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Abstract: Prostate cancer (PCa) is the most common worldwide diagnosed malignancy

in male population. The diagnosis, the identification of aggressive disease, and the post-
treatment follow-up needs a more comprehensive and holistic approach. Radiomics is the
extraction and interpretation of images phenotypes in a quantitative manner. Radiomics may
give an advantage through advancements in imaging modalities and through the potential
power of artificial intelligence techniques by translating those features into clinical outcome
prediction. This article gives an overview on the current evidence of methodology and reviews
the available literature on radiomics in PCa patients, highlighting its potential for personalized

treatment and future applications.
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Introduction

Prostate cancer (PCa) represents a global health-
care burden, with a 13.5% incidence and a 6.7%
mortality rate accounting as the fifth leading cause
of death in the world in male population.!-? Recent
developments in imaging methods hold great
promise in diagnosis and detection of PCa, espe-
cially clinically significant PCa (csPCa), screening
and staging of the disease, treatment response,
and personalized prediction of oncological out-
comes.>> Through advances in artificial intelli-
gence (AI) methods of evaluating radiological
features, a recent area of interest, radiomics, is
developing, moving the interest from qualitative
evaluation of imaging modalities to measuring
quantitative data from these images.® Radiomics
is the extraction and analysis of quantitative
imaging features from radiographic images’8
that can be used to develop descriptive and pre-
dictive models, combining image features and
phenotypes with gene and protein signatures.?!°
PCa is diagnosed from biopsy samples by evalu-
ating its grade;!! according to this grade, patients

are stratified using International Society of
Urologic Pathologists (ISUP) grade, serum pros-
tate-specific antigen (PSA) levels, and clinical
staging.!>"14 The upstaging of the disease after
radical prostatectomy (RP) is observed in many
cases, in part due to PCa heterogeneity, therefore,
is essential to better stratify PCa patients from
diagnosis to early biochemical recurrence (BCR).
Efforts are made to validate the use of multi-para-
metric magnetic resonance imaging (mpMRI)
parameters for diagnosis and BCR prediction in
patients with localized disease.!®> Prostate biopsies
miss an important percentage of csPCa, which
could be evaluated to be up to 38-46% in system-
atic biopsies.1®

By combining the recent advances in imaging
techniques, such as mpMRI prior to the biopsy,!?
performing targeted biopsy (TBx) plus the sys-
tematic biopsy of the contralateral lobe can detect
approximately 96% of csPCa.17-20 Still, there are
undiagnosed csPCa that will threaten the life of
patients, in part due to heterogeneity of PCa
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tumors,? in part due to spatial?! alignment of
heterogeneous tumor growth and, finally, due to
clonal genomic diversity.42223 To limit the inter-
observer variability and reader’s experience, the
Prostate Imaging—Reporting and Data System
version 2.1 (PIRADS v2.1) was proposed.?* Even
if this standardization in image interpretation
cannot limit the differences between expert
healthcare sites?> and centers outside highly spe-
cialized clinics,2® the possibility to distinguish
between low- and high-grade cancers due to a
numerical score, is moderately reliable?’-2° and
permit to avoid unnecessary biopsies.?® Up to
date, there is no evidence that mpMRI can over-
come the heterogeneity of PCa.27:31,32

Prostate-specific membrane antigen positron
emission tomography (PSMA-PET) is being used
for staging of PCa and for follow-up of recurrent
disease.?336 Recent evidence are reported for
detection of PCa lesions (especially PIRADS 3
lesions),3” tumor delineation,?® tumor localiza-
tion,3° and segmentation of prostate volume and
lesions using PSMA-PET.4041 As current risk
stratification models, which could predict onco-
logical outcomes, are unable to accurately deline-
ate the prognosis for each patient and for each
stage of disease, there is an ongoing need for the
detection of personalized and precise detections
tools and treatment.!?2 Radiomics features (RFs)
analysis can give information for detection, risk
stratification, and treatment. Images obtained
from existing follow-up imaging tools do not
require additional investigations and the whole
tumor is characterized compared with biopsy.40:42
The AI techniques and the continuous research
to clinical translations of different computational
models in medicine and PCa?%3%* will enhance the
detection, and possible grade of PCa tumors and
its classification.#>>46 Radiomics and its combina-
tion with machine-learning (ML) techniques are
assessing the possibility of differentiation between
low- and high-grade PCas,3247-53 tumor descrip-
tion,>%%1 risk assessment,*8:62-65 and treatment
planning.66-71

This review gives an overview of the methodologi-
cal aspects of radiomics, and current and future
possible applications of radiomics in the manage-
ment of PCa. This includes our literature search
and a qualitative analysis of radiomics in PCa
from different imaging techniques and its clinical
significance. We focused our review on enclosing
especially the latest studies that used different
imaging modalities [most used imaging modality

analyzed in reviews was magnetic resonance
imagining (MRI)], following a predefined meth-
odology, aiming to find studies with validation
protocols and also to introduce a review of how
Al can improve radiomics and translation of these
results into clinical practice and a mini-review on
strengths and limitations of different algorithms
used in PCa radiomics.

Workflow of RFs extraction

Radiological images are usually qualitatively ana-
lyzed by human readers. Radiomics, instead, aim
to quantitative mapping images. Such process is
based on several image features extraction, analy-
sis and modeling in relation to specific targets
that could be either anatomical or functional,
based on different imaging techniques used as a
starting point.”? A radiomics study is composed
by different and consecutive phases, namely, data
selection, medical imaging, feature extraction,
exploratory analysis, and modeling. To assess the
quality of all processes, Lambin ez al.”? reported
the radiomics quality score, which is an item-
based score. The radiomics quality score is com-
posed of 16 different items and explore all the
aspects of the radiomics process through the five
phases described above. In particular, the radi-
omics quality score considered the image proto-
col quality, multiple segmentations, the phantom
study, imaging time points, adjustment for multi-
ple testing, the use of multivariable analyses, the
detection and discussion of biological correlates,
cut-off and accuracy analyses (calibration and
accuracy statistics), trial registration and image
availability, cost-effectiveness analyses, and com-
parisons with the current gold standard. The fol-
lowing paragraphs resume the main aspects of
radiomics pipeline.

Radiomics pipeline

Image acquisition and pre-processing. The
radiomics pipeline start with the acquisition of a
robust data set of medical images and patients’
outcomes. Radiomics is based on the hypothesis
that quantitative data extracted from radiologi-
cal images are related to underlying genomic,
pathologic, and clinical features. Unfortunately,
the high variability in the image acquisition pro-
cess reduces the reproducibility of the quantita-
tive features extracted from each image and
affects the external validity of any produced
model. In this scenario, one of the most chal-
lenging aspects of radiomics is image acquisition
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and pre-processing to reduce the influence of
imaging protocols on the extracted radiomics
features. Several strategies have been developed
in this regard. First, some imaging modalities are
inherently endowed with lower variability. Com-
puted tomography (CT) scans and anatomical
T2 MRI sequences are more robust and repro-
ducible images.”?7¢ The creation of AI models
that evaluate only these sequences, however,
would be very limiting and would result in the
loss of large amounts of information that are
instead essential for radiologists who qualita-
tively evaluate each sequence and take clinical
decisions based on the combination of each
sequence.” The way forward is the standardiza-
tion of the imaging protocols and image pre-pro-
cessing: the attempt to homogenize images from
which RFs will be extracted with respect to pixel
spacing, gray-level intensities, bins of the gray-
level histogram, and so forth.’®¢ Preliminary
results have shown that the test-retest robust-
ness of RFs extracted largely depends on the
image pre-processing settings used.”” Given the
difficulties encountered in the image standard-
ization process, a radiomics model must first be
tested internally and then externally validated in
multiple validation cohorts. The availability of
open-source data sets that include medical
images will be of great help to the scientific com-
munity and will speed up the process of discov-
ery and validation of radiomics models.”®

High-throughput feature extraction. Digital Imag-
ing and Communications in Medicine (DICOM)
is the standard file format for the management of
medical imaging information and related data. A
single DICOM file coming from X-rays, CT
scans, or MRI, comprehend discrete information
of each pixel, tridimensional coordinates and
every pieces needed to digitally visualize the
image, regrouping those information into data
sets. Radiomics uses software-implemented math-
ematical algorithms to extract quantitative fea-
tures from medical images. Feature extraction is
performed using two main methods: handcrafted
radiomics and deep learning (DL). For both
radiomics approaches, delineation of the region of
interest (ROI) in two and three dimensions is the
crucial first step in the pipeline.

