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Abstract

Radiomics and radiogenomics are attractive research
topics in prostate cancer. Radiomics mainly focuses on
extraction of quantitative information from medical
imaging, whereas radiogenomics aims to correlate these
imaging features to genomic data. The purpose of this
review is to provide a brief overview summarizing recent
progress in the application of radiomics-based ap-
proaches in prostate cancer and to discuss the potential
role of radiogenomics in prostate cancer.
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The recent shift in interest from qualitative interpretation
of medical imaging to an emphasis on extraction of
quantitative information from medical imaging (ra-
diomics) is driven by the hypothesis that macroscopic
heterogeneity on imaging reflects biological diversity of
underlying disease [1, 2]. The application of radiomics in
localized prostate cancer is particularly attractive given
the widespread, yet underutilized, use of imaging. Cur-
rently, the primary method of risk stratification in men
diagnosed with localized prostate cancer is pathological
grading from biopsy samples, serum PSA levels, and
clinical staging [3]. However, challenging anatomy and
limited tissue acquisition leads to a spatial sampling bias
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when using standard biopsy techniques. Numerous
studies have demonstrated an underestimation of adverse
pathology in up to 38-46% of patients when biopsies are
randomly acquired and up to 23% when targeted based
on imaging findings [4-6]. This high rate of misclassifi-
cation is suspected to be caused by spatial heterogeneity
of morphological growth patterns within cancerous le-
sions [7, 8]. In addition to morphological variation, a
growing body of evidence supports the existence of
substantial genetic heterogeneity across prostate cancer
lesions within the same patient [9]. Taken together,
undersampling biological heterogeneity could lead to
underestimation of risk-assessment in localized disease,
thus necessitating prognostic tests that can fully sample,
or supplement, current biopsy-based methods of disease
characterization.

Imaging is unique in that it can overcome the afore-
mentioned sampling bias by providing a non-invasive
platform for assessing the entire burden of a patient’s
disease, sampling both inter- and intra-lesion hetero-
geneity. Multiparametric magnetic resonance imaging
(mpMRI) has become a standard imaging modality for
detection of localized disease, demonstrating high sensi-
tivity in detection and localization of prostate cancer
lesions [10]. Despite this high sensitivity, mpMRI is
limited by false positives due to benign pathologies and
high inter-reader variability in interpretation and
adherence to qualitative reporting paradigms [11]. The
use of quantitative imaging characteristics is motivated
by the correlation of signal intensity of multiple mpMRI
pulse sequences, such as T2-weighted (T2W) imaging and
diffusion-weighted imaging, with nuclear density of cells
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on pathological assessment [12—-14]. However, signal
intensity alone is yet to lead to accurate prediction and
characterization of pathological grade.

Overall, there are several unmet needs in the detection
and characterization of prostate cancer where radiomics-
based approaches are uniquely suited to contribute to
enhanced clinical prognostication and risk-assessment in
patients with localized disease. To date, several groups
have vested research interest in radiomics applications to
prostate cancer imaging, including prostate segmenta-
tion, lesion detection, characterization, and classification
(i.e., pathological grade prediction), as well as correlation
to biological analyses such as genomics (radiogenomics).
The purpose of this review is to provide a brief overview
summarizing recent progress in the application of
radiomics-based approaches in prostate cancer and to
discuss the potential role of radiogenomics in prostate
cancer.

What is radiomics?

Very simply, radiomics refers to the statistical derivation
of extracting higher-order features from images [1].
There are several types of radiomics features that can be
extracted from medical images based on the study task or
research objective (Fig. 1). The selection and analysis of
quantitative features remain a highly controversial topic
in recent years due to the number of available features
for use and variation in techniques for implementation
[2]. Technical description and implementation of a
radiomics analysis pipeline are out of the scope of this
review; however, brief descriptions of radiomics features
relevant to the studies evaluated are listed below.
Methodologically, majority can be classified as either
describing the intensity, texture, or shape of a region of
interest:

— Intensity

e Summary statistics of the intensity histogram
within a given region, such as minimum, maxi-
mum, median, or mean

e Metrics describing the skewness or kurtosis of
intensity histogram within a region

