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Abstract

Multiparametric MRI (mpMRI) is an imaging modality that combines anatomical MR imaging with one or more functional
MRI sequences. It has become a versatile tool for detecting and characterising prostate cancer (PCa). The traditional role of
mpMRI was confined to PCa staging, but due to the advanced imaging techniques, its role has expanded to various stages in
clinical practises including tumour detection, disease monitor during active surveillance and sequential imaging for patient
follow-up. Meanwhile, with the growing speed of data generation and the increasing volume of imaging data, it is highly
demanded to apply computerised methods to process mpMRI data and extract useful information. Hence quantitative analysis
for imaging data using radiomics has become an emerging paradigm. The application of radiomics approaches in prostate
cancer has not only enabled automatic localisation of the disease but also provided a non-invasive solution to assess tumour
biology (e.g. aggressiveness and the presence of hypoxia). This article reviews mpMRI and its expanding role in PCa detec-
tion, staging and patient management. Following that, an overview of prostate radiomics will be provided, with a special
focus on its current applications as well as its future directions.
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Introduction

Multiparametric MRI (mpMRI) is an imaging modality that
combines anatomical MR imaging with one or more func-
tional MRI sequences and has become an important tool
for detecting and characterising prostate cancer (PCa) [1].
The traditional role of mpMRI was confined to PCa stag-
ing, but due to the advanced imaging techniques, its role
has expanded to tumour detection, disease monitor dur-
ing active surveillance and patient follow-up. Meanwhile,
with the growing speed of data generation and the increas-
ing volume of imaging data per patient, development of
computerised methods to process mpMRI data and extract
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useful information is highly demanded. Take tumour deline-
ation for example, manual delineation of tumour location
is associated with subjectivity and inter-observer variation.
In a study by Steenbergen et al. [2], tumour delineations
on mpMRI (T2w imaging, DWI and DCE-MRI) from six
observers using data from 20 patients were compared and
results showed the median inter-observer standard deviation
(SD) was 0.23 cm and 69 satellites lesions were missed by
all observers. Such inter-observer variability can affect the
reproducibility of clinical procedures and hence compro-
mise the consistency of treatment delivery. The second fac-
tor which has contributed to the development of computer-
aided systems is the availability of a large number of features
available in mpMRI. The traditional way to detect potential
lesions is by manually looking at multiple images includ-
ing parametric maps, but this is only practical with small
sets of images. Recent studies on medical image processing
have identified the great value of a variety of image features
in detecting and characterising PCa [3, 4]. The number of
feature maps can easily reach into the tens if not hundreds
of features, which means qualitative manual assessment is
not practical and quantitative assessment using computerised
methods becomes necessary. Hence quantitative analysis for
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imaging data using radiomics has become an emerging para-
digm. The application of radiomics approaches in prostate
cancer has not only enabled automatic localisation of the
disease but also provided a non-invasive solution to assess
tumour biology (e.g. aggressiveness) down to the genetic
level.

This article reviews mpMRI and its expanding role in
PCa detection, staging and patient management. Following
that, an overview of prostate radiomics (using conventional
machine learning techniques) will be provided, with a spe-
cial focus on its current applications as well as its promising
future directions.

Multiparametric MRI

The attempt to use MRI to define tumour location for PCa
dates back to the 1980s when trials were carried out using
anatomical T1-weighted and T2-weighted images, but they
did not succeed due to a lack of sensitivity and specificity
[5]. During the last three decades, the accuracy of tumour
detection has increased by combining anatomical imag-
ing and functional MRI (e.g. diffusion weighted MRI and
dynamic contrast enhanced MRI) [6]. The use of mpMRI has
emerged as a better way to evaluate PCa, providing substan-
tial improvements in tumour detection. To-date, mpMRI is
the only imaging modality that has both the spatial resolu-
tion and soft-tissue contrast necessary to characterise PCa
[7]. In 2013, the European Society of Urogenital Radiology
(ESUR) developed guidelines termed the Prostate Imaging-
Reporting and Data System (PI-RADS) to standardise the
use of mpMRI in imaging PCa [8]. An updated version
(PI-RADS v2) was released in 2015 by a joint commit-
tee including the American College of Radiology (ACR),
ESUR and the AdMeTech Foundation [9]. For mpMRI
sequences, PI-RADS v1 recommended T2-weighted imag-
ing, diffusion-weighted imaging, dynamic contrast enhanced
MRI and MRS [8], while PI-RADS v2 removed MRS as

Fig.1 T2w images showing a a
peripheral zone lesion and b a
transition zone lesion. Arrows
point to the lesion locations
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a recommended sequence [9]. PI-RADS (both v1 and v2)
provides a system using a Likert-like five-grade scoring
system to evaluate the relative likelihood of the existence
of a clinically significant PCa [10-14]. The PI-RADS score
ranges from one, which is described as “clinically significant
disease is highly unlikely to be present”, to five which means
“clinically significant cancer is highly likely to be present”
[8, 9, 15]. This section introduces the relevant mpMRI
sequences in PCa detection and how each sequence is used
in PI-RADS for PCa detection.

T2-weighted imaging

T2-weighted (T2w) imaging provides high-resolution ana-
tomical information of the prostate. The zonal anatomy and
capsules can also be well depicted on T2w images, as the
peripheral zone (PZ) typically has intermediate to high sig-
nal intensity (SI) [7]. T2w images are suitable for identifying
the tumour lesion as well as assessing seminal vesicles, neu-
rovascular bundles and prostate margins for extraprostatic
extension. It is difficult to distinguish between the transition
zone (TZ) and the central zone (CZ) on T2w images; hence
they are grouped together and called the central gland (CG).
PCa in the PZ typically has lower SI than the surrounding
tissue due to its higher cell density (Fig. 1). However, low SI
is not specific for PCa as various conditions such as prosta-
titis, haemorrhage, atrophy and post-treatment changes can
result in similar patterns in T2w images [8].

Tumours in the transition zone (TZ) often appear as a
homogeneous signal mass with indistinct margins (Fig. 1)
and a lenticular (or “water-drop”) shape [8] as opposed to
the more heterogeneous appearance of glandular and stro-
mal prostatic hyperplasia which occurs more commonly in
the TZ. Detection accuracy for TZ tumours decreases as
the baseline SI of normal prostate tissue is lower [16] and
images patterns are commonly confounded by benign pros-
tatic hyperplasia (BPH) [17], a non-cancerous enlargement
or growth of the prostate gland. Previous studies have also
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investigated using calculated T2 values to assess the con-
centration of citrate (a PCa biomarker) [18-20] but relevant
reports are scarce.

In summary, despite various useful features, T2w imag-
ing is limited by the low specificity and a lack of reliability
under certain circumstances [21, 22]. Hence T2w imaging
is used in conjunction with other functional imaging tech-
niques in mpMRI. For the TZ, T2w imaging is the primary
determining sequence (dominant technique) in PI-RADS v2.

Diffusion-weighted imaging

Diffusion is caused by the random motion of water mol-
ecules, also known as the Brownian motion. In a cellular
environment, water diffusion is hindered by cellular com-
ponents such as cell membranes and organelles within the
cytoplasm, which can cause restricted diffusion. The degree
of diffusion restriction is related to the microstructure of
the tissue. A higher degree of diffusion restriction is usu-
ally found in tumours compared with healthy tissues [23].
This formed the basis for using diffusion-weighted imaging
(DWI), a non-invasive imaging modality, for detecting can-
cer since the 1990s.