The handcrafted radiomics approach involves
radiologist’s manual segmentation of the ROI on
medical imaging, and the subsequent extraction of
thousands of human-defined quantitative features,
which describe tumor shape, spatial relationships,

and texture among other characteristics. ML
methods may then be applied to identify the imag-
ing features that are associated with a given clinical
outcome. The introduction of a source of human
bias into the process raises, however, concerns on
the reproducibility of handcrafted RF extraction
due to the intra- and inter-reader variability that
results from the reliance on manual segmentation
of the tumor, and due to variation in imaging and
pre-processing techniques for feature extraction.”®

The advent of DL methods has enabled a larger
learning capacity, boosting generalizability and
accuracy while reducing potential bias.80

Most of the DL radiomics applications rely on the
definition of the ROI based on a single-point
placement within the tumor volume, replacing
full human segmentations with approximate
localization. Recently, DL. methods have allowed
also automated segmentation® and automated
extraction, and learning of relevant radiographic
features without the need for previous definition
by researchers.82

Data integration and data analysis. Once RFs
have been extracted and normalized from an
ROI, statistical methods are used to assess
their association with clinical and molecular
outcomes.

Data integration with information coming from
histologic analysis, genomics, proteomics, and
metabolomics can improve the predictive accu-
racy of a radiomics model and allow for a deeper
understanding of the biological meaning of
quantitative features extracted from medical
images.®3 The aim is the prediction of patients’
outcomes, such as the presence of disease, dis-
ease recurrence, treatment response, and can-
cer-specific mortality. Al is used not only for the
feature calculation but also for the selection of
features associated with a specific outcome.84 In
this step, from thousands of features extracted
and tested, only a small number are selected to
be included in the final model. To make a model
generalizable, it is important to avoid finding
spurious correlations in the data that do not
apply to other similar data sets, an occurrence
termed overfitting.8> Overfitting may be avoided
by increasing the sample size and the variability
of the training and development set of images
and reducing the number of features ultimately
included in the model. Figure 1 integrates the
workflow of RFs.
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Figure 1. A typical radiomics workflow, including the extraction of features, the data integration and analysis, and the production of

predictive model.

CNN, convolutional neural network; DL, deep learning; GLCM, gray-level co-occurrence matrix; GLDZM, gray-level distance zone matrix; GLRLM,

gray-level run length matrix; GLSZM, gray-level size-zone matrix; ML, machine-learning.

Methodology

We had performed an extensive search through
online databases (PubMed/Medline, EMBASE,
clinicaltrials.gov) with the use of the following
terms: prostate cancer AND radiomics AND
[(MRI) OR (PSMA-PET) OR (CT) OR
(TRUS)]. Inclusion criteria were as follows: arti-
cles with research on PCa radiomics with features
extracted from choline/PSMA-PET, CT, MRI,
and transrectal ultrasonography (TRUS) that
were subjected to internal or external validation.
Two authors performed independently the search
of databases and one author assessed the eligibility
of studies from the last 5years with inclusion of
early leading studies. A number of 262 studies
were found with and 24 articles from other regis-
ters plus five ongoing clinical trials. At the end, a
number of 57 studies were included in this analy-
sis. Figure 2 depicts the description of methodol-
ogy applied in accordance with Preferred Reporting

Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidance.8¢

Radiomics

Prostate-specific membrane antigen positron
emission tomography

Current status of PSMA-PET in evaluation of
PCa. PSMA-PET is the most promising imaging
modality in PCa. Several studies have proved that
PSMA-PET/CT is more accurate in N (node)
and M (metastasis) staging as compared with
MRI, abdominal contrast-enhanced CT or cho-
line PET/CT. Results from randomized control
trials (RCTs) evaluating the management and
outcome of patients with (and without) metasta-
ses detected by PSMA-PET/CT are awaited
before a decision can be made to use this test in
primary staging. Guidelines, however, currently
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Figure 2. PRISMA flowchart of included studies.

recommend PSMA-PET for M staging in patients
with suspicious disease recurrence after primary
treatment. Few studies have tested radiomics on
this imaging modality that combine information
coming with a PET and CT scans.

PSMA-PET radiomics studies in PCa. Erle er al.?”
recently confirmed the accuracy of radiomics
decision tree (DT)-based classifiers in a larger
population (IN=87) of patients undergoing
68Ga-PSMA-PET/CT for M and N staging of
PCa. In the validation cohort, the extra trees clas-
sifier trained with the data of 30 patients resulted
in an area under the curve (AUC) of 0.95, a sen-
sitivity of 0.95, and a specificity of 0.80. The
authors, however, pointed out suboptimal perfor-
mances of the algorithm in liver, kidneys, genito-
urinary (GU) tract, and lacrimal and salivary

glands with a high rate of false positives. Peeken
et al.® developed a CT-based radiomics model to
predict lymph node (ILN) metastasis status using
a PSMA radio-guided surgery cohort with histo-
logical confirmation of all suspected LN. The best
radiomics model (AUC =0.95) outperformed all
conventional CT parameters, including LN short
diameter (AUC =0.84),LNvolume (AUC =0.80),
and an expert rating (AUC=0.67) for detection
of LN metastases. In the setting of primary stag-
ing of PCa, Zamboglou et al. evaluated a PSMA-
PET/CT radiomics model for the prediction of
any PCa and csPCa foci in radical RP specimens.
Twenty and 52 patients were included in the
training and validation cohorts. Visual PET image
interpretation missed up to 60% of tumor lesions.
Conversely, authors showed that two RFs [local
binary pattern (LBP) size-zone non-uniformality
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normalized and LBP small-area emphasis] per-
form excellently in visually unknown PCa detec-
tion (p<0.01, AUC =0.93). The sensitivities of
both random forests (RFs) in the validation
cohort were =0.8.57 In a similar setting, Dom-
achevsky et al.®® also showed the accuracy of
PSMA-PET/MRI for the diagnosis of intra-pros-
tatic cancer nodules. Quantitative features
extracted from PSMA-PET/MRI images, such
as standardized uptake value (SUV) max and
apparent diffusion coefficient (ADC) values are
promising for differentiating between important
intra-prostatic lesions and benign tissue in
patients with naive PCa. Ongoing studies will
prove the wutility of this multi-parametric
approach to guide biopsy or focal treatment and

Table 1. Radiomics and PSMA-PET/CT scan studies.

even prevent unnecessary biopsies in certain sce-
narios.88 In Table 1, we have listed the articles on
the potential of radiomics and CT scans in risk
stratification of PCa patients.

CT scans

Most research on Pca radiomics mainly focuses on
mpMRI, however, other imaging modalities—
which are regularly used for Pca work-up and bear
the potential to carry information that can be used
to improve current Pca management at different
clinical steps—have been evaluated. To date,
specificity and sensitivity of CT scan in the detec-
tion of tumor lesions inside the prostate are lack-
ing. Especially for patients with contraindications

Author

Clinical outcomes

Imaging
modality

Results

No. patients/prospective

or retrospective

Segmentation

Radiomics in diagnosis and detection of prostate cancer

Moazemi
etal.®

Erle et al.87

Moazemi
etal.?