— Texture

e Gray-level co-occurrence matrix (GLCM) met-
rics: also known as Haralick features [15], these
represent the most commonly used features,
describing local texture based on the distribution
of co-occurring value pairs within a given region

e Fractal analysis: characterizes geometric com-
plexity by describing spatial elements after
images superimposed by various patterns [16]

e Gabor transform: describes regional texture
based on features derived from convolution of
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images with Gabor filters of varying scale and
orientation [17]

e Wavelet transform: describes regional texture
derived from decomposition of original image
based on filtering using complex linear or radial
wavelets [18]

e Other texture-based metrics derived from gray-
level matrices include: Gray-level run-length
matrix (GLRLM) [19], neighboring gray-level
dependence matrix (NGLDM) [20], and neigh-
borhood gray-tone difference matrix (NGTDM)
[21]

— Shape

e Summary statistics describing volume and/or size
of a region, such as maximum axial length,
maximum 3D diameter, surface area, and volume

e Shape-based descriptors: sphericity, surface-to-vol-
ume ratio, spherical disproportion, and compactness

As radiomics features are statistically derived, as
opposed to mechanistically defined, it is still unclear
which features should be preferentially studied or how
they relate back to a fundamental biological property.
Before radiomics-based studies can truly be validated,
uncertainties and robustness in the methodologies gov-
erning the extraction of higher-order features must be
addressed. Researchers in the radiomics field should
reference previous works highlighting the type-1 error
inflation and cofounding statistical nature of high-di-
mensional feature space that contain inter-correlated
elements [22, 23].

Potential uses of radiomics
in prostate cancer

Prostate segmentation

Accurate prostate segmentation is important for many
applications including radiation therapy planning, pre-
biopsy preparation, volume and PSA density estimation, and
tumor localization [24-27]. Ultrasound is the most com-
monly used modality to image prostate gland due to its real-
time realization and low cost [28]. Because of this, many
researchers have attempted to create semi-automatic and
automatic segmentation algorithms to decrease workload
and standardize results [29-35]. These studies have shown
variable results, limited by the quality of the ultrasound im-
age and differing methodologies among studies. In the last
decade, as MRI has become more widely adopted in the
workup of prostate cancer (e.g., staging, treatment planning,
treatment response) [36], segmentation research using MRI
has recently intensified [37-39]. Like was done with ultra-
sound segmentation, many studies have tested both semi-
automatic and automatic segmentation algorithms [40—44].
To streamline the radiotherapy planning process, Chowd-
hury et al. [38] built a linked statistical shape model (LSSM),
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which links the shape variation of a structure of interest
across multiple imaging modalities (MR and CT in this case).
They compared multiple LSSMs to a CT statistical shape
model (CTSSM, where only CT is utilized) and found that all
the LSSMs performed both equally and superior to the
CTSSM, suggesting the importance of using multiple imag-
ing modalities to build a segmentation algorithm. Shiradkar
et al. [39] created a multi-modal framework for detection of
prostate cancer, segmentation of the gland, and generation of
a radiomics-based dose plan on MRI for brachytherapy and
on CT for external beam radiotherapy (EBRT) using the
target delineations transferred from MRI to CT. The
framework produces three dose plans: whole gland
homogenous (the current clinical standard), radiomics-based
focal, and whole gland with a radiomics-based focal boost.
Comparisons of the three dose plans revealed that the
radiomics targeted plans reduced dosage to organs at risk
and boosted dose delivered to cancerous lesions.

Due to the difficulty in the testing of segmentation tools
on multi-center, multi-vendor, and multi-protocol data,
Litjens et al. [45] ran the PROMISE12 challenge for the
comparison of MRI based segmentation methods. A total
of 11 teams from different academic and industry groups
participated, each having to use their algorithm on the
same 100 prostate MR cases from 4 different centers.
Algorithms varied in methods and implementation,
including active appearance models, atlas registration, and
level sets. Using boundary and volume based metrics to
evaluate the algorithms, the challenge revealed that the
two segmentation tools by Imorphics and ScrAu-
toProstate were significantly better than all other algo-
rithms (p < 0.05) and had run times of 8§ min and 3 s per
case, respectively. Active appearance model based algo-
rithms were overall superior in performance to other ap-
proaches like multi-atlas registration, both for accuracy
and computation time. The authors concluded, however,
that optimal performance is not yet obtained and that
algorithm combination may lead to further improvement.

