant’Agnese, G. Nadasdy, D. Pasternack, D. J. Rubens, 



223 

  

and K. J. Parker. Histology and ultrasound fusion of excised prostate tissue using surface 
registration. Proc. IEEE Int. Ultrason. Symp. 2:1473–1476, 2001. 

335. Jonmarker, S., A. Valdman, A. Lindberg, M. Hellström, and L. Egevad. Tissue shrinkage after 
fixation with formalin injection of prostatectomy specimens. Virchows Arch. 449:297–301, 
2006. 

336. Raya, S. P., and J. K. Udupa. Shape-based interpolation of multidimensional objects. IEEE 
Trans. Med. Imaging 9:32–42, 1990. 

337. Hughes, C., O. Rouviere, F. Mege-Lechevallier, R. Souchon, and R. Prost. A novel method for 
3D prostate MR-histology registration using anatomical landmarks. Proc. 20th Eur. Signal 
Process. Conf. 20:2591–2594, 2012. 

338. Xuan, J., I. A. Sesterhenn, W. S. Hayes, Y. J. Wang, T. Adali, Y. Yagi, M. T. Freedman, and S. K. 
Mun. Surface reconstruction and visualization of the surgical prostate model. SPIE Med. 
Imaging Image Disp. 3031:50–61, 1997. 

339. Tutar, I. B., S. D. Pathak, and Y. Kim. 3D prostate shape modeling from sparsely acquired 2D 
images using deformable models. SPIE Med. Imaging Vis. Image-Guided Proced. Disp. 
5367:524–532, 2004. 

340. Hibbard, L. S. Anatomy structure creation and editing using 3D implicit surfaces. Med. Phys. 
39:2649–2658, 2012. 

341. Zhai, L., J. Madden, W.-C. Foo, M. L. Palmeri, V. Mouraviev, T. J. Polascik, and K. R. Nightingale. 
Acoustic Radiation Force Impulse Imaging of Human Prostates Ex Vivo. Ultrasound Med. Biol. 
36:576–588, 2010. 

342. Souchon, R., V. Hervieu, A. Gelet, J. Ophir, and J. Y. Chapelon. Human prostate elastography: 
in vitro study. Proc. IEEE Int. Ultrason. Symp. 2:1251–1253, 2003. 

343. Jo, H. H., J. Jung, Y. Jang, H. Hong, and H. J. Lee. Histopathology and MR image fusion of the 
prostate. Proc. Med. Imaging 691430, 2008. 

344. Kalavagunta, C., X. Zhou, S. C. Schmechel, and G. J. Metzger. Registration of in vivo prostate 
MRI and pseudo-whole mount histology using Local Affine Transformations guided by Internal 
Structures (LATIS). J. Magn. Reson. Imaging 41:1104–1114, 2015. 

345. Guzmán, L., F. Commandeur, O. Acosta, A. Simon, A. Fautrel, N. Rioux-Leclercq, E. Romero, R. 
Mathieu, and R. de Crevoisier. Slice correspondence estimation using SURF descriptors and 
context-based search for prostate whole-mount histology MRI registration. 38th Annu. Int. 
Conf. IEEE Eng. Med. Biol. Soc. 38:1163–1166, 2016. 

346. Commandeur, F., O. Acosta, A. Simon, R. Mathieu, A. Fautrel, K. Gnep, P. Haigron, and R. de 
Crevoisier. Prostate whole-mount histology reconstruction and registration to MRI for 
correlating in-vivo observations with biological findings. 37th Annu. Int. Conf. IEEE Eng. Med. 
Biol. Soc. 2399–2402, 2015. 

347. Mazaheri, Y., L. Bokacheva, D.-J. Kroon, O. Akin, H. Hricak, D. Chamudot, S. Fine, and J. A. 
Koutcher. Semi-automatic deformable registration of prostate MR images to pathological 
slices. J. Magn. Reson. Imaging 32:1149–1157, 2010. 

348. Kybic, J., and M. Unser. Fast parametric elastic image registration. IEEE Trans. Image Process. 
12:1427–1442, 2003. 

349. Bookstein, F. L. Principal warps: Thin-plate splines and the decomposition of deformations. 
IEEE Trans. Pattern Anal. Mach. Intell. 11:567–585, 1989. 

350. Trivedi, H., B. Turkbey, A. R. Rastinehad, C. J. Benjamin, M. Bernardo, T. Pohida, V. Shah, M. J. 
Merino, B. J. Wood, W. M. Linehan, A. M. Venkatesan, P. L. Choyke, and P. A. Pinto. Use of 
Patient-specific MRI-based Prostate Mold for Validation of Multiparametric MRI in 
Localization of Prostate Cancer. Urology 79:233–239, 2012. 

351. Elen, A., S. Isebaert, F. De Keyzer, U. Himmelreich, S. Joniau, L. Tosco, W. Everaerts, T. 
Dresselaers, E. Lerut, R. Oyen, R. Bourne, F. Maes, and K. Haustermans. Validation of an 



224 

  

Improved Patient-Specific Mold Design for Registration of In-vivo MRI and Histology of the 
Prostate. Clin. Image-Based Proced. Transl. Res. Med. Imaging 36–43, 2016. 

352. Bourne, R. M., C. Bailey, E. W. Johnston, H. Pye, S. Heavey, H. Whitaker, B. Siow, A. Freeman, G. 
L. Shaw, A. Sridhar, T. Mertzanidou, D. J. Hawkes, D. C. Alexander, S. Punwani, and E. 
Panagiotaki. Apparatus for Histological Validation of In Vivo and Ex Vivo Magnetic Resonance 
Imaging of the Human Prostate. Front. Oncol. 24:7:47, 2017. 

353. Starobinets, O., R. Guo, J. P. Simko, K. Kuchinsky, J. Kurhanewicz, P. R. Carroll, K. L. Greene, 
and S. M. Noworolski. Semiautomatic registration of digital histopathology images to in vivo 
MR images in molded and unmolded prostates. J. Magn. Reson. Imaging 39:1223–1229, 
2014. 

354. Oliveira, F. P. M., and J. M. R. S. Tavares. Medical image registration: a review. Comput. 
Methods Biomech. Biomed. Engin. 17:73–93, 2014. 

355. Meyer, C. R., J. L. Boes, B. Kim, P. H. Bland, K. R. Zasadny, P. V Kison, K. Koral, K. A. Frey, and 
R. L. Wahl. Demonstration of accuracy and clinical versatility of mutual information for 
automatic multimodality image fusion using affine and thin-plate spline warped geometric 
deformations. Med. Image Anal. 1:195–206, 1997. 

356. Klein, S., M. Staring, K. Murphy, M. A. Viergever, and J. P. W. Pluim. Elastix: A Toolbox for 
Intensity-Based Medical Image Registration. IEEE Trans. Med. Imag. 29:196-205, 2010. 

357. Rueckert, D., L. I. Sonoda, C. Hayes, D. L. G. Hill, M. O. Leach, and D. J. Hawkes. Nonrigid 
registration using free-form deformations: application to breast MR images. IEEE Trans. Med. 
Imaging 18:712–721, 1999. 

358. Chappelow, J., B. N. Bloch, N. Rofsky, E. Genega, R. Lenkinski, W. DeWolf, and A. Madabhushi. 
Elastic registration of multimodal prostate MRI and histology via multiattribute combined 
mutual information. Med. Phys. 38:2005–2018, 2011. 

359. Patel, P., J. Chappelow, J. Tomaszewski, M. D. Feldman, M. Rosen, N. Shih, and A. Madabhushi. 
Spatially weighted mutual information (SWMI) for registration of digitally reconstructed ex vivo 
whole mount histology and in vivo prostate MRI. Annu. Int. Conf. IEEE Eng. Med. Biol. Soc. 
6269–6272, 2011. 

360. Sauvain, J. L., E. Sauvain, R. Papavero, D. Louis, and P. Rohmer. Limiting overdiagnosis of low-
risk prostate cancer through an evaluation of the predictive value of transrectal and power 
Doppler ultrasonography. J. Ultrasound 19:275–280, 2016. 

361. Barr, R. G., D. Cosgrove, M. Brock, V. Cantisani, J. M. Correas, A. W. Postema, G. Salomon, M. 
Tsutsumi, H.-X. Xu, and C. F. Dietrich. WFUMB Guidelines and Recommendations on the 
Clinical Use of Ultrasound Elastography: Part 5. Prostate. Ultrasound Med. Biol. 43:27–48, 
2017. 

362. Cantisani, V., M. Bertolotto, H. P. Weskott, L. Romanini, H. Grazhdani, M. Passamonti, F. M. 
Drudi, F. Malpassini, A. Isidori, F. M. Meloni, F. Calliada, and F. D’Ambrosio. Growing indications 
for CEUS: The kidney, testis, lymph nodes, thyroid, prostate, and small bowel. Eur. J. Radiol. 
84:1675–1684, 2015. 

363. van de Ven, W. J. M., G. J. S. Litjens, J. O. Barentsz, T. Hambrock, and H. J. Huisman. Required 
Accuracy of MR-US Registration for Prostate Biopsies. Prostate Cancer Imaging. Image Anal. 
Image-Guided Interv. 92–99, 2011. 

364. Cornud, F., L. Brolis, N. B. Delongchamps, D. Portalez, B. Malavaud, R. Renard-Penna, and P. 
Mozer. TRUS–MRI image registration: a paradigm shift in the diagnosis of significant prostate 
cancer. Abdom. Imaging 38:1447–1463, 2013. 

365. Yang, X., H. Akbari, L. Halig, and B. Fei. 3D non-rigid registration using surface and local salient 
features for transrectal ultrasound image-guided prostate biopsy. Proc. SPIE - Int. Soc. Opt. 
Eng. 7964:79642V–8, 2011. 

366. Onofrey, J. A., L. H. Staib, S. Sarkar, R. Venkataraman, C. B. Nawaf, P. C. Sprenkle, and X. 
Papademetris. Learning Non-rigid Deformations for Robust, Constrained Point-based 



225 

  

Registration in Image-Guided MR-TRUS Prostate Intervention. Med. Image Anal. 39:29–43, 
2017. 

367. Fei, B., J. L. Duerk, and D. L. Wilson. Automatic 3D Registration for Interventional MRI-Guided 
Treatment of Prostate Cancer. Comput. Aided Surg. 7:257–267, 2002. 

368. Yang, X., A. B. Jani, P. J. Rossi, H. Mao, W. J. Curran, and T. Liu. A MRI-CT prostate registration 
using sparse representation technique. Proc. SPIE - Med. Imaging Image-Guided Proced. 
Robot. Interv. Model. 9786:978627–978628, 2016. 

369. Guo, Y., P. N. Werahera, R. Narayanan, L. Li, D. Kumar, E. D. Crawford, and J. S. Suri. Image 
Registration Accuracy of a 3-Dimensional Transrectal Ultrasound–Guided Prostate Biopsy 
System. J. Ultrasound Med. 28:1561–1568, 2009. 

370. Lu, C., S. Chelikani, X. Papademetris, L. Staib, and J. Duncan. Constrained non-rigid registration 
using Lagrange multipliers for application in prostate radiotherapy. IEEE Comput. Soc. Conf. 
Comput. Vis. Pattern Recognit. 133–138, 2010. 

371. Marami, B., S. Sirouspour, S. Ghoul, J. Cepek, S. R. H. Davidson, D. W. Capson, J. Trachtenberg, 
and A. Fenster. Elastic registration of prostate MR images based on estimation of deformation 
states. Med. Image Anal. 21:87–103, 2015. 

372. Dinkel, J., C. Thieke, C. Plathow, P. Zamecnik, H. Prüm, P. E. Huber, H.-U. Kauczor, H.-P. 
Schlemmer, and C. M. Zechmann. Respiratory-Induced Prostate Motion. Strahlentherapie und 
Onkol. 187:426–432, 2011. 

373. Turkbey, B., and P. L. Choyke. Decade in review - imaging: A decade in image-guided prostate 
biopsy. Nat. Rev. Urol. 11:611–612, 2014. 

374. Tyson, M. D., S. S. Arora, K. R. Scarpato, and D. Barocas. Magnetic resonance-ultrasound 
fusion prostate biopsy in the diagnosis of prostate cancer. Urol. Oncol. Semin. Orig. Investig. 
34:326–332, 2018. 

375. Kuru, T. H., J. Herden, V. Zugor, I. Akbarov, D. Pfister, D. Porres, and A. Heidenreich. How to 
Perform Image-guided Prostate Biopsy: In-bore and Fusion Approaches. Eur. Urol. Focus 
2:151–153, 2016. 

376. Venderink, W., T. M. Govers, M. de Rooij, J. J. Fütterer, and J. P. M. Sedelaar. Cost-effectiveness 
comparison of imaging-guided prostate biopsy techniques: systematic transrectal ultrasound, 
direct in-bore MRI, and image fusion. Am. J. Roentgenol. 208:1058–1063, 2017. 

377. Logan, J. K., S. Rais-Bahrami, B. Turkbey, A. Gomella, H. Amalou, P. L. Choyke, B. J. Wood, and 
P. A. Pinto. Current status of magnetic resonance imaging (MRI) and ultrasonography fusion 
software platforms for guidance of prostate biopsies. BJU Int. 114:641–652, 2013. 

378. Ghose, S., A. Oliver, R. Martí, X. Lladó, J. C. Vilanova, J. Freixenet, J. Mitra, D. Sidibé, and F. 
Meriaudeau. A survey of prostate segmentation methodologies in ultrasound, magnetic 
resonance and computed tomography images. Comput. Methods Programs Biomed. 
108:262–287, 2012. 

379. Singh, R. P., S. Gupta, and U. R. Acharya. Segmentation of prostate contours for automated 
diagnosis using ultrasound images: A survey. J. Comput. Sci. 21:223–231, 2017. 

380. Kamnitsas, K., C. Baumgartner, C. Ledig, V. Newcombe, J. Simpson, A. Kane, D. Menon, A. Nori, 
A. Criminisi, and D. Rueckert. Unsupervised domain adaptation in brain lesion segmentation 
with adversarial networks. Int. Conf. Inf. Process. Med. Imaging 597–609, 2017. 

381. Anas, E. M. A., P. Mousavi, and P. Abolmaesumi. A deep learning approach for real time 
prostate segmentation in freehand ultrasound guided biopsy. Med. Image Anal. 48:107–116, 
2018. 

382. Ghavami, N., Y. Hu, E. Bonmati, R. Rodell, E. Gibson, C. Moore, and D. Barratt. Automatic slice 
segmentation of intraoperative transrectal ultrasound images using convolutional neural 
networks. Proc. SPIE - Med. Imaging Image-Guided Proced. Robot. Interv. Model. 
10576:1057603, 2018. 



226 

  

383. Villers, A., M. K. Terris, J. E. McNeal, and T. A. Stamey. Ultrasound anatomy of the prostate: the 
normal gland and anatomical variations. J. Urol. 143:732–738, 1990. 

384. Watson, L. R. Ultrasound anatomy for prostate brachytherapy. Semin. Surg. Oncol. 13:391–
398, 1997. 

385. Mao, X., C. Shen, and Y.-B. Yang. Image restoration using very deep convolutional encoder-
decoder networks with symmetric skip connections. Adv. Neural Inf. Process. Syst. 2802–
2810, 2016. 

386. Ioffe, S., and C. Szegedy. Batch normalization: Accelerating deep network training by reducing 
internal covariate shift. arXiv Prepr. arXiv1502.03167, 2015. 