Peeken et al.¢7

Zamboglou
etal.y’

Domachevsky
et al.8

Comparing results 68Ga-PSMA- DT-based classifiers showed the 2419 hotspots from 72 Manual
from human readers PET/CT scan best performance with up to 0.98  patients/retrospective
to those of ML-based AUC, 0.94 sensitivity, and 0.89
analyses specificity
Comparing results 68Ga-PSMA- Extra trees classifier: AUC of 2452 hotspots from 87 Manual
from human readers PET/CT scan 0.95, a sensitivity of 0.95, and a patients/retrospective
to those of ML-based specificity of 0.80
analyses
Overall survival after 68Ga-PSMA- A radiomics signature based on 2070 pathological Manual
treatment with (177) PET/CT scan SUV,;, and kurtosis achieved p hotspots from 83
Lu-PSMA values less than 0.05 subjects/retrospective
Detection of LN 68Ga-PSMA- A CT-based radiomics model 108 patients with Manual
metastases in PSMA PET/CT scan (AUC=0.95) outperformed all recurrent PCa who
radio-guided surgery conventional CT parameters for received radio-guided
patients detection of LN metastases surgery of 68Ga-
PSMA-PET/CT-positive
PCa recurrences/
retrospective
Detection of PCa areas  68Ga-PSMA- Local binary pattern size-zone 72 patients with Manual
in whole-gland RP PET/CT scan non-uniformity normalized PCa undergoing RP/
specimens and LBP small-area emphasis retrospective
AUC = 0.93; sensitivity >>0.8
Detection of PCa areas  68Ga-PSMA- PET/MR SUV,,,, ADC,.;, and 22 Patients, 44 PCa Manual

in whole-gland RP
specimens

PET/MRI scan

ADC mean differentiate between
normal and tumor prostatic
tissue (all p<0.001)

areas/prospective

ADC, apparent diffusion coefficient; AUC, area under the curve; CT, computed tomography; DT, decision tree; ECOG, Eastern cooperative oncology
group; LBP, local binary pattern; LN, lymph node; ML, machine-learning; MRI, magnetic resonance imaging; Pca, prostate cancer; PET/MR,
positron emission tomography/magnetic resonance; PSA, prostate-specific antigen; PSMA-PET, prostate-specific membrane antigen positron
emission tomography; RP, radical prostatectomy; SUV, standardized uptake value.
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to mpMRI (e.g. pacemaker, metallic implants,
claustrophobia) and to address some problems
inherent to mpMRI (e.g. variability and challenges
in imaging acquisition and interpretation), radi-
omics performance of CT imaging might add fur-
ther clinical value in a variety of PCa scenarios.

CT scans and radiomics studies in Pca. Osman
et al.%? evaluated the value of CT-based RFs for
Pca risk stratification. Authors retrospectively
extracted RFs from CT scans of 342 patients with
localized Pca treated with RT, and found that
their model—based on 1618 quantitative imaging
features—classified low- versus intermediate- and
low- wversus high-risk groups (AUC=1.00 and
0.96, respectively), as well as Gleason score (GS)
6 versus 7 and 7 (3 + 4) versus 7 (4 + 3), with high
accuracy (AUC=0.90 and 0.98, respectively).
Similarly, Tanadini-Lang ez al®! performed a
radiomics retrospective analysis of the entire pros-
tate using CT perfusion imaging for predicting
Pca classification. In their case series of 41 Pca
patients referred for RP, 1701 RFs were deter-
mined in three perfusion maps (i.e. blood volume,
blood flow, and mean transit time), and grouped
into 10 groups—represented by the single RF
with the best correlation with the group. They
found that one RF (i.e. blood flow HHL joint
average) was able to predict post-surgical GS
(R2=0.21, p=0.01), and two radiomics parame-
ters (i.e. blood flow HHH fractal dimension and
blood volume HLH root mean square) to distin-
guish between intermediate- wversus high-risk
patients, and GS 7 (3+4) versus 7 (4+3) PCa
(AUC=0.81 and 0.77, respectively). Bosetti
et al.%® explored the role of cone-beam CT-based
radiomics for risk assessment and prognosis.
Cone-beam CT is routinely performed prior to
RT sessions for treatment set-up (i.e. to verify
daily treatment position). Authors evaluated 31
patients with PCa, using 300 RFs. According to
their analysis, the best-performing models, which
included both specific histogram and shape-based
features identified low- or intermediate- versus
high-risk cases with an AUC of 0.83 (95%
CI=0.73-0.92), and GS 6 versus =7 cases with
an AUC of 0.80 (95% CI=0.74-0.85), suggest-
ing a good performance in classifying Pca cases.
With regards to the prediction of BCR, especially
histogram-based features were found to have pre-
dictive value (Precision-recall curve
[PRC] =1.00)—yet their case series included only
three patients with BCR. Mostafaei ez al.®? suc-
cessfully used CT RFs alone and combined with
clinical and dosimetric parameters to develop a

prediction model for RT-induced toxicity (refer to
‘Radiomics and treatment response and toxicity’
paragraph for more detailed data). Peeken er al.¢7
sought to develop a CT-based radiomics model
to predict LN metastases status in a retrospective
cohort of 80 men with recurrent Pca who under-
went PSMA radio-guided surgery (i.e. a novel
surgical approach that allows intra-operative
detection and resection of PSMA-PET/CT- posi-
tive LN). Among the 156 RFs extracted, texture
and shape features were found to correlate with
LN volume. Among the radiomics models, the
LBP model outperformed the intensity, shape,
and texture models (AUC of 0.90 versus 0.73,
0.83 and 0.78, respectively), as well as conven-
tional CT parameters, such as LN short diameter
(AUC=0.84); interestingly, the combined
radiomics model—based on all RFs—achieved
the best performance (AUC=0.95) in predicting
LN status, with LBP features providing the high-
est contribution to model performance. More-
over, the combined radiomics model showed a
significant correlation with LN status on multi-
variate analysis [odds ratio (OR)=15.5], and a
clinical net benefit above the LN short diameter
according to decision curve analysis. Acar et al.®>
aimed to use CT texture features and ML meth-
ods to distinguish bone lesions, imaged wvia
68Ga-PSMA-PET/CT, as metastatic from com-
pletely responded in Pca patients, and demon-
strated a good accuracy of CT in detecting
treatment response in bone metastasis (BM)
(refer to ‘Radiomics and bone metastasis’ para-
graph for more detailed data). InTable 2, we sum-
marize the results of articles on radiomics and CT
studies.

TRUS imaging

Similarly, radiomics performance applied to
ultrasound (US) imaging has been recently inves-
tigated. Historically, US has been widely used for
prostate gland examination and Pca diagnosis—
yet, to date, standard TRUS is no more suitable
for Pca detection.!? It is an appealing imaging
method from a radiomics perspective, however,
especially because of its several advantages (i.e. it
is non-invasive, radiation-free, cost-effective,
widely available, and practical).

TRUS imaging and radiomics studies in PCa. Wilde-
boer et al.>® evaluated the role of multi-parametric
US for the localization of Pca in 48 men with Pca
referred for RP. In particular, authors combined the
information from three different US modalities [i.e.

journals.sagepub.com/home/tau
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Table 2. Radiomics and CT studies.