The prostate has two distinct regions observable on
imaging: the peripheral zone (PZ), characterized by high
signal on T2W MRI and the transition zone (TZ), which
appears darker than the PZ on T2W MRI. T2W contrast
in the prostate reflects the different amounts of macro-
molecular and free water present as the PZ is composed
of highly glandular-ductal tissues appearing hyperintense
on T2W MRI, while the TZ, composed of more stromal
than ductal tissues, appears hypointense. The different
imaging properties of the prostate zones are well recog-
nized. More recently, several studies have provided seg-
mentation of the prostate zonal structures [46—50].

Prostate cancer detection and classification

As with prostate segmentation tools, there have been
many recent prostate cancer detection algorithms devel-
oped, also known as computer-aided diagnosis (CAD)
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systems [51-62]. CAD systems attempt to predict if and
where cancer is present based on its analysis of at least
one feature on MRI. It then usually develops a super-
vised classifier based on ‘ground truth’ cases, being
trained on subsets of the data and then applied to the rest
[63].

One of the carliest prostate CAD systems was devel-
oped by Madabhushi et al. [59]. They presented a method
using 4 Tesla MRI ex vivo prostatectomy samples. In
addition to first and second-order statistical methods, the
authors used Gabor filters, discrete cosine transform,
and Gradient based features to accomplish 98% speci-
ficity and 36-42% sensitivity.

Kwak et al. [56] used support vector machine (SVM)
with local binary pattern features applied to T2W and
b2000 images to predict the likelihood of cancer of each
pixel. The authors trained the SVM on a cohort of 264
patients with recorded biopsy results. A recently devel-
oped prostate CAD by Lay et al. [57] extracted spatial,
intensity, and texture features from T2W, ADC, and
b2000 images using random forest classification to detect
prostate cancer. The random forest considered instance-
level weighting for equal treatment of small and large
lesions and prostate backgrounds. This prostate CAD
had a cancer detection AUC of 0.93, which performed
better than the authors’ previous SVM prostate CAD
tested on the same data (AUC 0.86).

Radiomic features in singular sequences, or used in
conjunction with mpMRI or with additional novel im-
age acquisitions have been investigated if they may
improve detection [55, 64, 65]. Khalvati et al. used
mpMRI with additional calculated high-b value as well
as correlated diffusion imaging (CDI), and compared
the performance to classical sequences included in
mpMRI [55]. The added parameters added to mpMRI
were found to increase sensitivity, specificity, and AUC
to 86, 82, and 86%, respectively which was better than
mpMRI alone. The study though was not used by
clinical reads by radiologists. Another study investi-
gated a possible shorter scan time using only T2W and
DWI, with the addition of texture analysis [66]. The
study had the advantage of using clinical reads
according to the PI-RADS criteria, and showed an
improvement compared to PI-RADS with an AUC 0.87
vs. 0.73 for TZ and 0.89 vs. 0.76 for PZ, respectively.
Similarly, Wang et al. demonstrated a higher sensitivity
and specificity of a combined PI-RADS and radiomic
analysis than any method alone (92.3% and 95.3%,
respectively). None of these studies were externally
validated to date, and were all performed on small
sample sizes (< 100 cases) [65].

Additionally, textural features have shown associa-
tions between Gleason score assessment [67, 68]. Nketiah
et al. have demonstrated that T2W textural features
including angular second movement (a measure of
homogeneity) and entropy (measuring randomness or
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Fig. 1. Radiomics Workflow. Standard mpMRI protocol for
prostate image includes T2-weighted (T2W) imaging,
diffusion-weighted imaging (high b value [b2000], apparent
diffusion coefficient [ADC]), and dynamic contrast-enhanced
(DCE) imaging sequences. Pre-processing for radiomics-
based analysis is task-specific. In applications of prostate
volume segmentation, all (or parts) of the original imaging
sequences are used for analysis. In applications for cancer
detection and cancer classification, either the prostate volume

complexity) were able to differentiate between Gleason
3 + 4 and Gleason 4 + 3 disease [68]. Fehr et al., could
additionally show differences between Gleason 3 + 3 and
higher Gleason scores (3 + 4 and 4 + 3 disease) using
textural features from T2W and ADC alone [67]. Irre-
spective of the approach, the application of radiomics
currently remains to be investigational techniques that
require further validation and larger data trials.
Prostate MRI offers relatively high resolution to help
in detection and localization of many smaller volume