DWI data can be assessed in two different forms: using
the raw diffusion-weighted images or the computed appar-
ent diffusion coefficient (ADC) images [24]. When acquired
with more than one b value (a parameter to define diffusion
sensitisation), ADC maps can be computed using the fol-
lowing equation:

ey

where S, and S, are the SI obtained with b values b,
and b,, respectively. The ADC provides a quantitative

Fig.2 An example of a tumour
on a a T2w image and b an
ADC map (computed using b
values of 50, 400, 800, 1200 s/
mm?) showing a decreased
ADC value. Arrows indicate the
tumour location

measure for water diffusion, which is related to the under-
lying microstructure of the tissue (e.g. cellularity) [25]. It
has been shown that incorporation of ADC maps with T2w
images (area under the curve, or AUC=0.887 and 0.732
for two readers) outperformed using T2w images alone
(AUC=0.859 and 0.662, respectively) in detecting interme-
diate-risk and high-risk PCa [26], since PCa has lower ADC
values than healthy prostate tissue [8]. In addition, ADC has
shown correlation with cellularity [25] and tumour aggres-
siveness in PCa [25, 27-31]. Figure 2 shows an example of a
T2w image and the corresponding ADC map where tumour
shows decreased ADC values.

In addition to ADC maps, raw diffusion-weighted images
acquired with high b values (> 800 s/mm?) are also dis-
criminative in depicting PCa as tumours have higher sig-
nal intensity, both in the PZ and the CG [8]. Recently, the
use of very high b values has been investigated. Wang et al.
compared the performance of ADC obtained using b values
up to 2000s/mm?, and found that a b-value at 1500s/mm?
offered the highest efficiency in PCa detection [32]. This
was consistent with another study by Rosenkrantz et al. that
a b-value between 1500 to and 2500s/mm?* were optimal
[33]. However, this requires further validation in clinical
procedure. Figure 3 shows an ADC map and a high b-value
diffusion-weighted image of the same tumour. It has been
shown that incorporating diffusion-weighted images with
T2w images significantly improves the performance of PCa
detection (AUC=0.93) compared with using T2w images
alone (AUC=0.87) [34, 35].

Dynamic contrast enhanced MRI

Dynamic contrast enhanced MRI (DCE-MRI) is an MRI
technique used to characterise vascular properties of tissue.
It involves injecting a contrast agent into a patient so that
the dynamic uptake of the contrast agent within the tissue
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Fig.3 An example of a an ADC
map (computed using b values
of 50, 400, 800, 1200s/mm?)
and b a DWI image (b=1200s/
mm?) with the lesion pointed

by the arrow. The tumour shows
a decreased value on the ADC
map and an increased intensity
on the DWI image

of interest can be observed. Similar to other cancers, PCa
generally shows faster uptake (enhancement) and washout
compared with healthy tissue [36, 37], due to the angiogen-
esis associated with tumours which stimulates and facilitates
the growth of blood vessels [38]. Compared to normal ves-
sels, the permeability of tumour blood vessels is typically
higher due to the weak integrity of the vessel wall [39—41].
The increased permeability of tumour blood vessels medi-
ates metastasis and previous studies found that prognosis
worsens as the number of abnormal vessels in PCa increased
[42, 43].

DCE-MRI involves the acquisition of a series of 3D
T1-weighted images following an intravenous injection of
a bolus of contrast agent. The contrast agent is usually a
low-molecular weight gadolinium-based chelate, which
shortens local relaxation times and hence increases the SI
on T1-weighted images [44]. The contrast agent extrava-
sates from the blood vessels to the extravascular extracel-
lular space (EES, also called ‘leakage space’) then back to
the vessel before being cleared by the kidneys [45]. This
causes the T1 signal to first increase and then decrease,
which forms a dynamic curve for a particular voxel. The
PI-RADS guidelines recommend a temporal resolution of
5 s per acquisition, with a maximum of 15 s [8]. A compari-
son between static T1 images before and after the injection
of contrast agent is not sufficient to discriminate PCa and
normal tissues: an analysis of the dynamic uptake curve is
necessary [46, 47].

There are three approaches to analyse DCE-MRI data:
qualitative, semi-quantitative and quantitative (Fig. 4).
Qualitative analysis (also known as curve type analysis)
relies on visual examination of DCE-MRI data. PCa typi-
cally shows a rapid signal enhancement after injection of the
contrast agent followed by rapid washout. Normal tissues,
on the other hand, show slower enhancement and continu-
ously declining signal at washout. However, this approach
is not widely adopted due to the reported subjectivity and
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poor performance [48]. To improve objectivity and repro-
ducibility, semi-quantitative methods have been developed
which calculate parameters from the dynamic uptake curve;
these include the rates of wash-in, rate of wash-out, and the
time to peak enhancement. Though these simple features
can be discriminative for detecting PCa [49-51], there is a
lack of standardisation regarding the features to be computed
in semi-quantitative methods. In addition, semi-quantitative
features can be affected by the temporal resolution of the
DCE-MRI acquisition. These limitations can be resolved by
applying quantitative methods, which use predefined phar-
macokinetic models to compute features. Commonly used
pharmacokinetic models for DCE-MRI data analysis include
the Tofts model [52], the Brix model [53] and the Larsson
model [54]. Despite the concern that DCE-MRI may add to
the cost and inherent risks of mpMRI, due to use of contrast
agent, multiple studies have demonstrated the value of DCE-
MRI in complementing T2w imaging and DWI, as well as
assessing cancer aggressiveness and helping identify recur-
rence after treatment [55].

MR spectroscopy

MR spectroscopy (MRS) utilises the different resonant fre-
quencies, or chemical shift, of hydrogen nuclei in different
chemical environments to probe metabolite concentrations in
tissue. Multi-voxel MRS can be used to look for metabolite
changes associated with tumour cells in within the prostate.
Previous studies have shown that PCa is associated with an
increased concentration of choline and a decreased con-
centration of citrate and spermine [56—58], which can be
detected using MRS. Despite its diagnostic value, MRS is
limited by long scanning times [8], low spatial resolution
[58] and high propensity for artefact. Therefore PI-RADS
v2 has downgraded MRS from a recommended sequence
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Fig.4 Illustrations of three different approaches for analysing DCE-
MRI data: a qualitative analysis, also known as the curve type
analysis; b semi-quantitative analysis where descriptive features are
computed from the dynamic curve (z,,,,, and ?,,,.,,, in this case); ¢
quantitative analysis where a pharmacokinetic model (e.g. Tofts
model) is used to fit the curve and compute pharmacokinetic maps.

to an optional sequence and excluded it from the PI-RADS
scoring system [9, 15].

Blood oxygen level dependent MRI

Haemoglobin has different magnetic properties depend-
ing on its oxygen-binding state [59]: oxy-haemoglobin is
diamagnetic while deoxy-haemoglobin presents paramag-
netic characteristics [60]. Blood oxygen level dependent
(BOLD) MRI utilises the varying magnetic characteristics
of haemoglobin to assess oxygenation status non-inva-
sively. Although BOLD is not included in the PI-RADS
recommended sequences, studies have reported the poten-
tial value of BOLD MRI in assessing tumour hypoxia [61]
and for correlating with blood vessel maturity [62].

Current role of multiparametric MRI

The traditional role of mpMRI was confined to PCa
staging, which was usually performed after the biopsy
to assess the eligibility for different treatment options
(e.g. active surveillance and radical prostatectomy) for an
individual patient. However, due to the advanced imaging

Curve Fitting
(e.g. Tofts model)

twashout Time

(F) Ktrans (min-1)

Three corresponding feature maps (d—f) from the same patient are
shown, produced using the DYNAMIKA software (Image Analysis
Group, London, UK): d a map indicating the curve type; e a ¢,

washout
map and f a K"™" map fitted from the extended Tofts model. There is

a Gleason score 4+ 3 =7 tumour on the right side of the prostate

techniques, the role of mpMRI has expanded to include
tumour detection, disease monitor during active surveil-
lance and patient follow-up [63].