Author Clinical outcomes Type of image Results Study design Image segmentation
acquisition No. of patients
Radiomics and CT scans
Osman GS, risk-group CT Radiomics classifier: Retrospective All DICOM images and
etal.s2 classification e Low- versus intermediate-risk n=342 structure sets were reviewed
groups, AUC=1.00 by an experienced clinical
e Low- versus high-risk groups, oncologist
AUC=0.96
e (S bversus =7, AUC=0.90
o GS7(3+4)versus 7(4+3),
AUC=0.98
Tanadini-  GS, risk-group CT perfusion e Intermediate- versus high-risk Retrospective The prostate was delineated on
Lang classification groups, AUC=0.81 n=41 one of the CT image batches
et al.? o GS7(3+4)versus7(4+3), of the perfusion series;
AUC=0.77 perfusion parameters were only
calculated inside these contours
Bosetti Stage, GS, PSA Cone-beam e Low- orintermediate- versus high-  Retrospective Manually segmentation the
et al.¢ level, risk-group CT risk groups, AUC=0.83 n=31 prostate gland on each CBCT
classification, e GSb6versus =7, AUC=0.80 scan and contouring the
BCR lesions
Mostafaei  RT toxicity (i.e. CT Cystitis: Prospective ROls were manually drawn
et al.”? cystitis, proctitis) e Clinical-radiomics model, n=64 on each slice, including the
AUC=0.77 rectal and bladder walls and
e Radiomics model alone, AUC=0.71 excluding the rectal lumen and
Proctitis: bladder entity
e Clinical-radiomics model,
AUC=0.65
e Radiomics model alone, AUC=0.71
Peeken LN metastases Contrast- e Combined radiomics model, Retrospective LN segmentation was
et al. e’ enhanced CT AUC=0.95 n =80 performed manually using
(from PSMA- e Local binary pattern model, Eclipse 13.0 on the contrast-
PET/CT) AUC=0.90 enhanced diagnostic CT data
e conventional CT parameters [i.e. LN sets
short diameter), AUC=0.84
Acar Detection of BM CT (from weighted k-nearest neighborhood Retrospective The VOI was drawn to entire
etal” that responded PSMA-PET/ algorithm, AUC=0.76 n=75 sclerotic lesion via CT images
after treatment CT) with manually by a nuclear

medicine physician

AUC, area under the curve; BCR, biochemical recurrence; BM, bone metastasis; CBCT, 3D cone-beam computed tomography; CT, computed
tomography; DICOM, Digital Imaging and Communications in Medicine; GS, Gleason score; LN, lymph node; PSA, prostate-specific antigen; PSMA-
PET, prostate-specific membrane antigen positron emission tomography; ROI, region of interest; RT, radiotherapy; VOI, volume of interest.

B-mode US, shear-wave elastography (SWE), and
dynamic contrast-enhanced US (DCE-US)] and
their radiomics through ML technology, to develop
a multi-parametric radiomics-based classification.
According to their analysis, the multi-parametric
classifier outperformed the best-performing single
parameter (i.e. contrast velocity) in the detection of
Pcaand csPCa (defined as GS >3 + 4) (AUC=0.75
and 0.90 versus AUC=0.69 and 0.76, respectively).
Of note, the improvement was partly due to
radiomics extraction and partly to the multi-para-
metric combination. Zhang et al.°* aimed to use a
computer-aided diagnosis (CAD) system on

multimodal US images to diagnose PCa. Authors
analyzed 47 men with Pca and 56 with BPH, using
a combination of two US modalities [i.e. B-mode
US and real-time elastography (RTE)] and a DL
network (i.e. PGBM-RBM2) to fuse multimodal
features by a multi-layer architecture. This pro-
posed model yielded the best performance in the
discrimination between benign disease and PCa
(AUC=0.85), compared with the competing meth-
ods (both baseline methods and DL methods based
on B-mode US or RTE features only). Huang
et al.% used a computer-assisted analysis of US
through image processing to improve PCa
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Table 3. Radiomics and TRUS imaging studies.

Author Clinical Type of image Results Study design Image segmentation
outcomes acquisition No. of patients
Radiomics and TRUS imaging
Wildeboer  PCa detection, TRUS: detection of PCa Retrospective The prostate was located and
et al.%® GS B-mode, e Multi-parametric classifier, n=48 delineated by an automated
contrast- AUC=0.75 DL-based TRUS segmentation
enhanced US e Best-performing single algorithm on the side-view
parameter (i.e. contrast fundamental B-mode images
velocity), AUC=0.69 of both SWE and DCE-US
detection of GS>3 + 4 PCa acquisition; a detection algorithm
e Multi-parametric classifier, was designed to outline
AUC=0.90 calcifications in the B-mode
e Best-performing single images
parameter (i.e. contrast
velocity), AUC=0.76
Zhang PCa detection TRUS: e Multimodal method + deep Retrospective The boundaries of the prostate
etal.% B-mode, RTE learning network, AUC=0.85 n=103 peripheral gland were manually
e B-mode features + deep drawn on B-mode US images
learning network, AUC =0.80 and then mapped to the retrieved
e RTE features + deep learning elastograms to specify ROI
network, AUC=0.79
Huang PCa detection ~ TRUS e Proposed method, AUC=0.70 Retrospective An optical density conversion
etal.? n=48 technology was used of each
pixel to dry the ROl and enhanced
the contrast and to make the
details of the image clearer for
subsequent analysis
Wu etal?%  Prostate TRUS: Segmentation framework using Retrospective A 2D prostate segmentation
segmentation B-mode speckle-induced features, error n=132+5 framework utilizing speckle-
rate=11% videos induced texture features

AUC, area under the curve; DCE-US, dynamic contrast-enhanced ultrasound; DL, deep learning; GS, Gleason score; PCa, prostate cancer; ROI,
region of interest; RTE, real-time elastography; SWE, shear-wave elastography; TRUS, transrectal ultrasound; US, ultrasound.

detection. In this case series, texture features were
extracted from TRUS images of 48 patients (22
negative and 22 PCa cases), fused and then put into
support vector machine (SVM) classifier for classi-
fication purpose. Such a method achieved an accu-
racy of 70.9% in differentiating PCa from benign
tissue. Wu ez al.%® proposed a novel automatic 2D
prostate segmentation framework. To develop such
a model, authors used a novel feature extraction
and classification pipeline based on speckle features
(i.e. size, orientation, and spatial coherence), the
dark-to-light intensity transition near prostate
boundary, and the prostate shape prior. According
to results validated on two data sets of US images,
their framework demonstrated a good classification
performance, outperforming other proposed meth-
ods (error rate of 11.0% wversus 46.6%, 18.8%,
48.3%, and 24.5% for Traditional Gabor, rotation-
invariant, moments-invariant, and LBP features,
respectively). Table 3 depicts results of radiomics
and TRUS imaging studies.

Radiomics from MRl images

MRI has a high sensitivity and specificity as an
imaging method in detecting csPCa and for lesion
targeted biopsy of the prostate, and it gives high
quantitative and qualitative images for the use in
radiomics research.” The prediction of PCa
characteristics (GS, PIRADS v2, risk class) and
also the automated prostate segmentation in a
fully automated quality control system makes
MRI-based radiomics a valuable tool in PCa
diagnosis.*%% Another use of ML models was to
develop new detection features, such as advanced
zoomed diffusion-weighted imaging (DWI) and
conventional full-field-of-view DWI,%° perform-
ing texture analysis of prostate MRI in PIRADS
v2 3 lesions,!%0 delivering frameworks for auto-
mated PCa localization and detection,!01:102 and
managing RT treatment©®%70,92:103,104 gnd predict-
ing BCR and RT toxicity.00:71:105-108 Tn PCa, the
use of radiomics comes with aid in prostate vol-
ume selection and segmentation,38:59:98,109,110 PCg
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screening,6l:111 detection  and classifica-
tion,01:68:112-114 rigk stratification,3%:03:115 and treat-
ment.%0:116-118 The in-depth analysis of these
studies can be found in the following sections.