387. Pathak, S. D., D. R. Haynor, and Y. Kim. Edge-guided boundary delineation in prostate 
ultrasound images. IEEE Trans. Med. Imaging 19:1211–1219, 2000. 

388. Gong, L., S. D. Pathak, D. R. Haynor, P. S. Cho, and Y. Kim. Parametric shape modeling using 
deformable superellipses for prostate segmentation. IEEE Trans. Med. Imaging 23:340–349, 
2004. 

389. Taha, A. A., and A. Hanbury. Metrics for evaluating 3D medical image segmentation: analysis, 
selection, and tool. BMC Med. Imaging 15:29, 2015. 

390. Warlick, C., J. Futterer, M. Maruf, A. K. George, A. R. Rastinehad, P. A. Pinto, A. E.-S. Bosaily, A. 
Villers, C. M. Moore, N. Mendhiratta, S. S. Taneja, O. Ukimura, and B. R. Konety. Beyond 
transrectal ultrasound-guided prostate biopsies: available techniques and approaches. World 
J. Urol. 37:419-427, 2018. 

391. Aarnink, R., S. D. Pathak, J. J. M. C. H. de la Rosette, F. M. J. Debruyne, Y. Kim, and H. Wijkstra. 
Edge detection in prostatic ultrasound images using integrated edge maps. Ultrasonics 
36:635–642, 1998. 

392. Sandhu, G. K., P. Dunscombe, T. Meyer, S. Pavamani, and R. Khan. Inter- and Intra-Observer 
Variability in Prostate Definition With Tissue Harmonic and Brightness Mode Imaging. Int. J. 
Radiat. Oncol. 82:e9–e16, 2012. 

393. Harvey, C. J., J. Pilcher, J. Richenberg, U. Patel, and F. Frauscher. Applications of transrectal 
ultrasound in prostate cancer. Br. J. Radiol. 85:S3–S17, 2012. 

394. Litjens, G., R. Toth, W. van de Ven, C. Hoeks, S. Kerkstra, B. van Ginneken, G. Vincent, G. Guillard, 
N. Birbeck, J. Zhang, R. Strand, F. Malmberg, Y. Ou, C. Davatzikos, M. Kirschner, F. Jung, J. 
Yuan, W. Qiu, Q. Gao, P. “Eddie” Edwards, B. Maan, F. van der Heijden, S. Ghose, J. Mitra, J. 
Dowling, D. Barratt, H. Huisman, and A. Madabhushi. Evaluation of prostate segmentation 
algorithms for MRI: the PROMISE12 challenge. Med. Image Anal. 18:359–373, 2014. 

395. Tian, Z., L. Liu, Z. Zhang, and B. Fei. PSNet: prostate segmentation on MRI based on a 
convolutional neural network. J. Med. Imaging 5:21206–21208, 2018. 

396. van de Ven, W. J. M., C. A. Hulsbergen–van de Kaa, T. Hambrock, J. O. Barentsz, and H. J. 
Huisman. Simulated required accuracy of image registration tools for targeting high-grade 
cancer components with prostate biopsies. Eur. Radiol. 23:1401–1407, 2013. 

397. Bazinet, M., P. I. Karakiewicz, A. G. Aprikian, C. Trudel, F. Péloquin, J. Dessureault, M. Goyal, L. 
R. Bégin, and M. M. Elhilali. Reassessment of nonplanimetric transrectal ultrasound prostate 
volume estimates. Urology 47:857–862, 1996. 

398. Jeffrey, B., C. Derek, G. Lori, K. Kerry, S. David, M. Jacques, S. Shi, R. Cesare, and F. Aaron. 
Mechanically assisted 3D ultrasound guided prostate biopsy system. Med. Phys. 35:5397–
5410, 2008. 

399. Hong, C. W., C. A. Reddy, A. Wilkinson, E. A. Klein, and J. P. Ciezki. Original paper Influence of 
zonal dosimetry on prostate brachytherapy outcomes. J. Contemp. Brachytherapy 7:17–22, 
2015. 

400. Chiang, P. H., and Y. Y. Liu. Comparisons of oncological and functional outcomes among 
radical retropubic prostatectomy, high dose rate brachytherapy, cryoablation and high-



227 

  

intensity focused ultrasound for localized prostate cancer. Springerplus 5:1905, 2016. 

401. Rouvière, O., C. Melodelima, A. Hoang Dinh, F. Bratan, G. Pagnoux, T. Sanzalone, S. Crouzet, M. 
Colombel, F. Mège-Lechevallier, and R. Souchon. Stiffness of benign and malignant prostate 
tissue measured by shear-wave elastography: a preliminary study. Eur. Radiol. 27:1858–1866, 
2017. 

402. Errico, C., J. Pierre, S. Pezet, Y. Desailly, Z. Lenkei, O. Couture, and M. Tanter. Ultrafast 
ultrasound localization microscopy for deep super-resolution vascular imaging. Nature 
527:499, 2015. 

403. Couture, O., V. Hingot, B. Heiles, P. Muleki-Seya, and M. Tanter. Ultrasound Localization 
Microscopy and Super-Resolution: A State of the Art. IEEE Trans. Ultrason. Ferroelectr. Freq. 
Control 65:1304–1320, 2018. 

404. Heidenreich, P. A., J. G. Wiencek, J. G. Zaroff, S. Aronson, L. J. Segil, P. V Harper, and S. B. 
Feinstein. In Vitro Calculation of Flow by Use of Contrast Ultrasonography. J. Am. Soc. 
Echocardiogr. 6:51–61, 1993. 

405. Strouthos, C., M. Lampaskis, V. Sboros, A. McNeilly, and M. Averkiou. Indicator dilution models 
for the quantification of microvascular blood flow with bolus administration of ultrasound 
contrast agents. Ultrason. Ferroelectr. Freq. Control. IEEE Trans. 57:1296–1310, 2010. 

406. Jasaityte, R., B. Heyde, and J. D’hooge. Current State of Three-Dimensional Myocardial Strain 
Estimation Using Echocardiography. J. Am. Soc. Echocardiogr. 26:15–28, 2013. 

407. Collier, P., D. Phelan, and A. Klein. A Test in Context: Myocardial Strain Measured by Speckle-
Tracking Echocardiography. J. Am. Coll. Cardiol. 69:1043–1056, 2017. 

408. Bjaerum, S., H. Torp, and K. Kristoffersen. Clutter filter design for ultrasound color flow imaging. 
IEEE Trans. Ultrason. Ferroelectr. Freq. Control 49:204–216, 2002. 

409. Joel, T., and R. Sivakumar. An extensive review on Despeckling of medical ultrasound images 
using various transformation techniques. Appl. Acoust. 138:18–27, 2018. 

410. Calóope, P. B., F. N. S. Medeiros, R. C. P. Marques, and R. C. S. Costa. A Comparison of Filters 
for Ultrasound Images. Int. Conf. on Telecommun. - Telecommun. Netw. 1035–1040, 2004. 

411. Demené, C., T. Deffieux, M. Pernot, B. F. Osmanski, V. Biran, J. L. Gennisson, L. A. Sieu, A. Bergel, 
S. Franqui, J. M. Correas, I. Cohen, O. Baud, and M. Tanter. Spatiotemporal Clutter Filtering of 
Ultrafast Ultrasound Data Highly Increases Doppler and fUltrasound Sensitivity. IEEE Trans. 
Med. Imaging 34:2271–2285, 2015. 

412. Gallippi, C. M., K. R. Nightingale, and G. E. Trahey. BSS-based filtering of physiological and 
ARFI-induced tissue and blood motion. Ultrasound Med. Biol. 29:1583–1592, 2003. 

413. Mauldin, F. W., D. Lin, and J. A. Hossack. The singular value filter: a general filter design strategy 
for PCA-based signal separation in medical ultrasound imaging. IEEE Trans. Med. Imaging 
30:1951–1964, 2011. 

414. Baranger, J., B. Arnal, F. Perren, O. Baud, M. Tanter, and C. Demené. Adaptive Spatiotemporal 
SVD Clutter Filtering for Ultrafast Doppler Imaging Using Similarity of Spatial Singular Vectors. 
IEEE Trans. Med. Imaging 37:1574–1586, 2018. 

415. Song, P., A. Manduca, J. D. Trzasko, and S. Chen. Ultrasound Small Vessel Imaging With Block-
Wise Adaptive Local Clutter Filtering. IEEE Trans. Med. Imaging 36:251–262, 2017. 

416. van Sloun, R. J. G., O. Solomon, M. Bruce, Z. Z. Khaing, H. Wijkstra, Y. C. Eldar, and M. Mischi. 
Super-resolution Ultrasound Localization Microscopy through Deep Learning. arXiv Prepr. 
arXiv1804.07661, 2018. 

417. Lin, F., J. K. Tsuruta, J. D. Rojas, and P. A. Dayton. Optimizing Sensitivity of Ultrasound 
Contrast-Enhanced Super-Resolution Imaging by Tailoring Size Distribution of Microbubble 
Contrast Agent. Ultrasound Med. Biol. 43:2488–2493, 2017. 

418. Ghosh, D., F. Xiong, S. R. Sirsi, P. W. Shaul, R. F. Mattrey, and K. Hoyt. Toward optimization of 



228 

  

in vivo super-resolution ultrasound imaging using size-selected microbubble contrast agents. 
Med. Phys. 44:6304–6313, 2017. 

419. Breyer, B., T. Viculin, and B. Vojnović. Noise in ultrasonic imaging. Ultrasonics 18:81–84, 1980. 

420. Gallippi, C. M., and G. E. Trahey. Adaptive Clutter Filtering via Blind Source Separation for Two-
Dimensional Ultrasonic Blood Velocity Measurement. Ultrason. Imaging 24:193–214, 2002. 

421. Mateo, J. L., and A. Fernández-Caballero. Finding out general tendencies in speckle noise 
reduction in ultrasound images. Expert Syst. Appl. 36:7786–7797, 2009. 

422. Yu, A. C. H., and L. Lovstakken. Eigen-based clutter filter design for ultrasound color flow 
imaging: a review. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 57:1096–1111, 2010. 

423. Cardoso, J.-F. Blind signal separation: statistical principles. Proc. IEEE 86:2009–2025, 1998. 

424. Rao, K. R., and P. C. Yip. The transform and data compression handbook. CRC press, 2000. 

425. Moon, T. K., and W. C. Stirling. Mathematical Methods and Algorithms for Signal Processing. 
New York, NY: Prentice Hall, Inc., 2000. 

426. Golub, G. H., and C. Reinsch. Singular value decomposition and least squares solutions. 
Numer. Math. 14:403–420, 1970. 

427. Eckart, C., and G. Young. The approximation of one matrix by another of lower rank. 
Psychometrika 1:211–218, 1936. 

428. Martin, C. D., and M. A. Porter. The extraordinary SVD. Am. Math. Mon. 119:838–851, 2012. 

429. Sammali, F., C. Blank, Y. Huang, N. Kuijsters, C. Rabotti, B. C. Schoot, and M. Mischi. Dedicated 
ultrasound speckle tracking for quantitative analysis of uterine motion outside pregnancy. IEEE 
Trans. Ultrason. Ferroelectr. Freq. Control 66:581-590, 2018. 

430. Miranda, A. A., Y.-A. Le Borgne, and G. Bontempi. New Routes from Minimal Approximation 
Error to Principal Components. Neural Process. Lett. 27:197–207, 2008. 

431. Gerbrands, J. J. On the relationships between SVD, KLT and PCA. Pattern Recognit. 14:375–
381, 1981. 

432. Comon, P. Independent component analysis, a new concept? Signal Processing 36:287–314, 
1994. 

433. Hyvärinen, A., and E. Oja. Independent component analysis: algorithms and applications. 
Neural Networks 13:411–430, 2000. 

434. Amari, S., A. Cichocki, and H. H. Yang. A new learning algorithm for blind signal separation. 
Adv. Neural Inf. Process. Syst. 757–763, 1996. 

435. Bell, A. J., and T. J. Sejnowski. The “independent components” of natural scenes are edge 
filters. Vision Res. 37:3327–3338, 1997. 

436. Bai, P., H. Shen, X. Huang, and Y. Truong. A supervised singular value decomposition for 
independent component analysis of fMRI. Stat. Sin. 1233–1252, 2008. 

437. Jouan-Rimbaud Bouveresse, D., A. Moya-González, F. Ammari, and D. N. Rutledge. Two novel 
methods for the determination of the number of components in independent components 
analysis models. Chemom. Intell. Lab. Syst. 112:24–32, 2012. 

438. Li, Y., T. Adalı, and V. D. Calhoun. Estimating the number of independent components for 
functional magnetic resonance imaging data. Hum. Brain Mapp. 28:1251–1266, 2007. 

439. Hyvarinen, A. Fast and robust fixed-point algorithms for independent component analysis. 
IEEE Trans. Neural Networks 10:626–634, 1999. 

440. Rutledge, D. N., and D. J.-R. Bouveresse. Independent components analysis with the JADE 
algorithm. TrAC Trends Anal. Chem. 50:22–32, 2013. 

441. Cardoso, J. F., and A. Souloumiac. Blind beamforming for non-Gaussian signals. IEE Proc. F - 



229 

  

Radar Signal Process. 140:362–370, 1993. 

442. Bell, A. J., and T. J. Sejnowski. An information-maximization approach to blind separation and 
blind deconvolution. Neural Comput. 7:1129–1159, 1995. 

443. Stone, J. V. Independent component analysis: an introduction. Trends Cogn. Sci. 6:59–64, 
2002. 

444. Lee, T.-W., M. Girolami, and T. J. Sejnowski. Independent component analysis using an 
extended infomax algorithm for mixed subgaussian and supergaussian sources. Neural 
Comput. 11:417–441, 1999. 

445. Lee, D. D., and H. S. Seung. Learning the parts of objects by non-negative matrix factorization. 
Nature 401:788, 1999. 

446. Berry, M. W., M. Browne, A. N. Langville, V. P. Pauca, and R. J. Plemmons. Algorithms and 
applications for approximate nonnegative matrix factorization. Comput. Stat. Data Anal. 
52:155–173, 2007. 

447. Song, P., J. D. Trzasko, A. Manduca, B. Qiang, R. Kadirvel, D. F. Kallmes, and S. Chen. 
Accelerated Singular Value-Based Ultrasound Blood Flow Clutter Filtering With Randomized 
Singular Value Decomposition and Randomized Spatial Downsampling. IEEE Trans. Ultrason. 
Ferroelectr. Freq. Control 64:706–716, 2017. 

448. Desailly, Y., A.-M. Tissier, J.-M. Correas, F. Wintzenrieth, M. Tanter, and O. Couture. Contrast 
enhanced ultrasound by real-time spatiotemporal filtering of ultrafast images. Phys. Med. Biol. 
62:31–42, 2016. 

449. Sloun, R. J. G. van, O. Solomon, Y. C. Eldar, H. Wijkstra, and M. Mischi. Sparsity-driven super-
resolution in clinical contrast-enhanced ultrasound. Proc. IEEE Int. Ultrason. Symp. 1–4, 2017. 

450. Lediju, M. A., M. J. Pihl, S. J. Hsu, J. J. Dahl, C. M. Gallippi, and G. E. Trahey. A motion-based 
approach to abdominal clutter reduction. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 
56:2437–2449, 2009. 