Detection of prostate cancer

Traditional detection of PCa using a transrectal ultrasound
guided biopsy (TRUS) has revealed substantial limitations
including a low detection rate (27-44%), over-diagnosis of
clinically insignificant PCa while missing certain signifi-
cant lesions, particularly in the anterior part of the prostate
[64—66]. Performing mpMRI is now becoming clinical rou-
tine for patients suspected to have PCa and can be performed
either before TRUS or after a negative TRUS result (ideally
before). The lesion identified by mpMRI can also be tar-
geted using either in-bore MRI-guided biopsy (MRI-GB)
[67] or MRI-ultrasound (MRI-US) fusion biopsy [68]. Both
MRI-GB and MRI-US fusion biopsy shows higher accuracy
compared with using TRUS alone [10, 69—71], demonstrat-
ing the discriminative power of mpMRI in PCa detection.
Moore et al. performed a systematic review comparing
MRI-GB with standard TRUS on 555 cases and found that
despite a similar detection rate of clinically significant PCa
(43%), MRI-GB was more efficient with a third fewer men
required for biopsy and a reduction of up to 10% of clinically
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insignificant PCa detected [72]. A large study by Siddiqui
et al., performed at the National Institutes of Health (NIH),
compared TRUS and MRI-US fusion biopsy on 469 cases
and found that the likelihood of missing a clinically signifi-
cant PCa was much lower using MRI-US fusion biopsy than
TRUS [73]. This agreed with another study involving 1448
patients which concluded that tumour detection was higher
when using MRI-GB with a cancer detection rate of 70.1%
(13.1% for TRUS) [74].

For patients who have been diagnosed with PCa, localisa-
tion and volume estimation of the tumour becomes critical
for management and treatment selection. The use of mpMRI
can facilitate accurate localisation of the tumour, especially
anterior tumours that TRUS may miss [6]. In addition,
mpMRI offers high accuracy in defining tumour volume,
which has been shown to be a prognostic factor [75].

Assessment of aggressiveness and staging

Optimal clinical decision making requires estimations
not only on tumour location and volume, but also on the
aggressiveness and the overall stage of the disease. Previ-
ous studies have reported the correlation between ADC and
Gleason scores [29, 76—81]. However, due to an inter-patient
variability and an overlap of ADC values between differ-
ent aggressiveness categories, no single cut-off values have
been found to consistently distinguish between low-grade,
intermediate-grade and high-grade tumour. Similar correla-
tions were found between parameters from DCE-MRI and
Gleason Score [82]. In addition, previous studies have inves-
tigated the combination of T2w MRI, DWI and DCE-MRI
in determining tumour aggressiveness in PCa [78, 83, 84].
The ability to evaluate tumour volume, aggressiveness
and the presence of extraprostatic extension makes mpMRI
capable of PCa staging. Previous studies have compared
mpMRI with traditional staging approaches, such as the
Partin table, a staging system combining Gleason Score,
prostate specific antigen (PSA) in the serum and clinical
stage for predicting PCa locality. Augustin et al. carried out
a two-step study by first validating the consistency of Partin
tables using 2139 European men [85]. After the initial vali-
dation, Augustin et al. compared the performance of mpMRI
and the Partin table in a prospective study with a conclusion
that mpMRI showed a higher accuracy for staging localised
PCa [86]. Similarly, Dickinson et al. reported a five-scale
system for scoring significant disease (defined as Gleason
Score>=4+3=7, lesions >=0.5 cm?) using mpMRI data:
a score of 1 being least likely for clinically significant PCa
and a score of 5 being most likely for significant disease
[87]. Renard-Penna et al. [88] reported high accuracy using
T2w imaging and DCE-MRI for PCa staging. This ability
of mpMRI to estimate pathological stages aids the selec-
tion of treatment options. Tumours that extend beyond the
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prostate boundary (T3 stage) can be effectively identified
using mpMRI [89], particularly on T2w images [8]. The
presence of a T3 stage tumour is an indicator of metastatic
disease, which is a critical factor in choosing between cura-
tive and palliative treatment, although patients with only
minimal extraprostatic extension can still benefit from radi-
cal prostatectomy [90].

Treatment planning

The clinical details provided by mpMRI can be used to assist
treatment planning. For patients with low-risk PCa, mpMRI
can be used to evaluate the eligibility for active surveillance
or to help with surgery and radiotherapy treatment plan-
ning [8]. If active surveillance is being considered using
traditional detection procedures, mpMRI can be performed
to detect any lesions missed by TRUS. For patients with
intermediate-risk disease, mpMRI is useful in defining
the locality of PCa and for detecting local invasion (e.g.
extraprostatic extension) [8].

A thorough assessment of tumour location, volume,
aggressiveness and the presence of EPE using mpMRI is
useful for guiding focal therapy [91]. Currently, approaches
for focal therapy are based on the index lesion hypothesis, so
localisation of the index lesion is essential. Le et al. exam-
ined 122 men who had mpMRI scans prior to radical pros-
tatectomy and found that mpMRI identified 80% of index
tumours and achieved high accuracy for detecting high grade
(Gleason score > 6) and large volume (diameter > 1 cm)
tumours [92]. Similarly, Baco et al. [93] showed 95% of the
index lesions identified on mpMRI agreed with histopathol-
ogy from 135 radical prostatectomy specimens. Rud et al.
[94] evaluated 199 men who underwent prostatectomy and
mpMRI was able to detect the index tumour in 92% of the
patients.

Despite the high detection rate of index lesions, there
is a risk that mpMRI may miss secondary satellite lesions.
However, Tan et al. [95] examined the characteristics of
lesions missed by mpMRI from 122 cases and found that
satellite lesions missed by mpMRI were significantly smaller
and more likely to be low-grade tumour. In bio-focused
radiotherapy, a low dose of radiation is applied to the non-
tumour region and in this way any satellite lesions missed
by mpMRI will still be treated with sufficient radiation dose.
We anticipate this will improve tumour control and effec-
tively address the controversy and reliance on the index
lesion hypothesis, which is a major concern for current focal
therapy approaches.
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Prostate radiomics

Radiomics is the quantitative analysis of medical imaging
data with the aim to extract clinical information which may
have predictive value [96]. This is based on the hypothesis
that a distinct tumour phenotypic differences can be captured
by imaging features [97]. Therefore, the extraction and anal-
ysis of features from medical imaging data play an important
role in radiomics. Previous studies have reported correla-
tions between quantitative imaging features and treatment
outcome or clinical measures (e.g. the presence of a tumour)
[98]. The purpose is to identify potentially useful imaging
features which can be used as indicators for pathogenic
processes or response to therapeutic interventions, which
are termed ‘imaging biomarkers’ [99]. Imaging biomark-
ers, along with other clinical information, are often used in
combination to develop predictive models for clinical deci-
sion support systems. Hence data modelling techniques such
as machine learning are often involved in radiomics studies.