Prostate volume selection and segmenta-
tion. Using mpMRI and an auto-fixed volume of
interest (VOI)-based radiomics signature was
studied by Bleker er al.,5* identifying a model
with features from T2-weighted (T2w) and DWI
through an auto-fixed volume of interest,
AUC=0.870 (95% CI=0.980-0.754), enhancing
the actual assessment of the peripheral zone
lesions. Orzcyk er al.,'%° compared the entropy
score and visual score in the assessment of pros-
tate lesions on mpMRI and found that the entropy
score (numerical cut-off of 16.61) natural infor-
mation unit (NAT) better predicted the csPCa
lesions than the visual score (p<<0.001). Bernatz
et al.,’1° compared several ML algorithms used to
predict csPCa with the help of mpMRI (T2w,
dynamic contrast-enhanced (DCE) images and
quantitative analysis on ADC map, and PIRADS
v2. ADC-derived RFs and the PIRADS v2 catego-
ries in relation to the Gleason grade score were
applied and results found that lower mean ADC
values were revealed for malignant lesions
(p<0.001) which is in concordance with PIRADS
v2. Lately, an effort by Sunogrot er al.,*® to pro-
vide an automated quality control system for pros-
tate segmentation from mpMRI images was
created to evaluate the quality of prostate segmen-
tation. Krauss er al.110 used radiomics analysis to
segment the prostate in a way that the peripheral
zone, the transition zone and the entire prostate
are available as analyzable volumes in 3D Slicer
and PyRadiomics software. To facilitate detection
of PCa, a combination of mpMRI, B-mode, SWE,
and contrast-enhanced US radiomics fully auto-
mated techniques are developed at the moment.
Wildeboer er al.,>® used radiomics to integrate
information from all of the above-described
modalities. ML was applied through an RF clas-
sification algorithm and found that combinations
between perfusion, dispersion, and elasticity-
related features were favored.

One of the challenges in spatial delimitation of
tumor burden is related to tumor delineation and
segmentation of ROI which in the conventional
way is reader dependable and time-consuming.
The standardization of MRI image acquisition
across institutions should be encouraged.® More
data are required from clinical trials to assess the
robustness of radiomics-based predictive models

and to further assess the automatic segmentation
of gross tumor volume automatic.6%120-122

PCa screening. For screening purposes, non-
invasive techniques like radiomics tools can be of
great interest in identifying csPCa. McGarry
et al.,'?3> used mpMRI included field of view
(FOV)—optimized and constrained undistorted
single-shot (FOCUS) DWI, DCE imaging, and
T2w imaging. The authors introduced a new con-
cept, the Gleason probability map, explained by
the fact that each profile is replaced by its respec-
tive percentage value, creating four maps describ-
ing low grade, high grade, benign, and the
presence of cancer, obtaining an AUC of 0.79 in
distinguishing cancer from atrophy tissue, but
having a low performance in the successful char-
acterization of Gleason 3 from Gleason 4. Qi
et al.,®! evaluated a combined model that involves
RFs and clinical and radiological risk factors. The
model involving radiomics, PSA density and
PIRADS v2 score had AUC of 0.956 and 0.933
on trained cohorts and validation models, respec-
tively, and performed better than just the clinical
and radiological model (p<0.05), therefore,
identifying more negative lesions on mpMRI and
potentially lowering the number of patients need-
ing a prostate biopsy by 18.4%.

There are few studies that looked into the poten-
tial of screening the patients for PCa and this is
due to the fact that the technology behind
mpMRI, lack of standardization as reported for
the inter-reader differences in the assessment of
PIRADS score lesions.

Radiomics in diagnosis and detection of PCa. Ini-
tial research of radiomics in PCa An array of studies
looking into the potential and future benefits in
PCa detection and diagnosis through radiomics-
based models using different features were stud-
ied. A few studies focused on the detection of
PCa, on evaluating PIRADS performance for
diagnosis of suspicious lesions. Cameron er al.1%2
first experienced a model based on clinical use of
imaging features by radiologists. The morphol-
ogy, asymmetry, physiology, and size grouped
together outperformed each one of them taken
separately, in terms of accuracy, sensitivity and
specificity compared with conventional mpMRI,
with an average of 87% and 65%, respectively.
Hang ez al.,%® aimed to develop and validate a
radiomics model based on mpMRI to predict
PCa upgrading after RP. The combination model
(radiomics signature, clinical stage, and time from
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biopsy to RP performed better than the clinical
model and radiomics model alone (AUC: com-
bined model, 0.910; clinical model, 0.646; and
radiomics model, 0.868).

Chlinical studies for detection of PCa involving radi-
omics One of the first studies that analyzed imag-
ing features for PCa was performed by Khalvati
et al.,'?* with the goal of creating a radiomics-
based auto-detection method utilizing an
mpMRI feature model that combined computed
high-b DWI and correlated diffusion imaging
and was evaluated with an SVM classifier,
reporting good results for specificity evaluated
with AUC as a target [sensitivity=0.84 (95%
CI=0.76-0.91), specificity=0.86(95% CI=0.82
-0.91), AUC=0.90 (95% CI=(0.88-0.93)].
Dulhanty ez al.,'13 investigated ML models using
several radiomics-driven zone-level PCa sensing
strategies and a discovery radiomics approach
based on zone level. The best-performing model
was a zone discovery radiomics model with an
AUC of 0.86 performing better than the clinical
model (AUC=0.79). Bagher-Ebadian er al.112
build an adaptive model with RFs from MRI
images to characterize dominant intra-prostatic
lesions using Al technique, the artificial neural
network (ANN). The AUC between the ANN
model and the conventional model is somehow
comparable (95% and 94%, respectively). Qi
et al.,®! evaluated a combined model that involves
RFs, and clinical and radiological risk factors, and
to detect PCa in patients with PSA range 4-10ng/
ml. The model involving radiomics, PSA density,
and PIRADS v2 score had AUC of 0.956 and
0.933 on trained cohorts and validation models,
respectively, and performed better than just the
clinical and radiological model (p <0.05), there-
fore, identifying more negative lesions on mpMRI
and potentially lowering the number of patients
needing a prostate biopsy by 18.4%. Chen
et al.,11* developed and a radiomics-based model
for diagnosis of intermediate-/high-grade tumors
and assessing its aggressiveness compared with
PIRADS v2 scores. Radiomics-based model out-
performed a PIRADS v2 model in detecting PCa
versus without PCa (AUC=0.999, validation as
well as in differentiating high- from low-grade
PCa, AUC=0.777, validation). Hu ez al.,%° com-
pared the efficiency of PCa detection using a radi-
omics signature based on advanced zoomed
diffusion-weighted imaging (z-DWI) and conven-
tional full-field-of-view (f-DWI). Radiomics sig-
natures based on the z-DWI technology had
better diagnostic accuracy for PCa than f~-DWI

technology (p z-DWIb1500 versus f-DWIb1500:
p»=0.048; z-calDWIb2000 wersus f~-DWIb1500:
$»=0.014). The mixed model (mpMRI and clini-
cally independent risk factors and radiomics) was
better at diagnosing PCa compared with mpMRI
signatures and clinically independent risk factors
alone (AUC=0.81, 0.93, and 0.94 in training
sets, and 0.74, 0.92, and 0.93 in validation sets,
respectively). Brunese er al.,'?> developed a deep
architecture, based on several convolutional lay-
ers, with the purpose to automatically assign the
GS to MRI. The researchers obtained an accu-
racy for GS prediction equal to 0.98473, 0.96667,
0.98780, and 0.97561 with regard to GS 3 + 3,
GS 3+4, GS 4+3 and GS 4 +4 prediction,
respectively, from 71 RFs derived directly from
MRI images.

The reproducibility and replication of results is
the basis for standardized reporting protocols, at
the moment, researchers have no consensus
between studies to identify the most favorable
model, along with external validation of those
models to apply to populations outside the stud-
ied patients’ cohorts. To accurately distinguish
cancerous versus benign tissue, radiomics has to
benefit from technological improvement in seg-
mentation, feature extraction, statistical analy-
sis, multi-center, prospective RCTs to be
integrated in clinical practice and in decision-
making protocols.