451. van der Ven, M., J. J. Luime, L. L. van der Velden, J. G. Bosch, J. M. W. Hazes, and H. J. Vos. 
High-Frame-Rate Power Doppler Ultrasound Is More Sensitive than Conventional Power 
Doppler in Detecting Rheumatic Vascularisation. Ultrasound Med. Biol. 43:1868–1879, 2017. 

452. Maresca, D., M. Correia, M. Tanter, B. Ghaleh, and M. Pernot. Adaptive Spatiotemporal Filtering 
for Coronary Ultrafast Doppler Angiography. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 
65:2201–2204, 2018. 

453. Valle, S., W. Li, and S. J. Qin. Selection of the number of principal components: the variance of 
the reconstruction error criterion with a comparison to other methods. Ind. Eng. Chem. Res. 
38:4389–4401, 1999. 

454. Ikeda, H., R. Nagaoka, M. Lafond, S. Yoshizawa, R. Iwasaki, M. Maeda, S. Umemura, and Y. 
Saijo. Singular value decomposition of received ultrasound signal to separate tissue, blood 
flow, and cavitation signals. Jpn. J. Appl. Phys. 57:07LF04, 2018. 

455. Arnal, B., J. Baranger, C. Demene, M. Tanter, and M. Pernot. In vivo real-time cavitation imaging 
in moving organs. Phys. Med. Biol. 62:843–857, 2017. 

456. Kruse, D. E., and K. W. Ferrara. A new high resolution color flow system using an 
eigendecomposition-based adaptive filter for clutter rejection. IEEE Trans. Ultrason. 
Ferroelectr. Freq. Control 49:1739–1754, 2002. 

457. Rissanen, J. Modeling by shortest data description. Automatica 14:465–471, 1978. 

458. Akaike, H. A new look at the statistical model identification. IEEE Trans. Automat. Contr. 
19:716–723, 1974. 

459. Wax, M., and T. Kailath. Detection of signals by information theoretic criteria. IEEE Trans. 
Acoust. 33:387–392, 1985. 

460. Marčenko, V. A., and L. A. Pastur. Distribution of eigenvalues for some sets of random 



230 

  

matrices. Math. USSR-Sbornik 144:507–536, 1967. 

461. Shannon, C. E. A mathematical theory of communication. Bell Syst. Tech. J. 27:379–423, 1948. 

462. Kim, M., C. K. Abbey, J. Hedhli, L. W. Dobrucki, and M. F. Insana. Expanding Acquisition and 
Clutter Filter Dimensions for Improved Perfusion Sensitivity. IEEE Trans. Ultrason. Ferroelectr. 
Freq. Control 64:1429–1438, 2017. 

463. Wu, K., X. Zhang, G. Chen, F. Weng, and M. Ding. Respiratory motion compensation algorithm 
of ultrasound hepatic perfusion data acquired in free-breathing. Proc. SPIE - MIPPR 2013 
Parallel Process. Images Optim. Med. Imaging Process. 8920:89200I, 2013. 

464. Betzig, E., G. H. Patterson, R. Sougrat, O. W. Lindwasser, S. Olenych, J. S. Bonifacino, M. W. 
Davidson, J. Lippincott-Schwartz, and H. F. Hess. Imaging Intracellular Fluorescent Proteins 
at Nanometer Resolution. Science 313:1642–1645, 2006. 

465. Viessmann, O. M., R. J. Eckersley, K. Christensen-Jeffries, M. X. Tang, and C. Dunsby. Acoustic 
super-resolution with ultrasound and microbubbles. Phys. Med. Biol. 58:6447–6458, 2013. 

466. Hurley, N., and S. Rickard. Comparing measures of sparsity. IEEE Trans. Inf. Theory 55:4723–
4741, 2009. 

467. Pries, A. R., T. W. Secomb, P. Gaehtgens, and J. F. Gross. Blood flow in microvascular networks. 
Experiments and simulation. Circ. Res. 67:826–834, 1990. 

468. Khaing, Z. Z., L. N. Cates, D. M. DeWees, A. Hannah, P. Mourad, M. Bruce, and C. P. Hofstetter. 
Contrast-enhanced ultrasound to visualize hemodynamic changes after rodent spinal cord 
injury. J. Neurosurg. Spine 29:306–313, 2018. 

469. Tremblay-Darveau, C., R. Williams, L. Milot, M. Bruce, and P. N. Burns. Combined perfusion and 
doppler imaging using plane-wave nonlinear detection and microbubble contrast agents. IEEE 
Trans. Ultrason. Ferroelectr. Freq. Control 61:1988–2000, 2014. 

470. Dietrich, C. F., M. A. Averkiou, J.-M. Correas, N. Lassau, E. Leen, and F. Piscaglia. An EFSUMB 
introduction into Dynamic Contrast-Enhanced Ultrasound (DCE-US) for quantification of 
tumour perfusion. Ultraschall der Medizin-European J. Ultrasound 33:344–351, 2012. 

471. Claudon, M., C. F. Dietrich, B. I. Choi, D. O. Cosgrove, M. Kudo, C. P. Nolsøe, F. Piscaglia, S. R. 
Wilson, R. G. Barr, M. C. Chammas, N. G. Chaubal, M.-H. Chen, D. A. Clevert, J. M. Correas, H. 
Ding, F. Forsberg, J. B. Fowlkes, R. N. Gibson, B. B. Goldberg, N. Lassau, E. L. S. Leen, R. F. 
Mattrey, F. Moriyasu, L. Solbiati, H.-P. Weskott, and H.-X. Xu. Guidelines and Good Clinical 
Practice Recommendations for Contrast Enhanced Ultrasound (CEUS) in the Liver – Update 
2012: A WFUMB-EFSUMB Initiative in Cooperation with Representatives of AFSUMB, AIUM, 
ASUM, FLAUS and ICUS. Ultrasound Med. Biol. 39:187–210, 2013. 

472. Fröhlich, E., R. Muller, X.-W. Cui, D. Schreiber-Dietrich, and C. F. Dietrich. Dynamic Contrast-
Enhanced Ultrasound for Quantification of Tissue Perfusion. J. Ultrasound Med. 34:179–196, 
2015. 

473. Herold, I. H. F., M. A. Soliman Hamad, H. C. van Assen, R. A. Bouwman, H. H. M. Korsten, and 
M. Mischi. Pulmonary blood volume measured by contrast enhanced ultrasound: a 
comparison with transpulmonary thermodilution. BJA Br. J. Anaesth. 115:53–60, 2015. 

474. Mischi, M., T. A. Kalker, and E. H. Korsten. Contrast echocardiography for pulmonary blood 
volume quantification. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 51:1137–1147, 2004. 

475. Quaia, E. Assessment of tissue perfusion by contrast-enhanced ultrasound. Eur. Radiol. 
21:604–615, 2011. 

476. Lopata, R. G. P., M. M. Nillesen, C. N. Verrijp, S. K. Singh, M. M. Y. Lammens, J. A. W. M. van der 
Laak, H. B. van Wetten, J. M. Thijssen, L. Kapusta, and C. L. de Korte. Cardiac biplane strain 
imaging: initialin vivoexperience. Phys. Med. Biol. 55:963–979, 2010. 

477. Kawagishi, T. Speckle Tracking for Assessment of Cardiac Motion and Dyssynchrony. 
Echocardiography 25:1167–1171, 2008. 



231 

  

478. Bohs, L. N., B. J. Geiman, M. E. Anderson, S. C. Gebhart, and G. E. Trahey. Speckle tracking for 
multi-dimensional flow estimation. Ultrasonics 38:369–375, 2000. 

479. Udesen, J., F. Gran, K. L. Hansen, J. A. Jensen, C. Thomsen, and M. B. Nielsen. High frame-rate 
blood vector velocity imaging using plane waves: Simulations and preliminary experiments. 
IEEE Trans. Ultrason. Ferroelectr. Freq. Control 55:1729–1743, 2008. 

480. Lenge, M., A. Ramalli, E. Boni, H. Liebgott, C. Cachard, and P. Tortoli. High-frame-rate 2-D 
vector blood flow imaging in the frequency domain. IEEE Trans. Ultrason. Ferroelectr. Freq. 
Control 61:1504–1514, 2014. 

481. Baillargeon, B., N. Rebelo, D. D. Fox, R. L. Taylor, and E. Kuhl. The living heart project: a robust 
and integrative simulator for human heart function. Eur. J. Mech. 48:38–47, 2014. 

482. Weisstein, E. W. Apodization Function., 2019 at <http://mathworld.wolfram.com/Apodization-
Function.html> 

483. Goffinet, C., and J.-L. Vanoverschelde. Speckle tracking echocardiography. Eur. Cardiovasc. 
Dis. 3:1–3, 2007. 

484. Bouguet, J.-Y. Pyramidal implementation of the affine lucas kanade feature tracker description 
of the algorithm. Intel Corp. 5:4, 2001. 

485. Sammali, F., C. Blank, L. Xu, Y. Huang, N. P. M. Kuijsters, B. C. Schoot, and M. Mischi. 
Experimental setup for objective evaluation of uterine motion analysis by ultrasound speckle 
tracking. Biomed. Phys. Eng. Express 4:35012, 2018. 

486. Ziegler, D., C. Bulletti, R. Fanchin, M. Epiney, and P. BRIOSCHI. Contractility of the nonpregnant 
uterus. Ann. N. Y. Acad. Sci. 943:172–184, 2001. 

487. Bulletti, C., D. de Ziegler, V. Polli, L. Diotallevi, E. Del Ferro, and C. Flamigni. Uterine contractility 
during the menstrual cycle. Hum. Reprod. 15:81–89, 2000. 

488. Ijland, M. M., J. L. H. Evers, G. A. J. Dunselman, and H. J. Hoogland. Subendometrial 
contractions in the nonpregnant uterus: an ultrasound study. Eur. J. Obstet. Gynecol. Reprod. 
Biol. 70:23–24, 1996. 

489. Candès, E. J., X. Li, Y. Ma, and J. Wright. Robust principal component analysis? J. ACM 58:11, 
2011. 

490. Otazo, R., E. Candès, and D. K. Sodickson. Low-rank plus sparse matrix decomposition for 
accelerated dynamic MRI with separation of background and dynamic components. Magn. 
Reson. Med. 73:1125–1136, 2015. 

491. Bouwmans, T., S. Javed, H. Zhang, Z. Lin, and R. Otazo. On the Applications of Robust PCA in 
Image and Video Processing. Proc. IEEE 106:1427–1457, 2018. 

492. Bayat, M., and M. Fatemi. Concurrent Clutter and Noise Suppression via Low Rank Plus Sparse 
Optimization for Non-Contrast Ultrasound Flow Doppler Processing in Microvasculature. Proc. 
IEEE Int. Conf. Acoust. Speech Signal Process. 1080–1084, 2018. 

493. Solomon, O., R. Cohen, Y. Zhang, Y. Yang, H. Qiong, J. Luo, R. J. G. van Sloun, and Y. C. Eldar. 
Deep Unfolded Robust PCA with Application to Clutter Suppression in Ultrasound. arXiv Prepr. 
arXiv1811.08252 , 2018. 

494. Turek, J. S., M. Elad, and I. Yavneh. Clutter Mitigation in Echocardiography Using Sparse Signal 
Separation. Int. J. Biomed. Imaging 2015:958963, 2015. 

495. Zibulevsky, M., and B. A. Pearlmutter. Blind source separation by sparse decomposition in a 
signal dictionary. Neural Comput. 13:863–882, 2001. 

496. Li, P., X. Yang, D. Zhang, and Z. Bian. Adaptive clutter filtering based on sparse component 
analysis in ultrasound color flow imaging. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 
55:1582–1596, 2008. 

497. American Cancer Society. Cancer Facts & Figures 2018. 2017. 



232 

  

498. Dall’Era, M. A., P. C. Albertsen, C. Bangma, P. R. Carroll, H. B. Carter, M. R. Cooperberg, S. J. 
Freedland, L. H. Klotz, C. Parker, and M. S. Soloway. Active Surveillance for Prostate Cancer: A 
Systematic Review of the Literature. Eur. Urol. 62:976–983, 2012. 

499. Feleppa, E. J., C. R. Porter, J. Ketterling, P. Lee, S. Dasgupta, S. Urban, and A. Kalisz. Recent 
developments in tissue-type imaging (TTI) for planning and monitoring treatment of prostate 
cancer. Ultrason. Imaging 26:163–172, 2004. 

500. Frauscher, F., A. Klauser, H. Volgger, E. J. Halpern, L. Pallwein, H. Steiner, A. Schuster, W. 
Horninger, H. Rogatsch, and G. Bartsch. Comparison Of Contrast Enhanced Color Doppler 
Targeted Biopsy With Conventional Systematic Biopsy: Impact On Prostate Cancer Detection. 
J. Urol. 167:1648–1652, 2002. 

501. Cosgrove, D. Ultrasound contrast agents: An overview. Eur. J. Radiol. 60:324–330, 2006. 

502. Carmeliet, P., and R. K. Jain. Angiogenesis in cancer and other diseases. Nature 407:249–257, 
2000. 

503. Gillies, R. J., P. A. Schomack, T. W. Secomb, and N. Raghunand. Causes and Effects of 
Heterogeneous Perfusion in Tumors. Neoplasia 1:197–207, 1999. 

504. Kuenen, M., T. Saidov, H. Wijkstra, and M. Mischi. Contrast-ultrasound dispersion imaging for 
prostate cancer localization by improved spatiotemporal similarity analysis. Ultrasound Med 
Biol 39:1631–1641, 2013. 

505. Schalk, S. G., L. Demi, M. Smeenge, J. J. M. C. H. de la Rosette, P. Huang, H. Wijkstra, and M. 
Mischi. 3D contrast ultrasound dispersion imaging by mutual information for prostate cancer 
localization. Proc. IEEE Int. Ultrason. Symp. 1–4, 2015. 

506. Ewing, R. E., and H. Wang. A summary of numerical methods for time-dependent advection-
dominated partial differential equations. J. Comput. Appl. Math. 128:423–445, 2001. 

507. LaBolle, E. M., J. Quastel, and G. E. Fogg. Diffusion theory for transport in porous media: 
Transition-probability densities of diffusion processes corresponding to advection-dispersion 
equations. Water Resour. Res. 34:1685–1693, 1998. 

508. Whitaker, S. Diffusion and dispersion in porous media. AIChE J. 13:420–427, 1967. 

509. Crank, J. The mathematics of diffusion. Oxford university press, 1979. 

510. Blom, J., B. M. te. H. Romeny, A. Bel, and J. J. Koenderink. Spatial Derivatives and the 
Propagation of Noise in Gaussian Scale Space. J. Vis. Commun. Image Represent. 4:1–13, 
1993. 

511. Sattin, F., D. F. Escande, Y. Camenen, A. T. Salmi, T. Tala, and J. E. Contributors. Estimate of 
convection–diffusion coefficients from modulated perturbative experiments as an inverse 
problem. Plasma Phys. Control. Fusion 54:124025, 2012. 

512. Zou, H., and T. Hastie. Regularization and variable selection via the elastic net. J. R. Stat. Soc. 
Ser. B 67:301–320, 2005. 

513. Alexander, A. L., J. E. Lee, M. Lazar, and A. S. Field. Diffusion tensor imaging of the brain. 
Neurotherapeutics 4:316–329, 2007. 

514. Basser, P. J., J. Mattiello, and D. LeBihan. MR diffusion tensor spectroscopy and imaging. 
Biophys. J. 66:259–267, 1994. 