The application of radiomics has shown advantages
compared with conventional methods in cancer detection
and characterisation. Firstly, as radiomics approaches are
based on medical imaging such as MRI and CT (computed
tomography), they are non-invasive and hence, minimise
physical trauma to the patient and reduce limitations on the
examination to be performed. Secondly, medical imaging
enables the ability to capture the 2D and 3D representa-
tion of the tissue and more importantly, radiomics ena-
bles the quantification of intra-tumour heterogeneity by
extracting a variety of features from imaging data [100].
This is particularly relevant as intra-tumour heterogeneity
has been reported as an essential confounder influencing
treatment efficacy and patient outcome [101], and con-
ventional approaches in prostate cancer detection such as
transrectal ultrasound (TRUS) biopsies typically lack the
ability to provide a detailed spatial representation of tumour

Fig.5 Typical workflow of a

heterogeneity. Lastly, the implementation of radiomics is
highly compatible with current routine patient care [102].
Commonly patients will have medical imaging scans during
the disease diagnosis and treatment process. Hence minimal
extra examination is required to perform radiomics analy-
sis. In addition, historical medical imaging data archived
in medical centres worldwide can function as a mineable
resource. Retrospective studies can be performed, offering a
high-throughput solution for knowledge discovery across the
globe. This enables novel approaches for data mining using
daily routine data, such as “rapid learning” [103]. In gen-
eral, radiomics offers a cost-effective and high-throughput
approach to medical imaging data analysis, which can lead
to accurate tumour detection and aid personalised cancer
treatment. Due to the versatility of mpMRI, it becomes the
most commonly used medical imaging modality associated
with prostate radiomics.

The major focus: computer-aided detection

Detection of prostate cancer in mpMRI data is the dominant
focus of current prostate radiomics studies. The advent of
radiomics has accelerated the process of predictive model
development for indicating tumour location, known as com-
puter-aided detection (CAD) [3, 4]. The intention of CAD
systems is to advise and complement radiologists in PCa
detection rather than replacing the radiologist [104]. Com-
prehensive reviews of CAD in prostate cancer have been
provided by Wang et al. [3] and Lemaftre et al. [4].

The development of a typical CAD model includes mul-
tiple steps [3, 4], as is shown in Fig. 5. After the initial
mpMRI acquisition, images are pre-processed to reduce
noise, correct for artefacts, remove image distortion and
standardise signal intensity to reduce inter-patient vari-
ability. Prostate segmentation is then typically carried out,
either manually or using automatic methods. The aim of seg-
mentation is to define the boundaries of the prostate so that

CAD system
Image Pre-processing
Image
Acquis%ti on — Prostate Segmentation
Image Registration
Performance Feature Extraction
. == | Classifier Training | < &
Evaluation ;
Feature Selection
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analysis can be focused on the specified volume. Following
that, to bring imaging data into the same reference space,
imaging data are often co-registered. Following this, vari-
ous imaging processing methods can be applied to extract
features (feature extraction) which can be further assessed
as potential candidates for tumour location prediction. For
studies using a large number of features, feature selection is
often performed to select the most useful subset of features.
Once features have been selected, they are used in training
the predictive model, a classifier in this case. The perfor-
mance of the classifier is evaluated using a different data
subset, which gives an estimation of how well the classifier
may perform in a similar clinical setting.

Prostate segmentation

MR images for the prostate typically contain neighbouring
organs such as bladder and rectum. The aim of segmenta-
tion is to define the prostate boundary (optionally with the
zones in the prostate) and exclude other nearby organs. Pros-
tate segmentation can be performed using either manual or
automated methods. The boundary of the prostate can be
manually contoured on T2w images. This prostate contour
can then be transferred onto other imaging modalities such
as DWI and DCE-MRI, with the aid of image registration if
required. Despite being time-consuming and labour inten-
sive, manual segmentation is suitable when assessing a small
patient cohort and has been used in a number of previous
CAD studies [105-114]. To reduce the workload required
by manual segmentation, automated prostate segmenta-
tion methods have been actively investigated. Commonly
used methods include atlas-based segmentation [115-119]
and model-based segmentation [120-123]. Recently, novel
approaches for prostate segmentation have been developed,
including methods using machine learning techniques such
as deep neural networks (also generally known as ‘deep
learning’) [124, 125]. However, the reliability and robust-
ness of deep learning approaches in segmentation require
further elucidation due to the limited interpretability of the
model.

Image registration

In CAD, it is important to ensure the spatial correspondence
of the prostate between different imaging modalities. The
aim of image registration is to transform different datasets
into the same coordinates. This is achieved by aligning one
image (moving image) with a fixed image (reference image).
Depending on the transformation applied, there are three
types of image registration (rigid, affine and deformable reg-
istration). Rigid transformation accounts for translation and
rotation, while affine transformation manages another two
degrees of freedom, shearing and scaling. Complex local
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deformation can be handled using deformable registration,
also known as elastic or non-rigid registration. Image regis-
tration has a vital role in CAD as displacement and deforma-
tion of the prostate may occur due to patient motion during
the MRI acquisition. In addition, as a large number of CAD
used ex vivo histology as ground truth, accurate alignment
between in vivo mpMRI and ex vivo histology is crucial to
develop a high-performance model.

Between in vivo MRl sequences Image registration between
mpMRI sequences typically uses the T2w MRI as the ref-
erence image. All other functional images (and resulting
parametric maps) are co-registered to the T2w image. The
choice of optimal registration methods largely depends on
the scanning protocol. In most cases, the deformation of
the prostate between imaging sequences is minor and aff-
ine registration is sufficient. Hence a number of studies only
applied affine registration for registering T2w images with
DWI and /or DCE-MRI [113, 122, 126-129]. However, the
likelihood of prostate deformation increases under certain
circumstances, for example, if an endorectal coil or a pro-
tocol requiring a long scanning time is used. In such cases,
the use of deformable registration may be necessary, such as
studies reported by Giannini et al. [130] and Vos et al. [131].

Between in vivo MRI and ex vivo histology Histology
obtained after prostatectomy is often used to provide the
ground truth for CAD development. A number of studies
have carried out image alignment visually, by directly com-
paring image slices on MRI with histology to determine
slice correspondence [83, 105, 132, 133]. However, this
method is highly subjective, assumes an MRI slice is cut in
exactly the same orientation as histology and also can suffer
from high variability between observers. To improve align-
ment accuracy, registration is preferred. The first approach
is to co-register histology to mpMRI directly without any
intermediate steps. Commandeur et al. [134] presented a
method to reconstruct and register whole-mount histology
with MRI data. Similar approaches have been applied by
Xiao et al. [135], Chappelow et al. [136, 137], and Patel
et al. [138].

In an attempt to improve registration accuracy, a number
of studies have carried out ex vivo imaging of the prostate
specimen and used these images during the registration pro-
cess. For example, Park et al. [139] included ex vivo pros-
tate scans, histology and block face photos of the specimen
during their registration process. While Gibson et al. [140]
marked the prostatectomy specimen with ten strand-shaped
fiducial markers, which were used for an initial registration
prior to a local refinement.

Some researchers have developed an apparatus to func-
tion as (1) a container for the prostate specimen so that
ex vivo scans can be performed and (2) a guiding device for
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prostate specimen sectioning to obtain slice correspondence
between ex vivo scans and histology. The ex vivo scans of
the prostate specimen function as an intermediate step for
the registration between in vivo mpMRI scans and histol-
ogy. Turkbey et al. [141] developed a customised patient-
specific mould where structural information from in vivo
imaging was used to inform 3D printing to fabricate the
mould. The prostate specimen was placed in the mould for
ex vivo imaging and sectioning purposes. A similar device
has been presented by Bourne et al. [142], Shah et al. [143]
and Priester et al. [144]. Despite the usability of 3D printed
moulds, limitations in the assumptions exist as it is known
the prostate specimen typically shrinks after surgery which
may not be well supported by the mould design. Orczyk
et al. [145] assessed the volume change of prostate follow-
ing surgical resection and found that mean prostate volume
was significant smaller for ex vivo (39.7 +18.6 cm?) than
in vivo (50.8 +26.8 cm?). To address this issue, Reynolds
et al. [146] developed a registration framework using aga-
rose gel to fix the prostate specimen in a rectangular shaped
sectioning box without utilising a customised mould. The
agarose gel can surround the prostate specimen despite the
shrinkage. A 3D deformable registration was then applied
between in vivo and ex vivo MRI [146] to account for the
shrinkage.