(shown in blue) or the lesion volume (shown in pink) is used
for refining areas of interest for radiomics-based analysis.
Radiomics feature extraction can be completed on a voxel-
basis or volumetric-basis depending on the technique. Shown
is an example of feature extraction from the lesion ROI (pink),
demonstrating the histogram of T2W signal, a voxel-based
texture extraction (note for the purposes of this figure, 8-bit
discretization and 7 x 7 neighborhood were used to derive
GLCM matrix), and volumetric appearance.

prostate cancer lesions, showing high sensitivity but low
specificity and inter-reader agreement [69]. Prostate CAD
systems show promise in the detection and diagnosis of
cancer. Still, the field of prostate radiomics detection
lacks standardized methodology and assessment of these
investigations due to its rapid growth. This should be an
area of focus for the field for its advancement as a dis-
cipline.
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Radiogenomics in prostate cancer
diagnostics

With more articles about radiomics in prostate cancer
diagnostics being published in the recent years, another
similar term, “‘radiogenomics”, is becoming more visible
in the literature [70-76]. Although easily confused with
one another and often used interchangeably, both terms
describe different fields in imaging diagnostics. Radio-
genomics was initially described as a method of linking
pre-treatment diagnostic imaging with genomic profiles
associated with different toxic responses to radiation
therapy. This has changed more recently, as current
publications use more generalized definitions [72, 75].
The term radiogenomics is a morpheme combination of
radiomics and genomics. Radiomics is a technical
method of high-throughput extraction of imaging fea-
tures from diagnostic images [74, 77-79]. These features
can subsequently be used as non-invasive biomarkers in
the detection [51, 55, 59, 80] as well as assessment of
aggressiveness of prostate cancer [58, 64, 67, 81-83].

With increased use of mpMRI in detection and
staging of prostate cancer, a larger amount of anatomic
and functional imaging data have become available [6,
84-88]. Since mpMRI information is often used to obtain
targeted biopsies of lesions and for staging of patients
prior to surgery, larger amounts of imaging and
histopathology data have become available. The geno-
mics approach is another step towards personalized
medicine which correlates genomic profiles, usually ob-
tained from biopsy or surgery samples, with clinical
outcomes. With the advent of high-throughput tech-
niques like Microarrays [89, 90] and Next Generation
Sequencing (NGS) [91-95], genomic analysis becomes
broadly available. Radiogenomic methods utilize radio-
mics features to determine imaging biomarkers for the
prediction of genomic profiles [70-73, 76, 77]. This
method could potentially spare invasive diagnostic pro-
cedures in the sense of a non-invasive biopsy. Current
data, however, are very limited with most studies being
undertaken in lung cancer, glioblastoma multiforme,
hepatocellular carcinoma, renal cancer, and gynecologi-
cal cancers [71].

One of the first radiogenomics studies in prostate
cancer was published by McCann et al. [96] in 2016.
Thirty patients who underwent preoperative mpMRI
and subsequent radical prostatectomy were retrospec-
tively evaluated. Regions of interests (ROI) corre-
sponding to tumor foci were manually contoured on 2D
MRI images by a radiologist and pathologist. This was
done in all anatomic and functional sequences of the
MRI scan (T2W, diffusion-weighted, apparent diffusion
coefficient, and dynamic contrast-enhanced MRI) and 45
cancer foci in the peripheral zone were finally identified.
Six quantitative imaging features (mean ADC, ADC
10th percentile, skewness of T2W signal intensity, K.ans,
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V., and K,) were determined for every ROI and the
corresponding pathology slides were identified by the
pathologist. New slides were cut from the histopathology
block and the specimens were stained by immunohisto-
chemistry to determine Phosphatase and Tensin homo-
log (PTEN) expression. PTEN is a tumor suppressor
gene on chromosome 10 and mutations or deletions have
been associated with certain human cancers. The statis-
tical methodology in this study was solely correlative and
the main outcome was the correlation of quantitative
imaging features with PTEN expression. It was stated
that out of the six tested features only K., displayed a
weak negative correlation with PTEN expression (r —