515. Wagner, R. F., S. W. Smith, J. M. Sandrik, and H. Lopez. Statistics of speckle in ultrasound B-
scans. IEEE Trans. Sonics Ultrason. 30:156–163, 1983. 

516. Stejskal, E. O. Use of spin echoes in a pulsed magnetic-field gradient to study anisotropic, 
restricted diffusion and flow. J. Chem. Phys. 43:3597–3603, 1965. 

517. Epstein, J. I. An Update of the Gleason Grading System. J. Urol. 183:433–440, 2010. 

518. Pries, A. R., and T. W. Secomb. Blood Flow in Microvascular Networks. John Wiley & Sons, Inc., 
2011. 



233 

  

519. Stücker, M., V. Baier, T. Reuther, K. Hoffmann, K. Kellam, and P. Altmeyer. Capillary Blood Cell 
Velocity in Human Skin Capillaries Located Perpendicularly to the Skin Surface: Measured by 
a New Laser Doppler Anemometer. Microvasc. Res. 52:188–192, 1996. 

520. Rubin, M. A., M. Buyyounouski, E. Bagiella, S. Sharir, A. Neugut, M. Benson, A. De La Taille, A. E. 
Katz, C. A. Olsson, and R. D. Ennis. Microvessel density in prostate cancer: lack of correlation 
with tumor grade, pathologic stage, and clinical outcome. Urology 53:542–547, 1999. 

521. Shih, S.-J., M. A. Dall’Era, J. R. Westphal, J. Yang, C. G. J. Sweep, R. Gandour-Edwards, and C. 
P. Evans. Elements regulating angiogenesis and correlative microvessel density in benign 
hyperplastic and malignant prostate tissue. Prostate Cancer Prostatic Dis 6:131–137, 2003. 

522. Wang, S., and R. M. Summers. Machine learning and radiology. Med. Image Anal. 16:933–951, 
2012. 

523. Rosenkrantz, A. B., A. Oto, B. Turkbey, and A. C. Westphalen. Prostate Imaging Reporting and 
Data System (PI-RADS), version 2: a critical look. Am. J. Roentgenol. 206:1179–1183, 2016. 

524. Mischi, M., S. Turco, C. Lavini, K. Kompatsiari, J. J. de la Rosette, M. Breeuwer, and H. Wijkstra. 
Magnetic resonance dispersion imaging for localization of angiogenesis and cancer growth. 
Invest. Radiol. 49:561–569, 2014. 

525. Correas, J.-M., A.-M. Tissier, A. Khairoune, V. Vassiliu, A. Méjean, O. Hélénon, R. Memo, and R. 
G. Barr. Prostate Cancer: Diagnostic Performance of Real-time Shear-Wave Elastography. 
Radiology 275:280–289, 2014. 

526. Postema, A. W., P. J. A. Frinking, M. Smeenge, T. M. De Reijke, J. De la Rosette, F. Tranquart, 
and H. Wijkstra. Dynamic Contrast Enhanced Ultrasound Parametric Imaging for the detection 
of Prostate Cancer. BJU Int. 117:598-603, 2016. 

527. Postema, A. W., M. J. V Scheltema, C. K. Mannaerts, R. J. G. Van Sloun, T. Idzenga, M. Mischi, 
M. R. E. Engelbrecht, J. J. M. C. H. De la Rosette, and H. Wijkstra. The prostate cancer detection 
rates of CEUS-targeted versus MRI-targeted versus systematic TRUS-guided biopsies in 
biopsy-naïve men: a prospective, comparative clinical trial using the same patients. BMC Urol. 
17:27, 2017. 

528. Mukherjee, P., J. I. Berman, S. W. Chung, C. P. Hess, and R. G. Henry. Diffusion tensor MR 
imaging and fiber tractography: theoretic underpinnings. Am. J. Neuroradiol. 29:632–641, 
2008. 

529. Sosnovik, D. E., R. Wang, G. Dai, T. G. Reese, and V. J. Wedeen. Diffusion MR tractography of 
the heart. J. Cardiovasc. Magn. Reson. 11:47, 2009. 

530. Basser, P. J., S. Pajevic, C. Pierpaoli, J. Duda, and A. Aldroubi. In vivo fiber tractography using 
DT-MRI data. Magn. Reson. Med. 44:625–632, 2000. 

531. Morton, K. W., and D. F. Mayers. Numerical solution of partial differential equations. New York: 
Cambridge University Press, 2005. 

532. Crank, J. A practical method for numerical evaluation of solutions of partial differential 
equations of the heat-conduction type. Adv. Comput. Math 6:207–226, 1947. 

533. Gourlay, A. R., and A. R. Mitchell. On the structure of alternating direction implicit (ADI) and 
locally one dimensional (LOD) difference methods. IMA J. Appl. Math. 9:80–90, 1972. 

534. Dehghan, M. Implicit locally one-dimensional methods for two-dimensional diffusion with a 
non-local boundary condition. Math. Comput. Simul. 49:331–349, 1999. 

535. Behrens, T. E. J., H. J. Berg, S. Jbabdi, M. F. S. Rushworth, and M. W. Woolrich. Probabilistic 
diffusion tractography with multiple fibre orientations: What can we gain? Neuroimage 
34:144–155, 2007. 

536. van Sloun, R. J. G., L. Demi, S. G. Schalk, C. Caresio, C. Mannaerts, A. W. Postema, F. Molinari, 
H. C. van der Linden, P. Huang, H. Wijkstra, and M. Mischi. Contrast-enhanced ultrasound 
tractography for 3D vascular imaging of the prostate. Sci. Rep. 8:14640, 2018. 



234 

  

537. Anderson, A. R. A., and M. A. J. Chaplain. Continuous and discrete mathematical models of 
tumor-induced angiogenesis. Bull. Math. Biol. 60:857–899, 1998. 

538. Cooperberg, M. R., D. P. Lubeck, M. V Meng, S. S. Mehta, and P. R. Carroll. The changing face 
of low-risk prostate cancer: trends in clinical presentation and primary management. J. Clin. 
Oncol. 22:2141–2149, 2004. 

539. Heidenreich, A., P. J. Bastian, J. Bellmunt, M. Bolla, S. Joniau, T. van der Kwast, M. Mason, V. 
Matveev, T. Wiegel, F. Zattoni, and N. Mottet. EAU Guidelines on Prostate Cancer. Part 1: 
Screening, Diagnosis, and Local Treatment with Curative Intent—Update 2013. Eur. Urol. 
65:124–137, 2014. 

540. Loeb, S., S. van den Heuvel, X. Zhu, C. H. Bangma, F. H. Schröder, and M. J. Roobol. Infectious 
Complications and Hospital Admissions After Prostate Biopsy in a European Randomized 
Trial. Eur. Urol. 61:1110–1114, 2012. 

541. Scheenen, T. W. J., A. B. Rosenkrantz, M. A. Haider, and J. J. Fütterer. Multiparametric 
magnetic resonance imaging in prostate cancer management: current status and future 
perspectives. Invest. Radiol. 50:594–600, 2015. 

542. Loch, A. C., A. Bannowsky, L. Baeurle, B. Grabski, B. König, G. Flier, O. Schmitz-Krause, U. Paul, 
and T. Loch. Technical and anatomical essentials for transrectal ultrasound of the prostate. 
World J. Urol. 25:361–366, 2007. 

543. Smeenge, M., J. J. M. C. H. de la Rosette, and H. Wijkstra. Current status of transrectal 
ultrasound techniques in prostate cancer. Curr. Opin. Urol. 22:297–302, 2012. 

544. Brawer, M. K. Quantitative microvessel density: a staging and prognostic marker for human 
prostatic carcinoma. Cancer 78:345–349, 1996. 

545. Mitterberger, M. J., F. Aigner, W. Horninger, H. Ulmer, S. Cavuto, E. J. Halpern, and F. Frauscher. 
Comparative efficiency of contrast-enhanced colour Doppler ultrasound targeted versus 
systematic biopsy for prostate cancer detection. Eur. Radiol. 20:2791–2796, 2010. 

546. Cosgrove, D. Angiogenesis imaging–ultrasound. Br. J. Radiol. 76:S43–S49, 2003. 

547. Halpern, E. J., P. A. McCue, A. K. Aksnes, E. K. Hagen, F. Frauscher, and L. G. Gomella. Contrast-
enhanced US of the Prostate with Sonazoid: Comparison with Whole-Mount Prostatectomy 
Specimens in 12 Patients. Radiology 222:361–366, 2002. 

548. Halpern, E. J., L. Verkh, F. Forsberg, L. G. Gomella, R. F. Mattrey, and B. B. Goldberg. Initial 
experience with contrast-enhanced sonography of the prostate. Am. J. Roentgenol. 
174:1575–1580, 2000. 

549. Seitz, M., C. Gratzke, B. Schlenker, A. Buchner, A. Karl, A. Roosen, B. B. Singer, P. J. Bastian, S. 
Ergün, C. G. Stief, O. Reich, and D. Tilki. Contrast-enhanced transrectal ultrasound (CE-TRUS) 
with cadence-contrast pulse sequence (CPS) technology for the identification of prostate 
cancer. Urol. Oncol. Semin. Orig. Investig. 29:295–301, 2011. 

550. Eckersley, R. J., J. P. Sedelaar, M. J. K. Blomley, H. Wijkstra, N. M. DeSouza, D. O. Cosgrove, 
and J. J. de la Rosette. Quantitative microbubble enhanced transrectal ultrasound as a tool for 
monitoring hormonal treatment of prostate carcinoma. Prostate 51:256–267, 2002. 

551. Qi, T. Y., Y. Q. Chen, J. Jiang, Y. K. Zhu, X. H. Yao, and J. Qi. Contrast-enhanced transrectal 
ultrasonography: Measurement of prostate cancer tumor size and correlation with radical 
prostatectomy specimens. Int. J. Urol. 20:1085–1091, 2013. 

552. Eckersley, R. J., D. O. Cosgrove, M. J. Blomley, and H. Hashimoto. Functional imaging of tissue 
response to bolus injection of ultrasound contrast agent. Proc. IEEE Int. Ultrason. Symp. 
2:1779–1782, 1998. 

553. Kuenen, M. P. J., T. a Saidov, H. Wijkstra, J. J. M. C. H. de la Rosette, and M. Mischi. 
Spatiotemporal correlation of ultrasound contrast agent dilution curves for angiogenesis 
localization by dispersion imaging. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 60:2665–9, 
2013. 



235 

  

554. Fawcett, T. An introduction to ROC analysis. Pattern Recognit. Lett. 27:861–874, 2006. 

555. Metz, C. E. Basic principles of ROC analysis. Semin. Nucl. Med. 8:283–298, 1978. 

556. Chang, R.-F., W.-J. Wu, W. K. Moon, Y.-H. Chou, and D.-R. Chen. Support vector machines for 
diagnosis of breast tumors on US images. Acad. Radiol. 10:189–197, 2003. 

557. Acharya, R., E. Y. K. Ng, Y. H. Chang, J. Yang, and G. J. L. Kaw. Computer-based identification 
of breast cancer using digitized mammograms. J. Med. Syst. 32:499–507, 2008. 

558. Greis, C. Technology overview: SonoVue. Eur. Radiol. Suppl. 14:P11–P15, 2004. 

559. Mischi, M., A. Kalker, and H. H. M. Korsten. Moment method for the local density random walk 
model interpolation of ultrasound contrast agent dilution curves. Proc. 17th Int. EURASIP Conf. 
BIOSIGNAL 2:33–35., 2004. 

560. Fraley, C., and A. E. Raftery. Model-based clustering, discriminant analysis, and density 
estimation. J. Am. Stat. Assoc. 97:611–631, 2002. 

561. Banfield, J. D., and A. E. Raftery. Model-based Gaussian and non-Gaussian clustering. 
Biometrics 49:803–821, 1993. 

562. Han, S. H., E. Ackerstaff, R. Stoyanova, S. Carlin, W. Huang, J. A. Koutcher, J. K. Kim, G. Cho, G. 
Jang, and H. Cho. Gaussian mixture model-based classification of dynamic contrast 
enhanced MRI data for identifying diverse tumor microenvironments: preliminary results. NMR 
Biomed. 26:519–532, 2013. 

563. Grim, J., P. Somol, M. Haindl, and J. Daneš. Computer-aided evaluation of screening 
mammograms based on local texture models. IEEE Trans. Image Process. 18:765–773, 2009. 

564. Redner, R., and H. Walker. Mixture Densities, Maximum Likelihood and the EM Algorithm. SIAM 
Rev. 26:195–239, 1984. 

565. Humphrey, P. A. Gleason grading and prognostic factors in carcinoma of the prostate. Mod. 
Pathol. 17:292–306, 2004. 

566. Franiel, T., L. Lüdemann, B. Rudolph, H. Rehbein, A. Staack, M. Taupitz, D. Prochnow, and D. 
Beyersdorff. Evaluation of normal prostate tissue, chronic prostatitis, and prostate cancer by 
quantitative perfusion analysis using a dynamic contrast-enhanced inversion-prepared dual-
contrast gradient echo sequence. Invest. Radiol. 43:481–487, 2008. 

567. Colin, P., S. Mordon, P. Nevoux, M. F. Marqa, A. Ouzzane, P. Puech, G. Bozzini, B. Leroux, A. 
Villers, and N. Betrouni. Focal laser ablation of prostate cancer: definition, needs, and future. 
Adv. Urol. 2012:589160, 2012. 

568. Rouvière, O., L. Glas, N. Girouin, F. Mège-Lechevallier, A. Gelet, E. Dantony, M. Rabilloud, J.-Y. 
Chapelon, and D. Lyonnet. Prostate Cancer Ablation with Transrectal High-Intensity Focused 
Ultrasound: Assessment of Tissue Destruction with Contrast-enhanced US. Radiology 
259:583–591, 2011. 

569. Crouzet, S., O. Rouviere, X. Martin, and A. Gelet. High-intensity focused ultrasound as focal 
therapy of prostate cancer. Curr. Opin. Urol. 24:225–230, 2014. 

570. Nattkemper, T. W., B. Arnrich, O. Lichte, W. Timm, A. Degenhard, L. Pointon, C. Hayes, and M. 
O. Leach. Evaluation of radiological features for breast tumour classification in clinical 
screening with machine learning methods. Artif. Intell. Med. 34:129–139, 2005. 

571. Jalalian, A., S. B. T. Mashohor, H. R. Mahmud, M. I. B. Saripan, A. R. B. Ramli, and B. Karasfi. 
Computer-aided detection/diagnosis of breast cancer in mammography and ultrasound: a 
review. Clin. Imaging 37:420–426, 2013. 

572. Hutchinson, R. C., D. N. Costa, and Y. Lotan. The economic effect of using magnetic resonance 
imaging and magnetic resonance ultrasound fusion biopsy for prostate cancer diagnosis. Urol. 
Oncol. Semin. Orig. Investig. 34:296–302, 2016. 

573. Wang, X., J. Bao, X. Ping, C. Hu, J. Hou, F. Dong, and L. Guo. The diagnostic value of PI-RADS 
V1 and V2 using multiparametric MRI in transition zone prostate clinical cancer. Oncol. Lett. 



236 

  

16:3201–3206, 2018. 

574. Mischi, M., T. Kalker, and E. Korsten. Videodensitometric methods for cardiac output 
measurements. EURASIP J. Appl. Signal Processing 2003:479–489, 2003. 