Feature extraction

Feature extraction is the process of computing additional
features from mpMRI which can be used to improve a
predictive model’s discriminative power. In addition to
commonly used features including edges features [108,
147-151], blob features [152—154] and statistical features
(e.g. percentiles and moments) [83, 108, 109, 132, 133, 147,
154-156], texture features have gained significant popular-
ity in the last decade. Texture features generally refer to
features that capture the complex visual pattern and spatial
relationship between neighbouring voxels. Haralick’s texture
features are the most widely reported, which are based on
the gray-level co-occurrence matrix (GLCM) [157, 158]. A
GLCM defines the pattern of an image subregion by sum-
marising the appearance of voxel pairs with a specific dis-
cretised grey-level value in a specified direction. Similar
texture features have been developed using the gray-level
run length matrix (GLRLM) [159] and the gray-level size
zone matrix (GLSZM) [160]. A GLRLM summarises the
frequency of continuous voxels that have the same discre-
tised grey level value in a given direction. The length of
the continuous section defines a “run length”. In a GLSZM,
pixels are connected if they have the same discretised grey
level value and connected pixels form zones. A GLSZM
counts the occurrence of zones with a specific grey level
value and with a specific size. Both GLRLM and GLSZM

apply different approaches to quantifying statistical proper-
ties of an image subregion.

Recent studies have revealed the heterogeneous nature of
tumours, which presents to be a major challenge in cancer
treatment. Texture features can be used to assess tumour
heterogeneity. Combined with the 3D nature of imaging, this
enables quantitative assessment of tumour heterogeneity and
evaluation of new biomarkers. Kuess et al. [161] assessed
the association between prostate pathology and texture
features from mpMRI and presented a CAD model using
orthogonal partial least squares discriminant analysis. Chung
et al. [162] used high-volume radiomics features extracted
from mpMRI for PCa detection. In another study by Chung
et al. [163], a novel texture feature discovery framework
was proposed to address the limitation that most texture
features were manually defined. The authors evaluated the
performance of features identified by the proposed method
and demonstrated improved performance (an accuracy of
0.74, compared with manual-defined features: 0.58 and 0.67)
[163]. Ginsburg et al. [164] evaluated the performance of
texture features in CAD in both PZ and TZ and found that
zone-specific models outperformed zone-ignorant models.
Khalvati et al. [164] designed a radiomics-based automated
method for PCA detection using an SVM model.

Feature selection

Feature selection involves selecting a portion of the most
important features for model training. Reasons for carry-
ing out feature selection are fourfold. First, a large num-
ber of features can cause some machine learning algorithm
to fail due to the high dimensionality of the feature space.
This is known as the “curse of dimensionality”, and hap-
pens because as the volume of feature space increases, data
becomes sparser and the discriminative power decreases.
Second, a reduced number of features can enhance model
generalisation by reducing the chance of overfitting. Third,
information redundancy and high correlation between fea-
tures (collinearity) can cause model instability. Similarly,
features can be correlated with linear combinations of the
remaining features (multicollinearity), which is even more
difficult to detect than collinearity. Fourth, choosing a fea-
ture subset improves the interpretability of the model and
shortens the training time.

There are generally two categories of feature selection
methods. The first approach uses statistical measures to fil-
ter available features. This approach computes a statistical
parameter (e.g. p value of a statistical test) for each feature
and applies a threshold to select a feature subset. Niaf et al.
[108, 109] applied independent two-sample t-test for each
feature and used the associated p value to rank the features
based on significant level. Vos et al. [152] applied a similar
approach by using the Fisher discriminant ratio for feature
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ranking. A threshold was then set to select features with a
large Fisher discriminant ratio [152]. Most previous radiom-
ics studies mainly focused on reducing the feature number,
and few studies considered issues like information redun-
dancy such as collinearity. Manual removal of data is an
effective way to address collinearity if a high correlation
between two features is observed. Iyama et al. [165] reported
a logistic regression model for TZ PCa, where minimum
ADC was manually excluded from the model due to its col-
linearity with mean ADC. Similarly, mutual information can
be used as a metric to assess redundancy. Peng et al. [165]
proposed a method which combined maximal relevance and
minimum redundancy (mRMR) for feature selection. A two-
stage algorithm was developed by combining mRMR with
other sophisticated feature selectors, which allowed selection
of high-performance features at low cost [165]. Methods
based on mRMR have been adopted in a number of CAD
studies [108, 109, 166-168].

The second approach for feature selection utilises dimen-
sion reduction techniques, which projects data from a high
dimensional space to a lower dimensional space. New fea-
tures are then constructed using combinations of original
features. This approach is best suited for handling informa-
tion redundancy. Principal component analysis (PCA) is the
most commonly used technique for dimension reduction in
CAD. PCA linearly decomposes the original features and
forms a new set of variables, called principal components. A
major advantage is that principal components are orthogonal
so that no collinearity or multicollinearity presents between
them. In addition, there is a high flexibility in choosing the
number of principal components, which are typically ranked
by the variance they carry. PCA has been used in multiple
CAD studies for dimension reduction [169-171]. Locally
linear embedding (LLE) is another dimension reduction
method. Unlike PCA which is a linear method, the new
variables formed by LLE are non-linear combinations of
the original features. Tiwari et al. [171] applied a modi-
fied version of LLE with bagging methods. Other non-linear
dimension reduction methods include Laplacian eigenmaps,
also known as spectral clustering. Viswanath et al. [151]
and Tiwari et al. [148, 170, 172] applied spectral cluster-
ing to construct a new set of features. Although dimension
reduction methods have an advantage in handling informa-
tion redundancy, it comes with the price of losing feature
interpretability. In CAD, features based on mpMRI typically
correspond to different biological properties, such as ADC.
Hence combining one property with another can mean it
loses its biological meaning, which may pose a barrier when
explaining the model.
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Classifier training

After feature selection is completed, the next step in prostate
CAD involves training a classifier. To be able to evaluate
model performance, a portion of the imaging data available
is typically reserved and will not be used in the training
process. One approach is to partition the data into training
data and test data (or validation data), using the training
data for classifier training and the test data for performance
evaluation. Cross validation (CV) is an iterative approach
used which is based on data partitioning. There are two types
of CV, namely k-fold CV and leave-one-out CV (LOOCV).
In k-fold CV, the whole dataset is partitioned into k trunks.
One trunk will be used as test data with the remaining (k-1)
trunks used as training data. This process is repeated k times
until each trunk has been used as the test data. LOOCYV is
a special case of k-fold CV, where k is equal to the total
number of samples and each sample is used as the test data
at each iteration. Both k-fold CV and LOOCYV are widely
used in CAD studies.

After defining the training and test framework, data is
passed into a machine learning algorithm to build the clas-
sifier. A number of different algorithms are available for
this, and the following section introduces three of the com-
monly used algorithms: logistic regression, support vector
machines and Random Forest.