Radiomics and detection of csPCa. Wang et al. 126
aimed to investigate whether ML-based analysis
of MRI radiomics can help improve the perfor-
mance PIRADS v2 in csPCa. A predictive model
was developed using a novel SVM trained with
radiomics, PIRADS scores and a combination of
radiomics and PIRADS v2 scores. Performance
of PIRADS was improved for PCa versus periph-
eral zone (AUC: 0.983) and PCa versus transi-
tional zone (AUC =0.968). Kwon er al.,'2” aimed
to classify csPCa in mpMRI and RFs. Best per-
formance with AUC of 0.82 for RFs, 0.76 for
CART, and 0.76 for adaptive LASSO (least abso-
lute shrinkage and selection operator). Parra
er al.,128 classifier models based on DCE mpMRI
were built to find the best discriminating charac-
teristics between clinically significant and insig-
nificant prostate lesions defined by GS. The
trained models had an AUC of 0.82 and an AUC
of 0.82 on the validation cohort. Penzias et al.,2°
analyzed the translation of radiomics to better
understand the underlying morphologic tissue
characteristics and found that Gabor texture
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features were identified as being most predictive
of Gleason grade on MRI (AUC=0.69) Giam-
belluca et al.,1%0 analyzed the diagnostic perfor-
mance of texture analysis of prostate mpMRI for
PIRADS 3 images. Texture analysis extraction
was performed using radiomics software from
T2w and ADC images. For the detection of
csPCa, the predictive models for the diagnosis of
PCa yielded an AUC of 0.769 and 0.817 onT2w
or 0.749 and 0.744 on ADC maps images. Min
et al.,)30 evaluated the performance of an
mpMRI-based radiomics signature for discrimi-
nating between csPCa and insignificant PCa.
Logistic regression modeling yielded AUC of
0.872 in the training cohort and 0.823 in the test
cohort. Brancato er al.,!3! aimed to investigate
the potential use of radiomics for detection of
PCa with GS=6 in PIRADS 3 images and in
peripheral PIRADS 3 upgraded to PIRADS 4
images. RFs were extracted from T2w, ADC
map, and DCE-MRI images using specific soft-
ware. For PIRADS 3 images, second-order model
was chosen due to a slightly higher mean sensitiv-
ity, specificity, and accuracy (80%, 51%, and
71%, respectively) with AUC=0.76. For
upgraded PIRADS 4 classification task, first-
order model showed higher performances with
AUC, 89%; sensitivity, 87%; specificity, 62%;
and accuracy, 82%. Li et al.,'32 a model with
biparametric MRI-RFs and a clinical-radiomics
combined model for predicting csPCa. Both the
radiomics model (AUC =0.98) and the clinical—
radiomics combined model (AUC=0.98)
achieved greater predictive efficacy than the
clinical model (AUC=0.79). In 2018,
Bonekamp er al.,13® compared biparametric
contrast-free radiomics ML, mean ADC, and
radiologist characterization of prostate images.
Quantitative measurement of the mean ADC
reduced the number of patients with false-posi-
tive lesions (specificity=51%), but radiomics
ML did not perform better than mean ADC
assessment. Using different ML techniques, Hou
et al.,®> look at the PIRADS 3 lesions to screen
out csPCa.The AUC of radiomics ML model 1 is
0.89 and is significantly (p=0.003) higher than
that of radiomics ML model 2 with AUC of 0.87.
The decision analysis curve demonstrated that
the models 1 and 2 significantly improved risk
prediction at threshold probabilities csPCa at
20-80% compared with doing-none or doing-all.
Zhang et al.,'3* in a retrospective study per-
formed on 159 PCa extracted RFs from T2w,
DWI, and ADC images to differentiate csPCa
from insignificant one. The radiomics signature

was significantly associated with c¢sPCa
(»p<0.001). AUC values were 0.95 (training
group), 0.86 (internal validation group), and
0.81 (external validation group). The combina-
tion nomogram including the radiomics signa-
ture and ADC value demonstrated a favorable
classification capability with the AUC of 0.95
(training group), 0.93 (internal validation group),
and 0.84 (external validation group). Gong
er al.135 used logistic regression to evaluate detec-
tion of csPCa. The combined clinical and
radiomics model (the T,w/DWI) acquired an
AUC of 0.788. Woznicki ez al.,>® developed and
evaluated ML models using quantitative RFs
extracted from mpMRI to detect and classify
PCa. The model combining radiomics, PIRADS,
PSA density, and digital rectal examination
(DRE) showed a significantly better performance
compared with ADC for csPCa prediction
(AUC=0.571, p=0.022). Bernatz et al.,''° ana-
lyzed radiomics of ADC maps using ML algo-
rithms to discriminate csPCa wversus indolent
disease. The authors used mpMRI images deter-
mining VOIs and processed by radiomics analysis.
Three classification models were trained and a
subset of shape features improved the diagnostic
accuracy of the clinical assessment categories
(maximum increase in diagnostic accuracy
AAUC=+0.05, p<0.001). Gugliandolo er al.,*°
tested the associations of a large number of quan-
titative imaging features with clinical characteris-
tics. Texture features were the most predictive for
GS, PIRADS v2 score, and risk class; AUC =0.74—
0.94. Krauss et al.,'1% used radiomics MRI pheno-
type of the transition zone to explain PSA level in
patients with low suspicion for csPCa. Five RFs
are significantly correlated with PSA level
(r=0.53-0.69, p<<0.05). The regression model
significantly improves the explanatory value for
PSA level (p<0.05). Song et al.,'3% looked a
designing open-source software to extract image
features, preprocess the feature matrix, develop
different models in an automatically fashion, and
evaluate them with common clinical statistics. The
model was used to classify the csPCa and indolent
disease using the PROSTATEXx data set. The AUC
on the training, validation, and test data set
achieved results of 0.838, 0.814, and 0.824,
respectively. Lately, Castillo ez al.,!3” in a multi-
center study, the authors evaluate the possibility of
generalizing radiomics models for PCa classifica-
tion and to compare the performance of these
models to the performance of radiologists.
Radiomics models with images from mpMRI were
used to differentiate high- versus low-grade lesions
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which were generated by ML software. The three
single-center models obtained a mean AUC of
0.75, outperforming the expert radiologist.

The combined radiological and clinical radiomics
models were among the best methods to predict
the csPCa in patients with PIRADS score 3 and
more. The development of different models in an
automatically fashion using ML and Al tech-
niques and the construction of nomograms!3% can
improve the radiomics potential to discriminate
csPCa from indolent disease. Existing data are
promising with radiomics outperforming PIRADS
v2 in some aspects!37 and future studies will have
to focus on the performance of radiomics com-
pared with conventional radiologic analysis.

Radiomics and detection of extracapsular exten-
sion. Research has been analyzing radiomics
models in the detection of prostate extracapsular
extension (ECE). Losnegard er al.,138 investigated
MRI-RFs combined with ML to predict ECE in
non-favorable intermediate- and high-risk PCa
patients. The authors obtained AUC for ECE
prediction models individually and in different
combinations [Radiomics (12 features and PSA
density), 0.750; Radiology, 0.740; Memorial
Sloan Kettering Cancer Center (MSKCCQ),
0.670; combination 1: MSKCC + radiomics,
0.770; combination 2: MSKCC + radiology,
0.770; combination 3: radiomics + radiology,
0.780; and combination 4: all (MSKCC + radiol-
ogy + radiomics), 0.80]. Ma ez al.,'3° studied the
probability of radiomics to identify PCa ECE.
T2w and DCE images from mpMRI were
extracted and further evaluated by experienced
radiologist. The radiomics model obtained an
AUC of 0.902 and 0.883 in the training and vali-
dation cohort, respectively. The model outper-
formed and was more sensitive than the
radiologists results (AUC range=0.600-0.697),
(75.00% wversus 46.88-50.00%, all p<<0.05),
respectively. The same leading author,!4® pub-
lished yet another research and performed a simi-
lar study (LASSO model with decision curve
analysis). Obtaining an AUC of 0.906 and 0.821
for the training and validation data sets, respec-
tively, and had a good calibration performance.