0.35, p = 0.02). All other features did not demonstrate a
significant correlation. The authors explain this finding
by the fact that PTEN is presumed to be a modulator of
angiogenesis. Main limitations of this study include its
retrospective design, small study population, no adjust-
ment for multiple testing, no transition zone lesions, and
no external validation.

Another radiogenomic study was published by Stoy-
anova et al. in 2016 [97]. Seventeen mpMRI-guided tar-
geted biopsies from six patients were analyzed. The ROIs
were identified retrospectively by reevaluating the needle
paths of the MRI fusion-guided biopsies. Forty-nine
different quantitative features extracted from 3D ROIs
based on tumor volumes, intensity, perfusion, and dif-
fusion were correlated with genomic profiles associated
with poor outcome. The authors also included radiomics
features from the Normal Appearing Tissue (NAT) in PZ
and TZ. Three different commercially available genomic
testing kits were tested (Decipher®, Polaris Cell Cycle
Score [CCP®], and Genomic Prostate Score [GPS®)).
These include genes that are either over- or under-ex-
pressed in aggressive prostate cancers. There were 445
significant correlations without adjusted p-values but
even after adjustment for multiple testing, 64 correlations
remained significant (p < 0.05) (Fig. 2). Furthermore,
the authors performed gene ontology analysis showing
correlation of radiomic features of the ROI and NAT
with biological processes like immune response, meta-
bolism, and cell and biological adhesion. Like the prior
study main limitations were small population, retro-
spective design, and lack of external validation.

Although the notion of a non-invasive prediction of
biopsy genomic data might sound tempting, it should be
acknowledged that current data are very scarce. Most
studies are retrospective and have low patient popula-
tions. Furthermore, radiogenomic studies are prone to
statistical issues related to overfitted data and multiple
testing [2, 98]. Thus, at present it is impossible to predict
what role radiogenomics will ultimately play in prostate
cancer diagnostics. Although current preliminary data
are promising for some radiomic features it is also pos-
sible that prospective studies with larger patient popu-
lations will fail to prove a benefit. Future efforts should
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Fig. 2. Pearson’s correlation analysis of imaging features
and 65 genes from commercially available prostate cancer
classifiers. Hierarchical clustering on Pearson’s correlation
distance between radiomic features and genes from
commercially available prostate cancer classifiers: CCP
(Cell Cycle Progression), Decipher, and GPS (Genomic
Prostate Score). Genes in these signatures that are up-
expressed in aggressive cancers are indicated by a dark red

therefore focus on acquisition of larger data quantity and
initiation of prospective multi-center studies. With the
availability of large imaging and genomic datasets in
publicly available databases this could become more
feasible in the near future [99, 100]. Furthermore, in the
era of Big Data and Deep Machine Learning such data
could be used to create computer-based decision support
tools. Another important limitation is the lack of stan-
dardization. Imaging and reporting protocols differ sig-
nificantly among institutions. The process of preparing
imaging data (e.g., contouring of ROIs) is mainly done
manually, which is cumbersome and prone to inter-user
variability. Automatic and semi-automatic segmentation
tools have been proposed and could not only simplify the
process but also improve generalizability of results [98].

In summary, radiogenomics is a new and exciting
approach that can take radiology to the next level from
detection of cancer to prediction of genomic patterns
which are related to different clinical outcomes. Current
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data in prostate cancer diagnostics are promising but
limited and larger prospective studies with external val-
idation are needed.

Conclusion

Radiomics and radiogenomics further evaluates the
imaging phenotypes with correlation of biological and
genomic features of prostate cancer with an ultimate goal
of prediction of prognosis and treatment response. This
relatively new branch of imaging sciences is evolving and
is expected to play an important role in clinical man-
agement of prostate cancer. Further large scaled repro-
ducible research is needed to accomplish this important
goal.
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