Logistic regression Logistic regression (LoR) is a proba-
bilistic method for classification, despite the presence of
‘regression’ in its name. It belongs to a larger family called
generalised linear models. LoR uses a logistic function (or
sigmoid function) as a link function to map the linear com-
bination of features to the interval between 0 and 1. In CAD,
the output of LoR can be interpreted as the probability that
a voxel or ROI is a tumour. The expression of the logistic
function s is shown in Eq. (2).

s(X) = S )

1+ exp (—X)

The original LoR is used to model binary outputs which
follow a binomial distribution. This is the major difference
from other regression methods, with outputs that generally
follow a Gaussian distribution. Generalisation has been
made to extend binary LoR to multiclass classification and
to ordinal outputs. For a LoR parametrised by 6 with train-
ing data (X, y), the likelihood function L can be expressed
using Eq. (3).

LX) = [ Provil X, 0)

3
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Coefficients of LoR () can be estimated by maximising
the likelihood function L using numerical optimisation.

Niu et al. [173] developed a LoR model for high-grade
PCa. Using a cut-off on the LoR model output, the sensi-
tivity and specificity were 87.3% and 78.4%, respectively
[173]. Langer et al. [174] applied a stepwise LoR model
for CAD using mpMRI and achieved an optimal AUC of
0.706. Dikaios et al. [175] developed a LoR model for clas-
sifying PCa within the TZ and found that LoR models can
improve classification of PI-RADS score three lesions simi-
lar to experienced radiologists. In another study, Dikaios
et al. [176] investigated the interchange usability of LoR
models between PZ and TZ and concluded that LoR mod-
els dependent on DCE-MRI alone are not interchangeable
between zones. However, LoR models built on T2 or ADC
are robust for cross-zonal application [176], which demon-
strated the potential value of zone-independent models.

Support vector machines Support vector machines (SVMs)
are binary classification method which has gained sub-
stantial popularity recently for machine learning appli-
cations. It is also the most commonly used algorithm in
CAD studies. SVM represents an algorithm family called
sparse kernel methods. The keywords ‘sparse’ and ‘kernel’
define two characteristics of SVM. First, SVM determines
hyper-planes as decision boundaries (support vectors) in
the feature space by maximising the margin between two
groups. Hence, the decision boundaries are only dependent
on samples near the support vectors, which is typically a
small portion of the dataset (“sparse” property). In addition,
for complex patterns where a linear separation cannot be
found, data can be mapped to higher dimensional spaces for
separation, known as kernel methods. This results in a non-
linear decision boundary when mapped back to the original
low dimensional space. Commonly used kernels include
the Gaussian kernel (also known as the radial basis func-
tion) and the polynomial kernel. One advantage of SVM is
that high dimensional mapping can be computed implic-
itly using the kernel trick, which tremendously reduces the
computational load and enables large-scale model training.
Similar to LoR, there are generalisations to extend binary
SVM to multiclass SVM and one-class SVM. Due to the
nature of CAD where only two classes are involved, binary
SVM is often sufficient.

A large number of other studies used SVM to develop
CAD applications. Vos et al. [114] developed a novel CAD
framework for PZ PCa using DCE-MRI. An SVM model
was trained using a feature set combining pharmacokinetic
parameters and T1 estimates, with an accuracy of 0.83. Sim-
ilarly, Shah et al. [177] presented a decision support system
for PCa detection using mpMRI and compared the perfor-
mance of SVM models before and after parameter optimisa-
tion. The SVM achieved a Kappa coefficient of 71% prior

to optimisation, while this number increased to 80% after
optimisation. This demonstrates the necessity of parameter
optimisation to maximise the efficacy of SVM models.

Random forest Random Forest is an ensemble classifica-
tion method based on the classification or regression tree
(CART). A large number of CART are built which forms an
ensemble of tree models. Majority vote can be performed
based on the tree ensemble. This can result in either a binary
output (the label for the majority trees) or a probability (frac-
tion of trees with a specific label). Each tree is constructed
using a subset of samples and a portion of the features to
minimise overfitting. One advantage of Random Forest is
the use of ensemble learning, which combines a group of
weak learners into a strong learner. It has been shown that
ensemble methods improve prediction performance com-
pared to individual members. In addition, variable impor-
tance can be obtained by permuting the features and meas-
ure performance loss. However, the ensemble approach has
limitation such as model interpretability. Unlike a single
CART where the explanation can be found at each split, the
effect of a specific feature is hard to define in a Random For-
est. Nonetheless, this does not prevent Random Forest from
being a useful non-parametric method.

Previous studies have shown that Random Forest gener-
ally has high performance. Lay et al. [178] applied a Ran-
dom Forest model with instance weighting to detect PCa
using T2w imaging and DWI and compared its performance
with an SVM model. The Random Forest yielded an AUC
of 0.93, which outperformed the SVM model (AUC =0.86)
on the same test data. Similarly, Qian et al. [179] proposed
a novel CAD framework to identify PCa regions using Ran-
dom Forest and auto-context model. The proposed method
outperformed conventional methods such as adaptive boost-
ing. In another study by Trigui et al. [179], the authors
compared the error rate of a Random Forest model with an
SVM model in classifying tissues into three classes (healthy,
benign and pathologic). The Random forest had an error
rate of 24.6%, which was lower than that of the SVM model
(26.0%).

Performance evaluation

Various metrics are used to evaluate model performance,
which is carried out on the testing data or using CV tech-
niques. The first approach is to compute the ratio of voxels
(or ROIs) that have been correctly classified, as is defined
by accuracy. Accuracy has been used in a number of studies
[105, 106, 169, 180, 181]. However, for imbalanced data
model assessment accuracy can be highly biased and it is
more suitable to assess model performance using sensitiv-
ity and specificity which has been done in multiple CAD
studies [83, 105, 110, 111, 123, 130, 151, 170, 171, 180,
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182—-184]. For classification models that generate a continu-
ous output (e.g. a probability map instead of a binary mask),
the receiver operating characteristic (ROC) curve provides
an intuitive way to assess the performance [185]. The area
under the curve (AUC) of the ROC curve offers a quantita-
tive measure for model performance, which has been used
by the majority of previous CAD studies in performance
assessment [108, 109, 127, 130, 148, 149, 183, 186—188].
An extension of the ROC curves results in what is termed the

free receiver operative characteristic (FROC) curve, which
allows for multiple responses (rather than binary responses)
[152, 154, 155]. Another similar approach for model evalu-
ation is based on precision and recall. Equivalent to AUC in
ROC curves, F-measure offers a quantitative measure com-
bining precision and recall. However, few study have used
F-measure to report model performance [177]).