575. Mischi, M. Contrast Echocardiography for Cardiac Quantifications. Dissertation, 2003. 

576. Kuenen, M., I. Herold, H. Korsten, J. de la Rosette, H. Wijkstra, and M. Mischi. Maximum-
likelihood estimation for indicator dilution analysis. IEEE Trans. Biomed. Eng. 61:1–11, 2014. 

577. Saidov, T., C. Heneweer, M. Kuenen, J. von Broich-Oppert, H. Wijkstra, J. de la Rosette, and M. 
Mischi. Fractal dimension of tumor microvasculature by DCE-US: preliminary study in mice. 
Ultrasound Med. Biol. 42:2852–2863, 2016. 

578. Qian, H., and J. B. Bassingthwaihte. A Class of Flow Bifurcation Models with Lognormal 
Distribution and Fractal Dispersion. J. Theor. Biol. 205:261–268, 2000. 

579. Mischi, M., C. Heneweer, J. von Broich-Oppert, T. Saidov, and H. Wijkstra. Fractal dimension of 
tumor microvasculature by dynamic contrast-enhanced ultrasound. Proc. IEEE Int. Ultra. 
Symp., 2015. 

580. van Erkel, A. R., and P. M. T. Pattynama. Receiver operating characteristic (ROC) analysis: Basic 
principles and applications in radiology. Eur. J. Radiol. 27:88–94, 1998. 

581. Guyon, I., and A. Elisseeff. An introduction to variable and feature selection. J. Mach. Learn. 
Res. 3:1157–1182, 2003. 

582. Padhani, A. R., C. J. Harvey, and D. O. Cosgrove. Angiogenesis imaging in the management of 
prostate cancer. Nat. Rev. Urol. 2:596–607, 2005. 

583. Deering, R. E., S. A. Bigler, M. Brown, and M. K. Brawer. Microvascularity in benign prostatic 
hyperplasia. Prostate 26:111–115, 1995. 

584. Lambin, P., E. Rios-Velazquez, R. Leijenaar, S. Carvalho, R. G. P. M. van Stiphout, P. Granton, 
C. M. L. Zegers, R. Gillies, R. Boellard, A. Dekker, and H. J. W. L. Aerts. Radiomics: Extracting 
more information from medical images using advanced feature analysis. Eur. J. Cancer 
48:441–446, 2012. 

585. Larue, R. T. H. M., G. Defraene, D. De Ruysscher, P. Lambin, and W. van Elmpt. Quantitative 
radiomics studies for tissue characterization: a review of technology and methodological 
procedures. Br. J. Radiol. 90:20160665, 2017. 

586. Aerts, H. J. W. L., E. R. Velazquez, R. T. H. Leijenaar, C. Parmar, P. Grossmann, S. Carvalho, J. 
Bussink, R. Monshouwer, B. Haibe-Kains, and D. Rietveld. Decoding tumour phenotype by 
noninvasive imaging using a quantitative radiomics approach. Nat. Commun. 5:4006, 2014. 

587. Eichler, K., S. Hempel, J. Wilby, L. Myers, L. M. Bachmann, and J. Kleijnen. Diagnostic value of 
systematic biopsy methods in the investigation of prostate cancer: a systematic review. J. 
Urol. 175:1605–1612, 2006. 

588. Weinreb, J. C., J. O. Barentsz, and P. L. Choyke. PIRADS Prostate Imaging - Reporting and Data 
System: 2015, version 2. Eur Urol 69:16, 2016. 

589. Smith, C. P., S. A. Harmon, T. Barrett, L. K. Bittencourt, Y. M. Law, H. Shebel, J. Y. An, M. 
Czarniecki, S. Mehralivand, M. Coskun, B. J. Wood, P. A. Pinto, J. H. Shih, P. L. Choyke, and B. 
Turkbey. Intra- and interreader reproducibility of PI-RADSv2: A multireader study. J. Magn. 
Reson. Imaging. In press, 2019. 

590. Klibanov, A. L., and J. A. Hossack. Ultrasound in Radiology: From Anatomic, Functional, 
Molecular Imaging to Drug Delivery and Image-Guided Therapy. Invest. Radiol. 50:, 2015. 

591. Woo, S., C. H. Suh, S. Y. Kim, J. Y. Cho, and S. H. Kim. Shear-Wave Elastography for Detection 
of Prostate Cancer: A Systematic Review and Diagnostic Meta-Analysis. Am. J. Roentgenol. 
209:806–814, 2017. 

592. Boehm, K., G. Salomon, B. Beyer, J. Schiffmann, K. Simonis, M. Graefen, and L. Budaeus. Shear 
Wave Elastography for Localization of Prostate Cancer Lesions and Assessment of Elasticity 



237 

  

Thresholds: Implications for Targeted Biopsies and Active Surveillance Protocols. J. Urol. 
193:794–800, 2015. 

593. Pallwein, L., M. Mitterberger, J. Gradl, F. Aigner, W. Horninger, H. Strasser, G. Bartsch, D. zur 
Nedden, and F. Frauscher. Value of contrast-enhanced ultrasound and elastography in 
imaging of prostate cancer. Curr. Opin. Urol. 17:39–47, 2007. 

594. Fay, M. P., and M. A. Proschan. Wilcoxon-Mann-Whitney or t-test? On assumptions for 
hypothesis tests and multiple interpretations of decision rules. Stat. Surv. 4:1–39, 2010. 

595. Stark, J. R., S. Perner, M. J. Stampfer, J. A. Sinnott, S. Finn, A. S. Eisenstein, J. Ma, M. Fiorentino, 
T. Kurth, M. Loda, E. L. Giovannucci, M. A. Rubin, and L. A. Mucci. Gleason score and lethal 
prostate cancer: does 3 + 4 = 4 + 3? J. Clin. Oncol. 27:3459–3464, 2009. 

596. Smith, C. P., M. Czarniecki, S. Mehralivand, R. Stoyanova, P. L. Choyke, S. Harmon, and B. 
Turkbey. Radiomics and radiogenomics of prostate cancer. Abdom. Radiol. 1–9, 2018. 

597. Guo, Y., Y. Hu, M. Qiao, Y. Wang, J. Yu, J. Li, and C. Chang. Radiomics analysis on ultrasound 
for prediction of biologic behavior in breast invasive ductal carcinoma. Clin. Breast Cancer 
18:e335–e344, 2018. 

598. Coroller, T. P., V. Agrawal, V. Narayan, Y. Hou, P. Grossmann, S. W. Lee, R. H. Mak, and H. J. W. 
L. Aerts. Radiomic phenotype features predict pathological response in non-small cell lung 
cancer. Radiother. Oncol. 119:480–486, 2016. 

599. Ingrisch, M., M. J. Schneider, D. Nörenberg, G. Negrao de Figueiredo, K. Maier-Hein, B. 
Suchorska, U. Schüller, N. Albert, H. Brückmann, M. Reiser, J.-C. Tonn, and B. Ertl-Wagner. 
Radiomic Analysis Reveals Prognostic Information in T1-Weighted Baseline Magnetic 
Resonance Imaging in Patients With Glioblastoma. Invest. Radiol. 52: 360-366, 2017. 

600. Harvey, H., V. Morgan, J. Fromageau, T. O’Shea, J. Bamber, and N. M. deSouza. Ultrasound 
Shear Wave Elastography of the Normal Prostate: Interobserver Reproducibility and 
Comparison with Functional Magnetic Resonance Tissue Characteristics. Ultrason. Imaging 
40:158–170, 2018. 

601. Marien, K. M., V. Croons, Y. Waumans, E. Sluydts, S. De Schepper, L. Andries, W. Waelput, E. 
Fransen, P. B. Vermeulen, M. M. Kockx, and G. R. Y. De Meyer. Development and Validation of 
a Histological Method to Measure Microvessel Density in Whole-Slide Images of Cancer 
Tissue. PLoS One 11:e0161496, 2016. 

602. Ferrer, F. A., L. J. Miller, R. I. Andrawis, S. H. Kurtzman, P. C. Albertsen, V. P. Laudone, and D. L. 
Kreutzer. Angiogenesis and Prostate Cancer: In vivo and In vitro Expression of Angiogenesis 
Factors by Prostate Cancer Cells. Urology 51:161–167, 1998. 

603. Kapetas, P., P. Clauser, R. Woitek, G. J. Wengert, M. Lazar, K. Pinker, T. H. Helbich, and P. A. T. 
Baltzer. Quantitative Multiparametric Breast Ultrasound: Application of Contrast-Enhanced 
Ultrasound and Elastography Leads to an Improved Differentiation of Benign and Malignant 
Lesions. Invest. Radiol. 54:257–267, 2019. 

604. van der Leest, M., E. Cornel, B. Israël, R. Hendriks, A. R. R. Padhani, M. Hoogenboom, P. 
Zamecnik, D. Bakker, A. Y. Y. Setiasti, J. Veltman, H. van den Hout, H. van der Lelij, I. van Oort, 
S. Klaver, F. Debruyne, M. Sedelaar, G. Hannink, M. Rovers, C. Hulsbergen-van de Kaa, and J. 
O. O. Barentsz. Head-to-head Comparison of Transrectal Ultrasound-guided Prostate Biopsy 
Versus Multiparametric Prostate Resonance Imaging with Subsequent Magnetic Resonance-
guided Biopsy in Biopsy-naïve Men with Elevated Prostate-specific Antigen: A Large 
Prospective Mu. Eur. Urol. 75:570–578, 2018. 

605. Rouvière, O. et al. Use of prostate systematic and targeted biopsy on the basis of 
multiparametric MRI in biopsy-naive patients (MRI-FIRST): a prospective, multicentre, paired 
diagnostic study. Lancet Oncol. 20:100–109, 2019. 

606. Moldovan, P. C. C., T. Van den Broeck, R. Sylvester, L. Marconi, J. Bellmunt, R. C. N. C. N. van 
den Bergh, M. Bolla, E. Briers, M. G. G. Cumberbatch, N. Fossati, T. Gross, A. M. M. Henry, S. 
Joniau, T. H. H. van der Kwast, V. B. B. Matveev, H. G. G. van der Poel, M. De Santis, I. G. G. 
Schoots, T. Wiegel, C. Y. Y. Yuan, P. Cornford, N. Mottet, T. B. B. Lam, and O. Rouvière. What Is 



238 

  

the Negative Predictive Value of Multiparametric Magnetic Resonance Imaging in Excluding 
Prostate Cancer at Biopsy? A Systematic Review and Meta-analysis from the European 
Association of Urology Prostate Cancer Guidelines Panel. Eur. Urol. 72:250–266, 2017. 

607. Ploussard, G., H. Borgmann, A. Briganti, P. de Visschere, J. J. Fütterer, G. Gandaglia, I. 
Heidegger, A. Kretschmer, R. Mathieu, P. Ost, P. Sooriakumaran, C. Surcel, D. Tilki, I. Tsaur, M. 
Valerio, and R. van den Bergh. Positive pre-biopsy MRI: are systematic biopsies still useful in 
addition to targeted biopsies? World J. Urol. 37:243–251, 2019. 

608. Walz, J. The “PROMIS” of Magnetic Resonance Imaging Cost Effectiveness in Prostate Cancer 
Diagnosis? Eur. Urol. 73:31–32, 2018. 

609. Sang, L., X. M. X.-M. Wang, D. Y. D.-Y. Xu, and Y. F. Y.-F. Cai. Accuracy of shear wave 
elastography for the diagnosis of prostate cancer: A meta-analysis. Sci. Rep. 7:1949, 2017. 

610. Ghai, S., G. Eure, V. Fradet, M. E. Hyndman, T. McGrath, B. Wodlinger, and C. P. Pavlovich. 
Assessing Cancer Risk on Novel 29 MHz Micro-Ultrasound Images of the Prostate: Creation 
of the Micro-Ultrasound Protocol for Prostate Risk Identification. J. Urol. 196:562–569, 2016. 

611. Good, D. W., G. D. Stewart, S. Hammer, P. Scanlan, W. Shu, S. Phipps, R. Reuben, and A. S. 
McNeill. Elasticity as a biomarker for prostate cancer: a systematic review. BJU Int. 113:523–
534, 2014. 

612. Boehm, K., P. Tennstedt, B. Beyer, J. Schiffmann, A. Beckmann, U. Michl, D. Beyersdorff, L. 
Budäus, M. Graefen, P. I. Karakiewicz, and G. Salomon. Additional elastography-targeted 
biopsy improves the agreement between biopsy Gleason grade and Gleason grade at radical 
prostatectomy. World J. Urol. 34:805–810, 2015. 

613. Dietrich, C. F. et al. How to perform Contrast-Enhanced Ultrasound (CEUS). Ultrasound Int. 
open 4:E2–E15, 2018. 

614. Schlomm, T., P. Tennstedt, C. Huxhold, T. Steuber, G. Salomon, U. Michl, H. Heinzer, J. Hansen, 
L. Budäus, S. Steurer, C. Wittmer, S. Minner, A. Haese, G. Sauter, M. Graefen, and H. Huland. 
Neurovascular structure-adjacent frozen-section examination (NeuroSAFE) increases nerve-
sparing frequency and reduces positive surgical margins in open and robot-assisted 
laparoscopic radical prostatectomy: Experience after 11 069 consecutive patients. Eur. Urol. 
62:333–340, 2012. 

615. Sauter, G. et al. Clinical utility of quantitative gleason grading in prostate biopsies and 
prostatectomy specimens. Eur. Urol. 69:592–598, 2016. 

616. Turkbey, B., H. Mani, V. Shah, A. R. Rastinehad, M. Bernardo, T. Pohida, Y. Pang, D. Daar, C. 
Benjamin, Y. L. McKinney, H. Trivedi, C. Chua, G. Bratslavsky, J. H. Shih, W. M. Linehan, M. J. 
Merino, P. L. Choyke, and P. A. Pinto. Multiparametric 3T prostate magnetic resonance imaging 
to detect cancer: histopathological correlation using prostatectomy specimens processed in 
customized magnetic resonance imaging based molds. J Urol 186:1818–1824, 2011. 

617. Le, J. D., N. Tan, E. Shkolyar, D. Y. Lu, L. Kwan, L. S. Marks, J. Huang, D. J. A. Margolis, S. S. 
Raman, and R. E. Reiter. Multifocality and Prostate Cancer Detection by Multiparametric 
Magnetic Resonance Imaging: Correlation with Whole-mount Histopathology. Eur. Urol. 
67:569–576, 2015. 

618. Isebaert, S., L. Van Den Bergh, K. Haustermans, S. Joniau, E. Lerut, L. De Wever, F. De Keyzer, 
T. Budiharto, P. Slagmolen, H. Van Poppel, R. Oyen, L. Van den Bergh, K. Haustermans, S. 
Joniau, E. Lerut, L. De Wever, F. De Keyzer, T. Budiharto, P. Slagmolen, and H. Van Poppel. 
Multiparametric MRI for prostate cancer localization in correlation to whole-mount 
histopathology. J. Magn. Reson. Imaging 37:1392–1401, 2013. 

619. Delongchamps, N. B., M. Rouanne, and T. Flam. Multiparametric magnetic resonance imaging 
for the detection and localization of prostate cancer: combination of T2-weighted, dynamic 
contrast-enhanced and diffusion-weighted imaging. BJU Int 107:1411–1418, 2011. 

620. Hoeks, C. M. a, T. Hambrock, D. Yakar, C. a Hulsbergen-van de Kaa, T. Feuth, J. A. Witjes, J. J. 
Fütterer, and J. O. Barentsz. Transition Zone Prostate Cancer: Detection and Localization with 
3-T Multiparametric MR Imaging 1. Radiology 266:207–217, 2013. 