To obtain a predictive model for the pre-treat-
ment detection of ECE, studies focusing on com-
bined model between clinical, conventional
radiology and radiomics achieved the best results
and probably the future research models should
rely on combined models.

In Table 4, we incorporated the research on the
potential of radiomics to detect PCa, differentiate
between aggressive and indolent disease, and
detect ECE.

Radiomics and BM

Detection of BM in PCa

Although clinical outcomes are excellent for
patients with localized PCa, patients with meta-
static PCa have poor prognosis; indeed, median
survival of patients with newly diagnosed metas-
tases—although it is highly variable due to the
heterogeneity of the M1 population—is approxi-
mately 42 months.12.142-144 PCa has the tendency
to metastasize to bone sites (organ-specific hom-
ing), usually leading to osteoblastic BM—
although it might also occur with osteolytic or
mixed-type lesions.145-147 99mT'c-Bone scan has
been the most widely used method for M staging
(i.e. evaluating BM); however, the field of non-
invasive M staging of PCa patients is evolving
rapidly and radiomics might offer a high poten-
tial. Yet, to date, most studies on PCa radiomics
are focused on PCa detection, and research with
specific regard to the detection of BM and the
assessment of treatment response is still scarce.

Identification of BM using radiomics studies in

PCa

Wang er al.’¥® aimed to identify mpMRI-based
texture features for pre-treatment prediction of
BM in 176 PCa patients. Of the 976 extracted
features, 15 were significantly associated with
BM (p<0.01). With regards to the prediction of
BM, the model using MRI features derived from
both T2w and DCE T1w showed better perfor-
mance (AUC=0.89) than those derived from a
single sequence (AUC=0.87 for T2w and
AUC=0.87 for DCE T1w) or GS (AUC=0.73),
yet the integration of the clinical risk factors (i.e.
free PSA, age, and GS) into the MRI model
achieved the highest performance (AUC=0.92).
Zhang et al.'¥ sought to develop and validate a
radiomics nomogram for predicting BM in PCa
patients, combining mpMRI-based RFs and clin-
ical risk factors. In their case series of 116 men
with newly diagnosed PCa, of the 204 obtained
features, 12 were significantly correlated with BM
(p<0.001). The proposed combined model—
which included RFs from T2w, DWI, and DCE
T1w images, and total PSA—had a higher dis-
crimination efficiency (AUC=0.92) than either
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Table 4. Clinical results of radiomics studies using MRI techniques.

Author Clinical outcomes MRI Results No. patients/ Segmentation
modality prospective or
retrospective
Radiomics in diagnosis and detection of PCa
Zhang et al.¢8 Prediction of PCa MRI AUC: combined clinical and radiomics model, 166/retrospective  Manually
upgrading from biopsy 0.910; clinical model, 0.646; and radiomics
to RP model, 0.868
Dulhanty Identification of PCa MRI Zone-discovery radiomics model better than 101/retrospective  Manually
etal 3 clinical heuristics model for positive or negative
zones
Bagher- Detection intra-prostatic MRI Comparison between conventional and AAN 117/retrospective  Manually
Ebadian et al."'?  lesions and normal tissue models
Qi et al.¢ PCa detection for PSA MRI Combination model, including RFs and clinical 199/retrospective  Manually
range 4-10ng/ml or radiological risk factors, p<0.05
Chen et al.M* Detection of PCa tumors MRI Radiomics-based model better than PIRADS 381/retrospective  Manually
with GS=7 v2 model in detecting PCa versus non prostate
cancer lesions and for differentiating high- from
low-grade PCa
Khalvati et al.’  Detection of PCa (GS=7) MRI Improved PCa detection with the use of SVYM 20/retrospective Manually
classifier
Hu et al.?? Detection of prostate MRI Combined model had better performance 136/prospective Manually
cancer compared with mpMRI signatures and clinically
independent risk factors alone
Radiomics and detection of csPCa
Wang et al.’? Detection of clinically mpMRI Performance of PIRADS was improved for 176/retrospective  Manually
significant PCa lesions prostate cancer versus peripheral zone
with a volume >0.5cm?3 on (AUC=0.983) and prostate cancer versus
histopathology transitional zone (AUC=0.968)
Kwon et al.'? Detection of csPCa MRI RFs highest AUC=0.82 344/retrospective  Manually
Parra et al.128 Detection of csPCa mpMRI DCE-based classifier models best AUC=0.82 52/retrospective ~ Manually
Penzias et al.'?  Detection of high-grade MRI Gabor texture features were identified as being ~ 36/retrospective ~ Manually
PCa most predictive of Gleason grade on MRI (AUC
of 0.69)
Giambelluca Presence of clinically MRI Texture analysis of PIRADS 3 lesions on 43/retrospective  Manually
et al.100 significant prostate cancer T2-weighted and ADC maps images helps
in PIRADS 3 images identifying prostate cancer
AUC of 0.769 and 0.817 on T2w or 0.749 and
0.744 on ADC maps images
Min X et al.130 Detection of csPCa mpMRI Logistic regression modeling yielded AUC, 280/retrospective  Manually
0.872 in the training cohort and 0.823 in the test
cohort for GS 3+ 4 or lower
Brancato Gleason score=6 in PIRADS MRI Radiomics models showed high diagnostic 116/retrospective  Manually
et al.13 3 images and in periphera[ efficacy in classify PIRADS 3 and up PIRADS
PIRADS 3 upgraded to 4 lesions, outperforming PIRADS v2.1
PIRADS 4 images performance.
Hou et al.% Detection of csPCa in mpMRI Radiomics model can predict csPCa [AUC 263/retrospective  Manually
PIRADS 3 lesions model one is 0.89 and higher than that of model
two with AUC of 0.87 [ p=0.003)]
Zhang et al.13 Differentiation between MRI The radiomics signature was significantly 159/retrospective  Manually
csPCa from insignificant associated with clinically significant prostate
PCa cancer (p<0.001)
[continued)
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Table 4. (Continued)

validation data sets

Author Clinical outcomes MRI Results No. patients/ Segmentation
modality prospective or
retrospective
Gong et al.1% Detection of csPCa bpMRI The combined clinical and radiomics model (the  489/retrospective  Manually
T2w/DWI) acquired an AUC of 0.788
Woznicki et al.5  Prediction of clinically mpMRI The model combining radiomics, PIRADS, PSA 191/retrospective  Manually
significant prostate cancer density and digital rectal examination showed a
significantly better performance compared with
ADC for csPCa prediction (p=0.022)
Bernatz etal.'"”  Discriminating csPCa mpMRI Using RF, the additional application of max 73/retrospective  Semi-
against indolent disease 3D outperformed PIRADS alone (p<0.001, automatic
AAUC = +0.05) establishing the best working mode
Gugliandolo Predictive of Gleason mpMRI Gleason score, PIRADS v2 score and risk class; ~ 65/retrospective  Manually
et al.4? score, PIRADS v2 score, AUC=0.74-0.94
and risk class
Krauss etal.’®  PSA level in patients with MRI Five RFs are significantly correlated with PSA 36/retrospective Manually
low suspicion for csPCa level (r=0.53-0.69, p <0.05). The regression
model significantly improves the explanatory
value for PSA level (p <0.05)
Song et al.13 Differentiate csPCa from mpMRI AUC on the training, validation, and test data 185/retrospective  Manually
indolent disease set achieved results of 0.838, 0.814, and 0.824,
respectively
Castillo etal.’¥”  Differentiate high- versus ~ mpMRI Radiomics models obtained a mean AUC of 107/retrospective  Manually
low-grade lesions 0.75, outperforming the expert radiologist
Lietal.132 Prediction of csPCa bpMRI Both the radiomics model (AUC=0.98) and the 381/retrospective  Manually
clinical-radiomics combined model (AUC=0.98)
achieved greater predictive efficacy than the
clinical model (AUC=0.79)
Li et al.1 SVM classification on mpMRI The SVM classification based on mpMRI-derived ~ 63/retrospective ~ Manually
classification of the GS of image features obtains consistently accurate
PCa in the central gland classification of the GS of PCa in the central gland
Bonekamp Compare radiomics MRI Comparison of the area under the AUC for the 316/retrospective  Manually
et al.133 and mean ADC for mean ADC (AUCyps=0.84; AUC,40e peciric < 0.87)
characterization of versus the RML (AUC,;,,=0.88, p=0.176;
prostate lesions (ISUP=2) AUC, gne-specific =< 0.89, p=0.493)
Bleker et al.% Identification of clinically mpMRI Combined model T2w and DWI images through ~ 206/prospective Semi-
significant peripheral zone an auto fixed VOI with AUC=0.870 (95% automatic
PCa C1=0.980-0.754)
Radiomics and detection of ECE
Losnegard Prediction of extraprostatic mpMRI AUC ECE prediction models used in 228/retrospective  Manually
etal.% extension in non-favorable combination [(MSKCC + radiology + radiomics)
intermediate- and high- AUC=0.80
risk PCa patients
Ma et al.%? Identification of PCa ECE mpMRI Outperforming the radiologists results (AUC 285/retrospective  Manually
range=0.600-0.697), (75.00% versus 46.88%-
50.00%, all p<0.05)
Ma et al.140 Identification of PCa ECE mpMRI AUC of 0.906 and 0.821 for the training and 165/retrospective  Manually