In one review by Wang et al. [3], the AUC of ROC curves
ranges between 0.77 and 0.96. This agreed with another

Table 1 A brief summary of methods in prostate radiomics

Tasks Methods Advantages?® Limitations®
Segmentation Manual Directly performable Time consuming and labour intensive
No additional setup requirements Human expertise required
Automatic Fast to perform Requires validation of the methodology

Image registration Non-deformable

Deformable

Feature extraction Edges, blobs and statistical features

Texture features

Feature selection  Filtering

Dimension reduction

Classifier training

Logistic regression

Support vector machine

Random forest

Fully automatable
Minimal human interventions

Fast to perform

Accounts for translation, rotation, shear-
ing and scaling

Accounts for deformations on top of non-
deformable registration methods

Detects low-level characteristics of an
ROI

Have a physical or statistical meaning

Widely implemented in software pack-
ages

Detect high-level characteristics of an
ROI

Able to describe spatial relationships
between voxels

Quantitatively assess the heterogeneity of
an ROI

Can be applied in a step-wise approach
Various filtering metrics can be applied
The interpretation of a feature is retained

Output features can be ranked based on
the information value

Output features can have favourable prop-
erties (e.g. orthogonality)

Works efficiently for large feature sets

The output has probabilistic interpreta-
tions

Weights are related to feature importance

Can be used for multi-class learning

No hyper-parameters to fine tune

Can be used with kernel methods

Different sub-types available for one-
class, binary and multi-class learning

Not reliant on the entire dataset (sparse
method)

Applies ensemble learning to reduce the
prediction bias

Applies bagging to reduce over-fitting

Provides the relative feature importance

Requires a high quality set of pre-seg-
mented images for atlas-based segmenta-
tion

Unable to account for irregular deforma-
tions

Computationally intensive
May lead to unrealistic results

Difficult to describe inter-voxel spatial
relationships
Difficult to quantify region heterogeneities

Not widely implemented in software
packages

Collinearity exists between features

Not all have a clearly-defined meaning

Computationally intensive for a large
feature set

In some cases, the result is sensitive to the
sequential order

The interpretability of the output is com-
promised
Results are sensitive to scaling

May be insufficient to handle complex
patterns

May overfit the data with complex kernels
Requires hyper-parameter tuning
Difficult for model interpretation

Requires hyper-parameter tuning
The overall model is hard to interpret

*For general guidance only, the advantages and limitations are subject to specific cases
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review by Lemaitre et al. that the range of AUC is between
0.71 and 0.97 with 1.5 T machines and between 0.77 and
0.95 for 3.0 T machines [4]. In addition, the sensitivity
ranges from 0.74 to 1.0 and the specificity ranges from 0.43
to 0.93 for 1.5 T machine and for 3.0 T MRI, these ranges
are 0.60-0.90 and 0.66-0.99, respectively [4]. However,
comparisons between different studies should be carried
out with caution due to the high variability in experimental
setups such as MRI magnetic field, patient cohort size, reg-
istration method and machine learning algorithm.

The advantages and limitations of different methods are
shown in Table 1.

Future directions of prostate radiomics

Prostate radiomics is a rapidly developing field where early
studies initially focused on tumour localisation. An overview
of prostate radiomics studies enables identification of the
development pattern and future directions of this subject
(Fig. 6). The following section discusses three key aspects
for the direction of prostate radiomics development in three
aspects: imaging features, data analysis and biological
correspondence.

The application of high-level features

Imaging features function as essential components in radi-
omics approaches as they provide a rich source of potentially
useful biomarkers. From the perspective of machine learn-
ing, the predictive power of a model relies on the proper use

of suitable features. Previous studies have identified a variety
of imaging features in prostate radiomics. Edge features are
among the most commonly used features. Edges are defined
as the boundary between two image regions which have a
strong gradient of the signal intensity. In prostate mpMRI,
this could correspond to the boundaries of different zones or
PCa lesions. Convolutional filters for edge detection include
the Sobel operator, Canny operator, Prewitt operator, Kirsch
operator and Gabor operator, which have had a wide applica-
tion in prostate radiomics, particularly in CAD development
[108, 147-151]. Blob detection is another technique widely
used. A blob is a region that differs from the surrounding
environment in terms of signal intensity. PCa tends to have
focal blob-like properties in DWI and DCE-MRI [152]. This
characteristic has been utilised in multiple previous studies
for defining tumour volumes from mpMRI [152-154]. In
addition, the application of wavelet features and statistical
features such as percentile values and statistical moments
have also been widely reported [83, 108, 109, 132, 133, 147,
154-156, 189].

Despite the widespread use of various imaging features,
recent studies have appreciated an increasing use of texture
features in detecting and biologically characterising pros-
tate cancer. The increasing use of texture features is driven
by multiple factors. First, there exists a number of texture
features previously defined by computer vision methods.
Second and more importantly, texture features are able to
assess tumour heterogeneity, which provides an approach
to correlate imaging data with tissue phenotype. In prostate
radiomics, Haralick’s texture features are the most widely
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reported texture features, which are based on the gray-level
co-occurrence matrix (GLCM) [157, 158]. A GLCM defines
the pattern of an image region by counting the occurrence
of voxel pairs with a specific discretised grey level value
in a given direction. The application of Haralick’s texture
features in defining prostate tumour has been demonstrated
by a number of studies [108, 122, 128, 147, 154, 161, 166,
190, 191]. In addition, there is accumulating evidence that
Haralick’s texture features correlate with tumour biological
characteristics, such as tumour aggressiveness [192—-194].
This suggests a broader application of texture features for
determining the biological properties of the tumour.

While texture features have gained substantial popu-
larity, the majority of previous studies have only investi-
gated GLCM-based features, such as Haralick’s texture
features. However, there are other types of texture features,
including those based on the grey-level run length matrix
(GLRLM) [159], the gray-level size zone matrix (GLSZM)
[195], the neighbouring gray-level dependence matrix
(NGLDM) [196], the neighbourhood gray-tone difference
matrix (NGTDM) [197] and the gray-level distance zone
matrix (GLDZM) [195]. Hence a migration from the well-
investigated Haralick’s texture features to these non-GLCM
features is not unexpected. Recent studies after 2014 have
demonstrated an increasing use of non-GLCM features in
defining prostate tumour location [190, 198, 199], and it is
anticipated that future studies will expand their use in pre-
dicting tumour biological characteristics.

From region-based to voxel-based approaches

In radiomics studies, analysis can be performed using either
a region of interest (ROI) based approach or a voxel-wise
approach. The choice of whether to use an ROI-based or
voxel-wise approach generally depends on the quality of the
image registration techniques applied. This is because the
ground truth in prostate radiomics studies is often obtained
from histology to achieve a high spatial accuracy. Hence a
high-quality co-registration between in vivo mpMRI data
and ground truth histology is necessary for voxel-wise
analyses.

A number of studies have reported multiple devices to
support ex vivo scans and sectioning of prostate specimens.
Turkbey et al. [141] developed a customised patient-specific
mould where structural information from in vivo imaging
was used to inform 3D printing to fabricate the mould.
The ex vivo specimen was then placed in the mould dur-
ing ex vivo scans. Similar devices have been proposed by
Bourne et al. [142] and Priester et al. [144]. However, the
performance of 3D printed moulds is limited as the prostate
specimen shrinks after surgery by an average of 10% and
may not be well supported by the mould design [145]. To
address this issue, the registration framework developed by
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Reynolds et al. used agarose gel to fix the prostate specimen
in a rectangular shaped sectioning box without utilising a
customised mould. The shrinkage was then accounted for
by applying 3D deformable registration between in vivo and
ex vivo MRI [146].

Due to advances in image registration techniques, there
appears to be a move from using ROI-based approaches to
performing voxel-wise analyses. Prior to 2014, prostate radi-
omics studies were often carried out using simple registra-
tion methods or without image registration [3, 105, 132-134.
In a review of CAD model development, seven out of 16
studies before 2014 used manual ROI delineations to gener-
ate candidate lesions [3]. Although there is no systematic
survey on the use of ROI-based approaches in post-2014
prostate radiomics studies, a number of studies have since
benefited from improved co-registration methods and per-
formed voxel-wise analyses [200-203].