239 

  

621. Maxeiner, A., C. Stephan, T. Durmus, T. Slowinski, H. Cash, and T. Fischer. Added Value of 
Multiparametric Ultrasonography in Magnetic Resonance. Urology 86:108–114, 2015. 

622. Weinreb, J. C., J. O. Barentsz, P. L. Choyke, F. Cornud, M. A. Haider, K. J. Macura, D. Margolis, 
M. D. Schnall, F. Shtern, C. M. Tempany, H. C. Thoeny, and S. Verma. PIRADS Prostate Imaging 
- Reporting and Data System: 2015, version 2. Eur. Urol. 69:16–40, 2016. 

623. Turkbey, B., P. A. Pinto, and H. Mani. Prostate cancer: value of multiparametric MR imaging at 
3 T for detection—histopathologic correlation. Radiology 255:89–99, 2010. 

624. Hicks, R. M., J. P. Simko, A. C. Westphalen, H. G. Nguyen, K. L. Greene, L. Zhang, P. R. Carrol, 
and T. A. Hope. Diagnostic Accuracy of 68Ga-PSMA-11 PET/MRI Compared with 
Multiparametric MRI in the Detection of Prostate Cancer. Radiology 289:730–737, 2018. 

625. Muller, B. G., J. H. Shih, S. Sankineni, J. Marko, S. Rais-Bahrami, A. George, J. J. M. C. H. de la 
Rosette, M. J. Merino, B. J. Wood, P. Pinto, P. L. Choyke, and B. Turkbey. Prostate Cancer: 
Interobserver Agreement and Accuracy with the Revised Prostate Imaging Reporting and Data 
System at Multiparametric MR Imaging. Radiology 277:741–750, 2015. 

626. Wegelin, O., K. R. Henken, D. M. Somford, F. A. M. Breuking, R. J. Bosch, C. F. P. Van Swol, and 
H. H. E. Van Melick. An ex vivo phantom validation study of an MRI-transrectal ultrasound 
fusion device for targeted prostate biopsy. J. Endourol. 30:685–691, 2016. 

627. Hu, Y., V. Kasivisvanathan, L. A. M. Simmons, M. J. Clarkson, S. A. Thompson, T. T. Shah, H. U. 
Ahmed, S. Punwani, D. J. Hawkes, M. Emberton, C. M. Moore, and D. C. Barratt. Development 
and Phantom Validation of a 3-D-Ultrasound-Guided System for Targeting MRI-Visible 
Lesions During Transrectal Prostate Biopsy. IEEE Trans. Biomed. Eng. 64:946–958, 2017. 

628. Westhoff, N., F. P. Siegel, D. Hausmann, M. Polednik, J. von Hardenberg, M. S. Michel, and M. 
Ritter. Precision of MRI/ultrasound-fusion biopsy in prostate cancer diagnosis: an ex vivo 
comparison of alternative biopsy techniques on prostate phantoms. World J. Urol. 35:1015–
1022, 2017. 

629. Rosenkrantz, A. B., S. Verma, P. Choyke, S. C. Eberhardt, S. E. Eggener, K. Gaitonde, M. A. Haider, 
D. J. Margolis, L. S. Marks, P. Pinto, G. A. Sonn, and S. S. Taneja. Prostate Magnetic Resonance 
Imaging and Magnetic Resonance Imaging Targeted Biopsy in Patients with a Prior Negative 
Biopsy: A Consensus Statement by AUA and SAR. J. Urol. 196:1613–1618, 2016. 

630. Schalk, S. G. Towards 3D prostate cancer localization by contrast-ultrasound dispersion 
imaging. Dissertation, 2017. 

631. Zareba, P., R. Flavin, M. Isikbay, J. R. Rider, T. A. Gerke, S. Finn, A. Pettersson, F. Giunchi, R. H. 
Unger, A. M. Tinianow, S.-O. Andersson, O. Andrén, K. Fall, M. Fiorentino, L. A. Mucci, and T. P. 
C. P. (ToPCaP). Perineural Invasion and Risk of Lethal Prostate Cancer. Cancer Epidemiol. 
Biomarkers Prev. 26:719–726, 2017. 

632. Peltier, A., F. Aoun, F. El-Khoury, E. Hawaux, K. Limani, K. Narahari, N. Sirtaine, and R. Van 
Velthoven. 3D versus 2D systematic transrectal ultrasound-guided prostate biopsy: higher 
cancer detection rate in clinical practice. Prostate Cancer, 2013. 

633. Unal, D., J. P. M. Sedelaar, R. G. Aarnink, G. Van Leenders, H. Wijkstra, F. M. J. Debruyne, and 
J. De La Rosette. Three-dimensional contrast-enhanced power Doppler ultrasonography and 
conventional examination methods: the value of diagnostic predictors of prostate cancer. BJU 
Int. 86:58–64, 2000. 

634. Demitri, C., A. Sannino, F. Conversano, S. Casciaro, A. Distante, and A. Maffezzoli. Hydrogel 
based tissue mimicking phantom for in-vitro ultrasound contrast agents studies. J. Biomed. 
Mater. Res. Part B Appl. Biomater. 87B:338–345, 2008. 

635. Luu, L., P. A. Roman, S. A. Mathews, and J. C. Ramella-Roman. Microfluidics based phantoms 
of superficial vascular network. Biomed. Opt. Express 3:1350–1364, 2012. 

636. Christensen-Jeffries, K., J. Brown, P. Aljabar, M. Tang, C. Dunsby, and R. J. Eckersley. 3-D In 
Vitro Acoustic Super-Resolution and Super-Resolved Velocity Mapping Using Microbubbles. 
IEEE Trans. Ultrason. Ferroelectr. Freq. Control 64:1478–1486, 2017. 



240 

  

637. Lin, F., S. E. Shelton, D. Espíndola, J. D. Rojas, G. Pinton, and P. A. Dayton. 3-D ultrasound 
localization microscopy for identifying microvascular morphology features of tumor 
angiogenesis at a resolution beyond the diffraction limit of conventional ultrasound. 
Theranostics 7:196–204, 2017. 

638. Lang, S., B. Müller, M. D. Dominietto, P. C. Cattin, I. Zanette, T. Weitkamp, and S. E. Hieber. 
Three-dimensional quantification of capillary networks in healthy and cancerous tissues of 
two mice. Microvasc. Res. 84:314–322, 2012. 

639. Shelton, S. E., Y. Z. Lee, M. Lee, E. Cherin, F. S. Foster, S. R. Aylward, and P. A. Dayton. 
Quantification of Microvascular Tortuosity during Tumor Evolution Using Acoustic 
Angiography. Ultrasound Med. Biol. 41:1896–1904, 2015. 

640. O’Flynn, P. M., G. O’Sullivan, and A. S. Pandit. Methods for Three-Dimensional Geometric 
Characterization of the Arterial Vasculature. Ann. Biomed. Eng. 35:1368–1381, 2007. 

641. Erickson, B. J., P. Korfiatis, Z. Akkus, and T. L. Kline. Machine Learning for Medical Imaging. 
RadioGraphics 37:505–515, 2017. 

642. Fischer, A. H., K. A. Jacobson, J. Rose, and R. Zeller. Hematoxylin and eosin staining of tissue 
and cell sections. Cold Spring Harb. Protoc. 2008:4986, 2008. 

643. Chan, J. K. C. The Wonderful Colors of the Hematoxylin–Eosin Stain in Diagnostic Surgical 
Pathology. Int. J. Surg. Pathol. 22:12–32, 2014. 

644. Shelton, S. E., B. D. Lindsey, P. A. Dayton, and Y. Z. Lee. First-in-Human Study of Acoustic 
Angiography in the Breast and Peripheral Vasculature. Ultrasound Med. Biol. 43:2939–2946, 
2017. 

645. Cox, B., and P. Beard. Super-resolution ultrasound. Nature 527:451–452, 2015. 

646. Panfilova, A., S. E. Shelton, C. Caresio, R. J. G. van Sloun, F. Molinari, H. Wijkstra, P. A. Dayton, 
and M. Mischi. On the Relationship between Dynamic Contrast-Enhanced Ultrasound 
Parameters and the Underlying Vascular Architecture Extracted from Acoustic Angiography. 
Ultrasound Med. Biol. 45:539–548, 2019. 

647. Turco, S. Pharmacokinetic modeling in cancer: from functional to molecular imaging of 
angiogenisis. Dissertation, 2018. 

648. Forster, J. C., W. M. Harriss-Phillips, M. J. Douglass, and E. Bezak. A review of the development 
of tumor vasculature and its effects on the tumor microenvironment. Hypoxia 5:21–32, 2017. 

649. Nagy, J. A., S. H. Chang, A. M. Dvorak, and H. F. Dvorak. Why are tumour blood vessels 
abnormal and why is it important to know? Br. J. Cancer 100:865–869, 2009. 

650. Harabis, V., R. Kolar, M. Mezl, and R. Jirik. Comparison and evaluation of indicator dilution 
models for bolus of ultrasound contrast agents. Physiol. Meas. 34:151–162, 2013. 

651. Taylor, K. J., I. Ramos, D. Carter, S. S. Morse, D. Snower, and K. Fortune. Correlation of Doppler 
US tumor signals with neovascular morphologic features. Radiology 166:57–62, 1988. 

652. Gennisson, J.-L., N. Grenier, C. Combe, and M. Tanter. Supersonic Shear Wave Elastography 
of In Vivo Pig Kidney: Influence of Blood Pressure, Urinary Pressure and Tissue Anisotropy. 
Ultrasound Med. Biol. 38:1559–1567, 2012. 

653. Elyas, E., E. Papaevangelou, E. J. Alles, J. T. Erler, T. R. Cox, S. P. Robinson, and J. C. Bamber. 
Correlation of ultrasound shear wave elastography with pathological analysis in a xenografic 
tumour model. Sci. Rep. 7:165, 2017. 

654. Gu, J., H. Zhang, F. Li, F. Gao, Y. Liu, L. Xing, L. Jin, X. Zhang, L. Yuan, and L. Du. Relationship 
of shear wave elastography findings with pathology in papillary thyroid carcinomas model. Int. 
J. Clin. Exp. Med. 10:8110–8117, 2017. 

655. Islam, M. T., A. Chaudhry, G. Unnikrishnan, J. N. Reddy, and R. Righetti. An analytical 
poroelastic model for ultrasound elastography imaging of tumors. Phys. Med. Biol. 63:25031, 
2018. 



241 

  

656. van Sloun, R., L. Demi, C. Shan, and M. Mischi. Ultrasound coefficient of nonlinearity imaging. 
IEEE Trans. Ultrason. Ferroelectr. Freq. Control. 62:1331–1341, 2015. 

657. Turco, S., I. Tardy, P. Frinking, H. Wijkstra, and M. Mischi. Quantitative ultrasound molecular 
imaging by modeling the binding kinetics of targeted contrast agent. Phys. Med. Biol. 
62:2449–2464, 2017. 

658. Lambin, P., R. T. H. Leijenaar, T. M. Deist, J. Peerlings, E. E. C. de Jong, J. van Timmeren, S. 
Sanduleanu, R. T. H. M. Larue, A. J. G. Even, A. Jochems, Y. van Wijk, H. Woodruff, J. van Soest, 
T. Lustberg, E. Roelofs, W. van Elmpt, A. Dekker, F. M. Mottaghy, J. E. Wildberger, and S. Walsh. 
Radiomics: the bridge between medical imaging and personalized medicine. Nat. Rev. Clin. 
Oncol. 14:749–762, 2017. 

659. Parmar, C., P. Grossmann, J. Bussink, P. Lambin, and H. J. W. L. Aerts. Machine learning 
methods for quantitative radiomic biomarkers. Sci. Rep. 5:13087, 2015. 

660. Theek, B., T. Opacic, Z. Magnuska, T. Lammers, and F. Kiessling. Radiomic analysis of 
contrast-enhanced ultrasound data. Sci. Rep. 8:11359, 2018. 

661. Zhou, Y., J. Xu, Q. Liu, C. Li, Z. Liu, M. Wang, H. Zheng, and S. Wang. A Radiomics Approach 
with CNN for Shear-wave Elastography Breast Tumor Classification. IEEE Trans. Biomed. Eng. 
65:1935–1942, 2018. 

662. Nyarangi-Dix, J., M. Wiesenfarth, D. Bonekamp, B. Hitthaler, V. Schütz, S. Dieffenbacher, M. 
Mueller-Wolf, W. Roth, A. Stenzinger, S. Duensing, M. Roethke, D. Teber, H.-P. Schlemmer, M. 
Hohenfellner, and J. P. Radtke. Combined Clinical Parameters and Multiparametric Magnetic 
Resonance Imaging for the Prediction of Extraprostatic Disease—A Risk Model for Patient-
tailored Risk Stratification When Planning Radical Prostatectomy. Eur. Urol. Focus. In press, 
2018. 

663. Nickel, J. C., D. Ardern, and J. Downey. Cytologic evaluation of urine is important in evaluation 
of chronic prostatitis. Urology 60:225–227, 2002. 

664. Kawakami, J., D. R. Siemens, and J. C. Nickel. Prostatitis and prostate cancer: Implications for 
prostate cancer screening. Urology 64:1075–1080, 2004. 

665. Dickinson, L., H. U. Ahmed, C. Allen, J. O. Barentsz, B. Carey, J. J. Futterer, S. W. Heijmink, P. 
Hoskin, A. P. Kirkham, and A. R. Padhani. Scoring systems used for the interpretation and 
reporting of multiparametric MRI for prostate cancer detection, localization, and 
characterization: could standardization lead to improved utilization of imaging within the 
diagnostic pathway? J. Magn. Reson. Imaging 37:48–58, 2013. 

666. Nattkemper, T. W. Multivariate image analysis in biomedicine. J. Biomed. Inform. 37:380–391, 
2004. 

667. Morin, O., M. Vallières, A. Jochems, H. C. Woodruff, G. Valdes, S. E. Braunstein, J. E. Wildberger, 
J. E. Villanueva-Meyer, V. Kearney, S. S. Yom, T. D. Solberg, and P. Lambin. A Deep Look Into 
the Future of Quantitative Imaging in Oncology: A Statement of Working Principles and 
Proposal for Change. Int. J. Radiat. Oncol. 102:1074–1082, 2018. 

668. Song, Y., Y.-D. Zhang, X. Yan, H. Liu, M. Zhou, B. Hu, and G. Yang. Computer-aided diagnosis 
of prostate cancer using a deep convolutional neural network from multiparametric MRI. J. 
Magn. Reson. Imaging 48:1570–1577, 2018. 

669. Wang, Y., B. Zheng, D. Gao, and J. Wang. Fully convolutional neural networks for prostate 
cancer detection using multi-parametric magnetic resonance images: an initial investigation. 
Proc. 24th Int. Conf. Pattern Recognit. 3814–3819, 2019. 

670. Wang, X., W. Yang, J. Weinreb, J. Han, Q. Li, X. Kong, Y. Yan, Z. Ke, B. Luo, T. Liu, and L. Wang. 
Searching for prostate cancer by fully automated magnetic resonance imaging classification: 
deep learning versus non-deep learning. Sci. Rep. 7:15415, 2017. 