Correlating imaging data with underlying biology

The application of radiomics in prostate cancer has spanned
from the macroscopic to the microscopic level in terms of
its biological correspondence. The highest level is on indi-
vidual patients and the corresponding analysis is typically on
predicting treatment outcome. Previous studies have investi-
gated the value of mpMRI in associating biochemical recur-
rence (BCR) following radiotherapy [204]. Gnep et al. inves-
tigated the association between Haralick’s texture features
on mpMRI and BCR after radiotherapy. The results indi-
cated that three texture features calculated from T2w images
and ADC maps, along with tumour volume and tumour area,
achieved significant correlations with BCR (C-index: 0.76 to
0.82, p<0.05) [205]. Ginsburg et al. extended this approach
further by developing a multivariate logistic regression
model using T2w texture features for predicting BCR fol-
lowing radiotherapy. The model achieved an AUC of 0.83
[206]. Similar studies have been performed to investigate the
BCR following other primary treatment options. Park et al.
retrospectively assess the performance of ADC for predict-
ing BCR after surgery and found that ADC could be used as
an independent predictor (AUC =0.76) [207]. Current prog-
nostic studies using radiomics to date have mainly focused
on lung cancer, and the number of studies in prostate can-
cer is relatively small. However, most radiomics techniques
developed in lung cancer are cancer-unspecific so they can
be applied in prostate cancer radiomics studies in the future.

The second category of radiomics in prostate cancer falls
into the histopathological level. Whilst tumour detection has
been the dominant application to-date, recent studies have
moved towards the assessment of tumour biology, such as
tumour aggressiveness. Correlation analyses have identi-
fied a consistent negative correlation between apparent dif-
fusion coefficient (ADC) values and tumour aggressiveness,
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measured by the Gleason Score (GS) [80, 208, 209]. The
additional use of texture features has further facilitated the
development of predictive models for tumour aggressive-
ness [193, 194, 210-212]. A few T2w texture features have
been proposed as imaging biomarkers for tumour aggres-
siveness [194, 212]. Investigations have also been performed
on prostate cellularity, and multiple investigators have con-
sistently found negative correlations between ADC and cell
density [25, 213, 214]. Exploratory investigations have also
been carried out for assessing hypoxia status. Hoskin et al.
investigated the correlation between R2* maps from blood
oxygen level dependent (BOLD) MRI with immunohisto-
chemistry (IHC) staining on pimonidazole (an exogenous
marker) with the conclusion that R2* had a high sensitivity
but low specificity for defining tumour hypoxia [61]. How-
ever, most analyses of tumour biology remain at the cor-
relation stage, and predictive models are only available for
tumour aggressiveness.

Moving to the microscopic level, the integration of radi-
omics and genomics has formed “radiogenomics” which
aims to identify the correlation between quantitative imag-
ing features and gene expression levels [215, 216]. This is
the third category in prostate cancer radiomics, and despite
being in its infancy, radiogenomics has shown its value in a
number of preliminary studies. First, both the mpMRI and
genetic information appear to reflect the varying pathologi-
cal status of the tissue. For example, Jamshidi et al. [217]
assessed mpMRI and the underlying genomic variations
of normal and cancerous regions in the prostate. Both the
imaging and genomic data showed a continuum of mutations
across regions between high-grade tumours and normal tis-
sues. In addition, an association between imaging features
and genetic variations was found. Stoyanova et al. [218]
investigated the correlation between 49 radiomic features
with three clinically available gene sets associated with
adverse outcome using prostate biopsy samples. The results
found significant correlations between the selected genes
and imaging features. In another study, Stoyanova et al.
[219] reported 22 “decipher genes” which showed great
potential for defining the risk group of individual patients.
Other studies have applied radiogenomic approaches for cor-
relating hypoxia [220] and PTEN expression levels [221],
a prognostic indicator for biochemical recurrence. These
findings show the potential of radiogenomics approaches for
assessing tumour characteristics at the genetic level, which
could be used in personalised treatment.

In summary, current prostate radiomics studies focus pri-
marily on the histopathological level, with large numbers of
applications in tumour detection and aggressiveness strati-
fication, while predictive models remain to be developed for
other tumour biological characteristics. At the genetic level,
initial radiogenomics studies have shown promising results

in prostate cancer and hence a fast uptake and growth of this
technique are expected.

Potential issues

There are some data-specific issues and pitfalls which can
occur in a radiomics study. These issues can lead to poor
predictive modelling performance or biased interpretation
of the data. Identifying these issues at the early stage of the
study is able to minimise their potential impact and maxi-
mize the value of available data. Two of these issues are
collinearity and data imbalance as discussed in the follow-
ing sections.

Collinearity

Typically, the number of features used in radiomics studies
range from tens to hundreds. Hence it is highly likely that
two features will be correlated, which is defined as collin-
earity. Collinearity can be detected by computing the pair-
wise correlation coefficients of each feature pair. However,
when a feature is correlated with the combination of two
or more other features (referred as multicollinearity), it is
much harder to detect. Typically, multicollinearity is exam-
ined using the variance inflation factor (VIF). Collinearity
or multicollinearity can cause instability in a model [222].
This is particularly true in the case of linear models. This
is because the inter-correlation between features can affect
the coefficient estimation for each variable. Hence the mag-
nitude of the coefficients may not accurately reflect feature
importance, which poses a barrier in model interpretation.
In addition, the model can also suffer from high variance
due to the instability of coefficients associated with inter-
correlated features. Hence, performing feature selection
is crucial in radiomics studies to account for collinearity.
Multiple options are available to cope with collinearity or
multicollinearity, such as VIF regression or principal com-
ponent analysis [223].

Data imbalance

Data imbalance refers to when there is a substantial differ-
ence in class size within the available data. Issues may arise
when this occurs because most standard classification algo-
rithms aim to optimise the overall performance of all sam-
ples. The consequence is the model may favour the majority
of the class and result in poor accuracy in the minority class.
For example, ROIs extracted from large prostate tumours
can outnumber that from small tumours, which can result
in a class imbalance towards the larger tumours. In general,
data imbalance is commonly found in predictive radiom-
ics studies. Different algorithms show varying tolerances
when dealing with imbalanced classes. Therefore choosing
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an appropriate algorithm which is robust to skewed classes
is a simple approach to account for data imbalance. Crone
and Finlay [224] examined the effect of data imbalance using
four typical algorithms: logistic regression, linear discrimi-
nant analysis (LDA), decision trees and neural networks.
The authors found that logistic regression was the most
robust algorithm and decision trees were the least robust
method. LDA and neural networks showed an intermediate
level of sensitivity for data imbalance. Alternatively, sam-
pling methods can be applied to generate a class-balanced
dataset for training purposes. For example, the Synthetic
Minority Oversampling Technique (SMOTE) is one such
sampling method [225]. SMOTE synthesises new minority
class samples by interpolating between existing minority
samples which are close in the feature space. SMOTE has
been applied as a data-based approach for imbalanced data
in a number of prostate radiomics studies [192, 226].

Conclusions

The development of mpMRI has significantly expanded its
role in prostate cancer detection, characterisation and patient
management. To maximise the efficiency of extracting useful
information from mpMRI, radiomics provides a toolbox for
quantitative analysis. While the majority of prostate radiom-
ics studies focused on tumour detection and localisation,
recent studies have demonstrated the use of mpMRI in defin-
ing tumour biological properties such as tumour aggressive-
ness and the presence of hypoxia. There is also a trend in
moving towards the microscopic level. This resulted in new
paradigms such as radiogenomics where medical imaging
and cancer genomics meet. These developments facilitate
the discovery of imaging biomarkers which may have pre-
dictive power for treatment response and patient survival. In
addition, the tumour location and characteristics estimated
from mpMRI offer an opportunity to retrieve patient-specific
profiles of the disease for personalised treatment. Such esti-
mations can be used in pre-validated radiobiological models
to individualise treatment planning. This will be an advance-
ment compared with the traditional non-discriminatory treat-
ment approach.
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