671. Yang, M. H. L. and J. C. and L. W. and Z. W. and W. L. and K.-T. (Tim) C. and X. Automated 
diagnosis of prostate cancer in multi-parametric MRI based on multimodal convolutional 
neural networks. Phys. Med. Biol. 62:6497–6514, 2017. 



242 

  

672. Zhong, X., R. Cao, S. Shakeri, F. Scalzo, Y. Lee, D. R. Enzmann, H. H. Wu, S. S. Raman, and K. 
Sung. Deep transfer learning-based prostate cancer classification using 3 Tesla multi-
parametric MRI. Abdom. Radiol. In press, 2018. 

673. Reda, I., A. Khalil, M. Elmogy, A. Abou El-Fetouh, A. Shalaby, M. Abou El-Ghar, A. Elmaghraby, 
M. Ghazal, and A. El-Baz. Deep Learning Role in Early Diagnosis of Prostate Cancer. Technol. 
Cancer Res. Treat. 17:1533034618775530, 2018. 

674. Fehr, D., H. Veeraraghavan, A. Wibmer, T. Gondo, K. Matsumoto, H. A. Vargas, E. Sala, H. Hricak, 
and J. O. Deasy. Automatic classification of prostate cancer Gleason scores from 
multiparametric magnetic resonance images. Proc. Natl. Acad. Sci. 112:E6265–E6273, 2015. 

675. Sumathipala, Y., N. Lay, B. Turkbey, C. Smith, P. L. Choyke, and R. M. Summers. Prostate cancer 
detection from multi-institution multiparametric MRIs using deep convolutional neural 
networks. 5:44507–44512, 2018. 

676. Tsehay, Y. K., N. S. Lay, H. R. Roth, X. Wang, J. T. Kwak, B. I. Turkbey, P. A. Pinto, B. J. Wood, 
and R. M. Summers. Convolutional neural network based deep-learning architecture for 
prostate cancer detection on multiparametric magnetic resonance images. Med. Imaging 
2017 Comput. Diagnosis 10134:05, 2017. 

677. Kwon, D., I. M. Reis, A. L. Breto, Y. Tschudi, N. Gautney, O. Zavala-Romero, C. Lopez, J. C. Ford, 
S. Punnen, A. Pollack, and R. Stoyanova. Classification of suspicious lesions on prostate 
multiparametric MRI using machine learning. 5:34502–34509, 2018. 

678. Liu, S., H. Zheng, Y. Feng, and W. Li. Prostate cancer diagnosis using deep learning with 3D 
multiparametric MRI. Med. Imaging 2017 Comput. Diagnosis 10134:28, 2017. 

679. Khosravan, N., H. Celik, B. Turkbey, E. C. Jones, B. Wood, and U. Bagci. A collaborative 
computer aided diagnosis (C-CAD) system with eye-tracking, sparse attentional model, and 
deep learning. Med. Image Anal. 51:101–115, 2019. 

680. Mehrtash, A., A. Sedghi, M. Ghafoorian, M. Taghipour, C. M. Tempany, W. M. Wells  3rd, T. 
Kapur, P. Mousavi, P. Abolmaesumi, and A. Fedorov. Classification of Clinical Significance of 
MRI Prostate Findings Using 3D Convolutional Neural Networks. Proc. SPIE The Int. Soc. Opt. 
Eng. 10134:101342A, 2017. 

681. Armato, S. G., H. Huisman, K. Drukker, L. Hadjiiski, J. S. Kirby, N. Petrick, G. Redmond, M. L. 
Giger, K. Cha, A. Mamonov, J. Kalpathy-Cramer, and K. Farahani. PROSTATEx Challenges for 
computerized classification of prostate lesions from multiparametric magnetic resonance 
images. 5:44501–44509, 2018. 

682. Peikari, M., S. Salama, S. Nofech-Mozes, and A. L. Martel. A Cluster-then-label Semi-
supervised Learning Approach for Pathology Image Classification. Sci. Rep. 8:7193, 2018. 

683. Yamashita, R., M. Nishio, R. K. G. Do, and K. Togashi. Convolutional neural networks: an 
overview and application in radiology. Insights Imaging 9:611–629, 2018. 

684. Mischi, M., L. Demi, M. Smeenge, M. P. J. Kuenen, A. W. Postema, J. J. M. C. H. de la Rosette, 
and H. Wijkstra. Transabdominal Contrast-Enhanced Ultrasound Imaging of the Prostate. 
Ultrasound Med. Biol. 41:1112–1118, 2015. 

685. Gennisson, J., J. Provost, T. Deffieux, C. Papadacci, M. Imbault, M. Pernot, and M. Tanter. 4-D 
ultrafast shear-wave imaging. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 62:1059–1065, 
2015. 

686. Karadayi, K., R. Managuli, and Y. Kim. Three-dimensional ultrasound: From acquisition to 
visualization and from algorithms to systems. IEEE Rev. Biomed. Eng. 2:23–39, 2009. 

687. Correia, M., J. Provost, M. Tanter, and M. Pernot. 4D ultrafast ultrasound flow imaging:in 
vivoquantification of arterial volumetric flow rate in a single heartbeat. Phys. Med. Biol. 
61:L48–L61, 2016. 

688. Cornelis, F., Y. Le Bras, G. Rigou, J. M. Correas, and N. Grenier. Contrast-Enhanced Ultrasound 
in Prostate Cancer. Image Guid. Prostate Cancer Treat. 47–53, 2014. 



243 

  

689. Apfelbeck, M., D.-A. Clevert, J. Ricke, C. Stief, and B. Schlenker. Contrast enhanced ultrasound 
(CEUS) with MRI image fusion for monitoring focal therapy of prostate cancer with high 
intensity focused ultrasound (HIFU). Clin. Hemorheol. Microcirc. 69:93–100, 2018. 

690. Sukhikh, G., and A. N. Sencha. Multiparametric Ultrasound Diagnosis of Breast Diseases. 
Cham, Switzerland: Springer Nature, 2018. 

691. Sidhu, P. S. Multiparametric Ultrasound (MPUS) Imaging: Terminology Describing the Many 
Aspects of Ultrasonography. Ultraschall der Medizin 36:315–317, 2015. 

692. Cantisani, V., V. D’Andrea, F. Biancari, O. Medvedyeva, M. Di Segni, M. Olive, G. Patrizi, A. Redler, 
E. De Antoni E, R. Masciangelo, F. Frezzotti, and P. Ricci. Prospective evaluation of 
multiparametric ultrasound and quantitative elastosonography in the differential diagnosis of 
benign and malignant thyroid nodules: Preliminary experience. Eur. J. Radiol. 81:2678–2683, 
2012. 

693. Isidori, A. M., V. Cantisani, E. Giannetta, D. Diacinti, E. David, V. Forte, D. Elia, C. De Vito, E. 
Sbardella, D. Gianfrilli, F. Monteleone, J. Pepe, S. Minisola, G. Ascenti, V. D’Andrea, C. Catalano, 
and F. D’Ambrosio. Multiparametric ultrasonography and ultrasound elastographyin the 
differentiation of parathyroid lesions from ectopicthyroid lesions or lymphadenopathies. 
Endocrine 57:335–343, 2017. 

 

  



244 

  

 

 

Acknowledgements 
 

 
 

While writing this, I am leaning backwards in my chair with a fresh coffee within reach. 
It is late afternoon and I have a perfect view of Eindhoven’s sun-lit skyline. I realise that 
this very chapter marks the end of my PhD track. There are just a few more paragraphs 
to be written and some last (presumably futile) spelling checks to be performed, leaving 
me only with the final preparations for the defence. And then it is done.  

Time for some contemplation. What was my PhD experience like? Was it a struggle? 
True, some reviewers were blatantly unfair. Occasionally my dreams were haunted by 
bugs in computer codes. And algorithms failed so frequently that, at some point, good 
results always came with a sense of foreboding—because, surely, there had to be a 
mistake somewhere. But, despite some bumps along the way, PhD life offered far more 
joys. Looking at your own name above a freshly published article. Travelling abroad for 
a conference. The freedom to pursue your own crazy (or as I like to refer to them—
creative) ideas. And most importantly, easily forgotten in the tumultuous deadline-rid-
den months of thesis writing, the people with whom you have the honour to work. 

As I watch out of the window, students gather with some drinks on the rooftop terrace 
below. It makes me think of trying to make it in time for the IEEE Student Branch New 
Year’s Dinner, joining my first promotor prof. dr. ir. Massimo Mischi in a post-confer-
ence jog to Rotterdam Central Station. Massimo, aside your tremendous scientific 
support, for me moments like these are exemplary of your committed supervision style. 
I do not think that many promotors always take the time when you knock on the door 
with a question, even when grant deadlines are approaching at an almost unfairly high 
rate. Nor do I think that many promotors always manage to show appreciation for the 
small victories of PhD candidates. On top of this, I could always count on receiving 
detailed comments on my manuscripts, even after midnight, or from an airplane. But 
most of all, I am grateful for your confidence and the open research atmosphere you 
provided throughout my PhD.  

Partially blocking my view through the window are two bulky 3-kg volumes of Smith’s 
Textbook of Endourology. One of its 166 chapters comprises the first writing project of 
my PhD, initiated by my second promotor, prof. dr. ir. Hessel Wijkstra. Hessel, I would 
like to thank you for your refreshing comments during the Wednesday meetings in 
search for the true clinical validity of my work. I learned a lot from (and very much en-
joyed) your critical view of medical technology, imaging modalities, and companies. 
The arrival of the physical Textbook this very week reminds me of your unwavering 
drive to bridge the gap between technology and the clinic, which for instance allowed 
me to go to the Martini Clinic in Hamburg (more on which later). 



245 

  

In line with this, I am grateful to have a PhD committee with a vast range of clinical 
and technical expertises. I really value the time and effort invested by its members, prof. 
dr. ir. Meng-Xing Tang, prof. dr. ir. Marcel Breeuwer, dr. Jochen Walz, and dr. ir. Richard 
Lopata, for critically reading the manuscript. Special thanks to prof. dr. Harrie Beerlage, 
supporting me conducting part of my research in the Jeroen Bosch Hospital and the 
Amsterdam University Medical Centre. Moreover, I would like to express my gratitude 
to dr. ir. Maarten Kuenen, also for finding a way to squeeze regular meetings into an 
already busy calendar. Maarten, I am honoured to work on the research line you helped 
to shape and I am glad that you agreed to take part in the committee.  

The students in the rooftop bar make a toast. Another memory of my PhD period 
springs to mind: one of a celebratory drink in a London-themed bar in downtown 
Ljubljana. It is one of the many trips I shared with dr. ir. Van Sloun. Ruud, I am proud 
that you are serving as my co-promotor. It is a privilege to work together so closely on 
many projects—having been able to distract you with just a 180-degree chair rotation, 
discussing recently published articles in awe (or in disgust), contemplating our field of 
work (among many other things), and caressing blocks of tofu for experimental pur-
poses. Meanwhile, I learned an awful lot on how to approach a PhD. It is you, for 
example, who taught (and helped) me to also grab research opportunities beyond my 
initial question. Above all, I still very much enjoy discussing anything from ultrasound 
sequences to music (which is just a few Hz apart, when you think about it), not sporad-
ically accompanied with drinks—from beers in a rather dubious American franchise 
restaurant of which I cannot reveal the name to the occasional whisky in several Dutch 
pubs of which I can. 

Though, if I must be absolutely honest, the best drink of my PhD was the German 
beer (combined with an unsettling number of chicken wings) to celebrate the inclusion 
of five study patients in a single day; a day that involved running from ward to ward, 
from overheated examination room to overcooled operating theatre, while hardly no-
ticing that the hallways slowly had become deserted. Christophe, our collaboration 
during and beyond our multiparametric mission has been both a very pleasant and en-
lightening experience. Though, I feel I should apologise for abusing your e-mail address 
for every little clinical question popping into my mind. Of course, I am also very grateful 
to prof. dr. Georg Salomon for inviting us to Hamburg, for generously hosting the mul-
tiparametric ultrasound study, and foremost for the opportunity to experience the 
clinical practice firsthand. I would also like to mention Johanna, whose role in the study 
should not be understated. 

Yet, I would argue that one cannot say to have had true clinical research experience 
without participating in a consensus panel delineating prostate recordings. Arnoud and 
Maudy, even though the days were quite tiresome, these sessions have been instructive 
and fun, and the wealth of data you provided helped shape this thesis. Closer to the 
TU/e, now almost reflected in the windows of the new Atlas building, also the Catharina 
hospital has been a stage for clinical collaboration. I would like to thank prof. dr. Dick 
Schoot for enthusiastically inviting me to broaden my line of research slightly in the 
abdominal sense, but quite considerably along gender lines—to the uterus. Indeed, 
Celine, it has been a great joy to work together and explore the subtle giveaways of 
successful in-vitro fertilisation. Just as much, Nienke, I really enjoyed running towards 



246 

  

the finish line of our PhD tracks almost synchronously.  

Now the blinds of my office close, unexpectedly, and I focus on my computer. Yet 
another memory pops up. Somewhere, in a distant back-up folder, there is an .mp3-file 
named ‘The Prostate Song’ that somehow combines Gloria Gaynor, We Will Rock You, 
and prostate-related lyrics. It gained our research team the first place in a song contest 
nothing short of Eurovision. This is an exception, because for me the first place was 
rather out of reach during laser tag or go-karting. Nonetheless, I thoroughly enjoyed the 
great working atmosphere within the CUDI team. Dr. ir. Demi, Libe, thanks for enthusi-
astically helping me to get started with my PhD project. Dr. ir. Schalk, Stefan, it has been 
an honour to expand on your (elegantly programmed) work in CUDI as much as it is fun 
to occasionally conquer a needlessly steep wall. In the meantime, it has always been a 
great reassurance that dr. ir. Turco, Simona, you knew where to go in every foreign air-
port. Moreover, I would like to thank Anastasiia (with whom I shared the full IMPULS2-
experience) and Peiran (who has earned my eternal respect for dealing with experi-
mental, water-filled set-ups). 

This also holds for those rather unconcerned with the prostate. With the risk of inad-
vertently leaving someone out, thanks to Anouk, Beatrijs, Bas, Chiara, Christina, Eleni, 
Eleonora, Elisabetta, Federica (with whom I stepped into our mutual uncomfort zone of 
the heart), Gabriele, Luuk (who has been a lifesaver by looking after the servers), Lin, 
Maretha, Marina, Merel, Myrthe, Paul (who courageously shared the experience in the 
aforementioned nondisclosed American franchise restaurant as well as in some un-
necessarily flashy Japanese bars), Rik, Salvatore (despite whose stories I still aspired 
a PhD), Tom (who I hope still aspires a PhD despite my stories), and Yizhou. Last but 
not least, also a warm thanks to Linda, an essential member of the group whose de-
fence I look very much forward to. Also outside BM/d, there are many more people in 
the SPS group I would like to thank—most specifically, prof. dr. ir. Jan Bergmans, for 
providing the constructive research environment and his guidance. Furthermore, I really 
appreciated the patience of Carla, Judith, and Marieke, especially when struggling to 
understand the receipt-reimbursement system or ICT services—which are arguably 
more complicated than most signal processing techniques.  

It is now slowly getting dark. The TU/e chimney lights up just outside my window. 
Well, at least 80 percent of it. It is not an unfamiliar sight, as there has been some after-
hours working during my PhD. Fortunately, I could count on many people to put that 
kind of pain into perspective by muscle ache from bouldering, headache from some 
late-night drinking, stomach ache from all-you-can-eat dinners, hand- and elbow ache 
from extravagant piano playing, a considerably bruised ego from parlour game defeats, 
jet lags from (last-minute) city trips, and general tiredness from implementing proof-
readers’ revisions after midnight. Therefore, I would like to express my gratitude to An-
ouk, Steven, Bastiaan, Belinda, Edward, Eva, Gideon, Gloria, Iris, Jeroen, Kelly, Kimberley, 
Lieke, Marieke, Marlou, Maura, Tim, Tim (not necessarily in that order), Xaveria, and 
Yoeri. It is a pity the university only allows two paranymphs. I checked. 

Nevertheless, I feel that the last section of these acknowledgements should be ded-
icated to mum, dad, Mansje, and my entire (bonus)family (among whom Marloes, who 
designed this wonderful thesis lay-out). This is not the place to go into detail, because 



247 

  

then this paragraph would be the size of a book, forcing the rest of the book to be the 
size of a paragraph. I can only hope that I will be able to return the level of support, 
encouragement, and love you have given me to get where I am today and arrive where 
I will be tomorrow. 

The bar below announces the last round. Time to go.  

 
—Rogier 

 

  



248 

  

 

 

Curriculum Vitae 
 

Rogier Wildeboer was born in Rotterdam, The 
Netherlands, on Thursday September 27, 
1990. After starting his academic education 
at the Junior University College within Utrecht 
University, he moved to Enschede, where re-
ceived his BSc degree in Biomedical Tech-
nology cum laude and with honours from the 
University of Twente. For his BSc research on 
Photoacoustic Super Harmonic Imaging, he 
was awarded the 2012 Student Research 
Award. In 2015, he obtained an MSc degree 
with distinction cum laude in both Biomedical 
Engineering and Applied Physics. During his 
MSc curriculum, he spend four months in the 
United Kingdom to work on the characterisation of magnetic nanoparticles for breast 
cancer treatment at the University College London. His MSc thesis entitled ‘Develop-
ment of a differential magnetometry set-up with separate coils for Sentinel Lymph 
Node Mapping’ was awarded the Philips Graduation Award for Biomedical Engineering 
by the Royal Holland Society of Sciences and Humanities and the Faculty Master The-
sis Award by the University of Twente. 

In 2015, Rogier started his PhD project within the IMPULS2-program hosted by Eind-
hoven University of Technology in collaboration with Philips Research and the Jeroen 
Bosch Hospital in ‘s-Hertogenbosch. Working closely together also with the Amster-
dam University Medical Centres and the Martini Clinic in Hamburg, Germany, he studied 
the use of multiparametric and multidimensional ultrasound imaging of prostate can-
cer. Rogier authored more than 15 journal publications, three book chapters, and over 
25 conference contributions. During his PhD research, he received two NVIDIA Aca-
demic GPU Grants and an IEEE IUS 2018 Student Travel Support Award. Moreover, his 
contribution to the European Symposium on Ultrasound Contrast Imaging was 
awarded the Best Poster Prize in New Directions twice in a row and, in 2019, he will 
serve as the national candidate for EFSUMB’s Young Investigator Award by the Dutch 
Society of Medical Ultrasound.  

 

 

 



 
 
 
 

STELLINGEN 

 
 

 

 

BEHORENDE BIJ HET PROEFSCHRIFT 
 

 
 

Multiparametric and Multidimensional 
 

 A Three-Dimensional and Multiparametric Approach to 
Ultrasound Imaging of Prostate Cancer 

 

 
 

DOOR 
 

 
 

Rogier Wildeboer 
 
 

 

 
  



 
 
1 In scientific articles, the ground truth should be equally 

well described as the technique to be validated. 
(PART 1) 

 
 

2 Accurate registration is not only key to better validation, it 
can also help improving and characterising a technique. 

(PART 1) 

 
3 Introducing an extra dimension to ultrasound analyses is 

just as important as, if not more than, adding an extra 
meaningful feature to a multiparametric ultrasound 
approach. 

(PART 2) 

 
4 There are two approaches to effective filtering: either you 

should know what to see, or you should know what not to 
see. 

(PART 2) 

 
5 There is only one approach to effective machine learning: 

you should know what to learn and you should know what 
not to learn. 

(PART 3) 

 
6 Angiogenesis is rather a key to prostate cancer imaging 

than the key. 
(PART 3) 

 
7 Just like multiparametric MRI, multiparametric US 

improves on the diagnostic performance of its single 
conventional technique. 

(PART 3) 

 
 
 



 

 
 
8 Computer-Aided Diagnosis in biomedicine should be 

symbiotic, rather than parasitic or predatory—computers 
should learn from humans and humans should learn from 
computers. 

 
 
9 The current problem with Computer-Aided Diagnosis is 

that people are rather treated by an ill-trained doctor than 
an ill-trained machine—or a well-trained machine for that 
matter. 

 
 
10 If ultrasound were twice as profitable, it would be at least 

twice as popular. 
 
 
11 The most-celebrated scientists persisted when the 

scientific community said they were wrong—so did the 
most hated. 

 
 
12 There should be a Nobel Prize for scientists that 

excellently reproduced other people’s results or disproved 
their own hypothesis.  

 
 
13 The best attitude to reading a scientific article is to 

assume it does not reflect reality, the best way to 
approach fiction is to assume it does.  

 


	Summary
	Nederlandse Samenvatting
	Contents
	List of Abbreviations
	List of Symbols
	Part 0: Prologue
	1. Introduction: Scope of this Thesis
	1.1. Motivation
	1.2. Objectives of this thesis
	1.3. Outline of this thesis
	1.3.1. On the validation and segmentation of prostate imaging
	1.3.2. On the expansion of contrast-ultrasound to three dimensions
	1.3.3. On the multiparametric combination of ultrasound imaging
	1.3.4. Discussion and conclusion

	1.4. List of author’s publications
	1.4.1. Journal papers
	1.4.2. Book chapters
	1.4.3. International conferences
	1.4.4. Regional conferences


	2. Background: Prostate Cancer Care
	2.1. The prostate
	2.1.1. The healthy prostate
	2.1.2. Prostate cancer
	2.1.3. Benign prostate disease

	2.2. Prostate cancer diagnosis
	2.2.1. Prostate cancer development
	2.2.2. Digital rectal examination
	2.2.3. Prostate-specific antigen levels
	2.2.4. Systematic biopsy
	2.2.5. Magnetic resonance imaging
	2.2.5.1. T1- and T2-weighted MRI
	2.2.5.2. Diffusion-weighted MRI
	2.2.5.3. Magnetic resonance spectroscopy
	2.2.5.4. Dynamic contrast-enhanced MRI
	2.2.5.5. Multiparametric MRI

	2.2.6. Ultrasound imaging
	2.2.6.1. Greyscale transrectal ultrasound
	2.2.6.2. Computer-aided ultrasound
	2.2.6.3. Doppler sonography
	2.2.6.4. Elastography
	2.2.6.5. Contrast-enhanced ultrasound
	2.2.6.6. Contrast-ultrasound dispersion imaging
	2.2.6.7. Ultrasound molecular imaging
	2.2.6.8. Multiparametric ultrasound

	2.2.7. Computed tomography and nuclear imaging

	2.3. Management of prostate cancer
	2.3.1. Active surveillance and watchful waiting
	2.3.2. Radical prostatectomy
	2.3.3. Radiation therapy and hormone therapy
	2.3.4. Focal treatment
	2.3.4.1. High-intensity focused ultrasound
	2.3.4.2. Cryotherapy
	2.3.4.3. Photodynamic therapy
	2.3.4.4. Focal brachytherapy
	2.3.4.5. Interstitial laser thermotherapy
	2.3.4.6. Irreversible electroporation therapy


	2.4. Multiparametric imaging
	2.4.1. Multiparametric and multimodal imaging
	2.4.2. Computer-aided diagnosis by machine learning
	2.4.2.1. k-Nearest neighbour classifier
	2.4.2.2. Gaussian mixture model classifier
	2.4.2.3. Support vector machine classifier
	2.4.2.4. Random forest classifier
	2.4.2.5. Artificial neural networks and deep learning


	2.5. Conclusion


	Part 1: On Validation and Segmentation of Prostate Imaging
	3. Three-Dimensional Modelling of Radical-Prostatectomy Histopathology
	3.1. Introduction
	3.2. Methods and materials
	3.2.1. Histopathological procedure
	3.2.2. Interpolation approach
	3.2.2.1. Step 1: Positioning of histopathological data
	3.2.2.2. Step 2: Identification of independent lesions
	3.2.2.3. Step 3: Definition of tops and bottoms
	3.2.2.4. Step 4: Definition of seed points using surface normal vectors
	3.2.2.5. Step 5: Interpolation by radial basis functions
	3.2.2.6. Step 6: Isosurfacing of the distance map

	3.2.3. In-silico phantoms
	3.2.4. Validation and quantification

	3.3. Results
	3.3.1. Slice thickness
	3.3.2. Slice orientation
	3.3.3. Slice alignment
	3.3.4. Tumour size
	3.3.5. 3D reconstruction of patient pathology

	3.4. Discussion

	4. Accurate Registration of Ultrasound Imaging and Histopathology
	4.1. Introduction
	4.2. General workflow
	4.2.1. Step 1A: Histopathological modelling
	4.2.2. Step 1B: Three-dimensional modelling of imaging
	4.2.3. Step 2: Registration
	4.2.4. Step 3: Correlation

	4.3. Discussion
	4.4. Conclusion

	5. Automatic Segmentation of the Prostate and its Zones
	5.1. Introduction
	5.2. Methods
	5.2.1. Patient selection
	5.2.2. Data annotation
	5.2.3. Deep learning
	5.2.4. Data augmentation
	5.2.5. Supervised domain adaptation
	5.2.6. Segmentation confidence
	5.2.7. Conventional method
	5.2.8. Model validation
	5.2.9. Statistical analysis

	5.3. Results
	5.3.1. Prostate segmentation
	5.3.2. Zonal classification
	5.3.3. Scanner-adapted segmentation
	5.3.4. Segmentation confidence

	5.4. Discussion
	5.5. Conclusions


	Part 2: On the Expansion of Contrast Ultrasound to Three Dimensions
	6. Effective Clutter and Noise Suppression for Contrast-Ultrasound Analysis
	6.1. Introduction
	6.2. Theoretical framework and (blind) source separation methods
	6.2.1. Fundamentals of (blind) source separation
	6.2.2. Discrete Fourier analysis
	6.2.3. Singular value decomposition
	6.2.4. Principal component analysis
	6.2.5. Independent component analysis
	6.2.6. Nonnegative matrix factorisation

	6.3. Adaptive filtering
	6.3.1. Information theory
	6.3.2. Noise modelling
	6.3.3. Signal energy
	6.3.4. Spectral content
	6.3.5. Spatial coherence
	6.3.6. Model fitting

	6.4. Application of BSS filtering in ultrasound imaging
	6.4.1. Ultrasound localisation microscopy
	6.4.1.1. In-silico verification
	6.4.1.2. In-vitro verification
	6.4.1.3. In-vivo verification

	6.4.2. Contrast-ultrasound time-intensity curve analysis
	6.4.2.1. In-silico verification
	6.4.2.2. In-vitro verification
	6.4.2.3. In-vivo verification

	6.4.3. Ultrasound speckle tracking
	6.4.3.1. In-silico verification
	6.4.3.2. In-vitro verification
	6.4.3.3. In-vivo verification


	6.5. Discussion
	6.6. Conclusion

	7. Three-Dimensional Convective-Dispersion Modelling
	7.1. Introduction
	7.2. Materials and methods
	7.2.1. Convective-dispersion modelling
	7.2.1.1. Definition of the least-squares problem
	7.2.1.2. Multiscale analysis

	7.2.2. Validation methodology
	7.2.2.1. Simulational validation

	7.2.3. Experimental validation

	7.3. Results
	7.3.1. Simulation results
	7.3.2. Optimisation results
	7.3.3. Experimental results

	7.4. Discussion
	7.5. Conclusions

	8. A Finite-Element Approach to Contrast-Ultrasound Tractography
	8.1. Introduction
	8.2. Materials and methods
	8.2.1. Finite-element modelling
	8.2.2. Probabilistic tractography visualisation
	8.2.3. In-silico validation
	8.2.3.1. Two dimensions
	8.2.3.2. Three dimensions

	8.2.4. In-vivo testing

	8.3. Results
	8.3.1. In-silico validation
	8.3.2. In-vivo results

	8.4. Discussion and conclusion


	Part 3: On the Multiparametric Combination of Ultrasound Imaging
	9. Multiparametric Contrast-Ultrasound Dispersion Imaging in 2D
	9.1. Introduction
	9.2. Materials and methods
	9.2.1. Data acquisition
	9.2.2. Histopathological analysis
	9.2.3. Data processing and parameter extraction
	9.2.4. Classification procedure
	9.2.5. Pixel exclusion

	9.3. Results
	9.4. Discussion

	10. Multiparametric Contrast-Ultrasound Dispersion Imaging in 3D
	10.1. Introduction
	10.2. Materials and methods
	10.2.1. Clinical data acquisition
	10.2.2. Contrast-ultrasound dispersion imaging
	10.2.3. Data preprocessing
	10.2.4. Model-fit analysis
	10.2.5. Similarity analysis
	10.2.6. System-identification analysis
	10.2.7. 3D Convective-dispersion modelling
	10.2.8. Fractal dimension analysis
	10.2.9. Single-parametric performance
	10.2.10. Multiparametric performance

	10.3. Results
	10.3.1. Single-parametric performance
	10.3.2. Multiparametric performance

	10.4. Discussion
	10.5. Conclusions

	11. Multiparametric Ultrasound: A Computer Approach
	11.1. Introduction
	11.2. Material and methods
	11.2.1. Data acquisition
	11.2.2. Histopathological examination
	11.2.3. Algorithm structure
	11.2.3.1. Prostate segmentation
	11.2.3.2. Data registration
	11.2.3.3. Feature extraction
	11.2.3.4. Multiparametric classification

	11.2.4. Validation and statistical analysis

	11.3. Results
	11.3.1. Correlation among radiomics
	11.3.2. Classification performance
	11.3.3. Feature relevance
	11.3.4. Relation to cancer grade

	11.4. Discussion

	12. Multiparametric Ultrasound: A Clinical Approach
	12.1. Introduction
	12.2. Materials and methods
	12.2.1. Trial design
	12.2.2. Study population
	12.2.3. US imaging protocol
	12.2.4. US imaging evaluation
	12.2.5. RP and histopathological analysis
	12.2.6. Histopathologic correlation of imaging
	12.2.7. Statistics

	12.3. Results
	12.3.1. Patient and procedure characteristics
	12.3.2. Overall PCa localisation
	12.3.3. PCa localisation: peripheral zone and transition zone
	12.3.4. Index-lesion detection
	12.3.5. Interobserver agreement

	12.4. Discussion
	12.5. Conclusions


	Part 4: Epilogue
	13. Discussion and Outlook
	13.1. General conclusions and discussion
	13.1.1. Discussion Part 1: Validation and segmentation
	13.1.2. Discussion Part 2: Towards 3D ultrasound
	13.1.3. Discussion Part 3: Multiparametric ultrasound

	13.2. Future prospects
	13.2.1. Physics and physiology
	13.2.2. Novel ultrasound features
	13.2.3. Improvements in multiparametric combination
	13.2.4. In clinical practice
	13.2.5. Future research


	Bibliography
	Acknowledgements
	Curriculum Vitae