ANN, artificial neural network; ADC, apparent diffusion coefficient; AUC, area under the curve; bpMRI, biparametric magnetic resonance imaging; Cl, confidence
interval; csPCa, clinically significant prostate cancer; DA, discriminant analysis; DCE, dynamic contrast enhanced; DNA, deoxyribonucleic acid; DRE, digital rectal
examination; DWI, diffusion-weighted imaging; ECE, extracapsular extension; GLM, generalized linear model regression; GS, Gleason score; ISUP, International Society
of Urological Pathology; LASSO, least absolute shrinkage and selection operator; mpMRI, multi-parametric magnetic resonance imaging; MRI, magnetic resonance
imaging; MSKCC, Memorial Sloan Kettering Cancer Center; PCa, prostate cancer; PIRADS v2, prostate imaging reporting and data system version 2; PSA, prostate-
specific antigen; PZ, peripheral zone; RFs, radiomics features; RML, radiomics machine-learning; RP, radical prostatectomy; SAVR, surface area-to-volume ratio; SVM,
support vector machine; T2w, T2-weighted; TZ, transitional zone; VOI, volume of interest.
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the clinical orradiomics models alone (AUC =0.85
and 0.84, respectively). Cysouw er al.*® assessed
an ML-based analysis of quantitative [18 F]
DCFPyL PET metrics to predict high-risk patho-
logical tumor features or metastatic PCa, analyz-
ing 76 men with intermediate- to high-risk PCa
scheduled for undergo RP + LND. This radiom-
ics-based ML model—based on the extraction of
480 RFs—demonstrated a prediction of nodal or
distant metastasis, with an AUC of 0.86, which
was higher than that using standard PET metrics
only (AUC=0.81). Reischauer ez al.15° aimed to
explore the potential role of whole-lesion volu-
metric texture analysis of ADC maps for treat-
ment monitoring in PCa BM. A texture
analysis—based on four first-order and 19 sec-
ond-order statistical texture features—was per-
formed in 12 treatment-naive men with BM
before undergoing androgen deprivation therapy
(ADT) and at 1, 2, and 3 months after starting
hormone therapy. According to their analyses,
almost all texture features showed moderate to
high precision; moreover, both first- and second-
order features changed significantly in response
to ADT (Friedman’s tests). Acar et al.®3 explored
the value of CT in evaluating treatment response
in bone lesions. In particular, authors assessed a
CT texture analysis in association with ML meth-
ods to differentiate bone lesions identified by
68Ga-PSMA-PET/CT as metastatic and com-
pletely responded sclerotic areas in a retrospec-
tive cohort of 75 PCa patients with BM who were
previously treated. Texture features were obtained
from lesions with and without PSMA expression
and then compared. Results revealed a statisti-
cally significant difference in 28 of the obtained
35 features between the two groups. Furthermore,
the weighted k-nearest neighborhood algorithm
showed a good accuracy in distinguishing between
the two types of lesions (AUC=0.76). Currently,
there is an ongoing trial (NCT04343885)
designed to evaluate the prognostic and predic-
tive role of radiomics using PET, CT, or bone
scan after treatment with Lu-PSMA therapy and/
or chemotherapy in a population of newly diag-
nosed high-volume metastatic hormone-naive
PCa men.

Radiomics and BCR

General considerations of BCR in PCa

BCR is defined as a rise in PSA to 0.2ng/ml after
RP or a rise of 2ng/ml (or more) above the nadir
PSA after radiation therapy.!? Following radical

treatment, 27-53% of patients experience BCR
within 10years, with a particularly increased risk
in patients who report locally advanced disease
(>cT2c or pT3), positive margins or high
GS >8.151L.152 Nevertheless, the risk of BCR
among PCa patients is not uniform and, more
importantly, not all patients with BCR develop
disease progression or distant metastases.!>3
Adjuvant therapy for RP or local RT, although
could have a role in high-risk patients (as positive
margins and pT?3 disease) and improve BCR-free
survival, has not been definitively established and
still remains controversial, due to adverse effects
and potential overtreatment.!5%

The current role of radiomics and BCR in PCa

In this background, the use of radiomics in pre-
dicting BCR could address clinical decisions, per-
mitting to tailor a proper treatment for Pca
patients and, contextually, avoiding the risks of
overtreatment. Although few studies are reported
in the literature, growing evidence supporting the
use of pre-treatment mpMRI radiomics in the
prediction of BCR occurrence has been produced
since 2018. In an exploratory retrospective study
by Shiradkar et al.,, performed on 120 PCa
patients of two different institutions, which per-
formed a 3T mpMRI pre-treatment, a total of
150 RFs derived from T2w and ADC maps were
evaluated, reporting, in 10 top-discriminating
RFs, a significant difference between BCR + and
BCR lesions (p<<0.05) ranked according to
C-index for an AUC of 0.84 in the training data
set, and an AUC of 0.73 on validation data set.
The combination of clinical parameters and RFs
resulted in an improved prediction in the training
data set (AUC=0.91) while a marginal improve-
ment was reported in the validation data set
(AUC=0.74). Among the top-discriminating
RFs, skewness and kurtosis statistics of Haralick
features obtained from T2wI and CoLlaGe fea-
tures obtained from ADC maps, reported the best
results [hazard ratio (HR)=2.09 and 2.28,
respectively].!>> A similar study performed by
Dinis Fernandes ez al., investigated the potential
of whole-prostate mpMRI features for 5-year
BCR prediction after RT of local PCa in a cohort
of 120 high-risk patients. Using PyRadiomics
1.2.0 toolbox, a total of 254 region-level features
were obtained per patient and, successively, two
independent models were created using clinical
or RFs. Overall, an AUC of 0.63 was obtained for
whole-prostate pre-treatment mpMRI-RFs com-
pared with an AUC of 0.51 for the clinical model.
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As stated by the authors, despite those AUC val-
ues were relatively low to permit to extrapolate
significant clinical decisions, results obtained
highlighted the potential of RFs in the prediction
and evaluation of BCR.197 In 2019, Bourbonne
et al. validated an mpMRI radiomics-based model
predicting BCR and BCR-free survival on 107
high-risk PCa patients (pT3-pT4, positive mar-
gins, GS 8-10) treated with RP and followed for
a median of 52months. After semi-automatic
prostate tumor delineation, a total of 172 RFs
were extracted for the successive analysis. Among
those RFs, 10 non-redundant and uncorrelated
features were significantly associated, both at uni-
and multivariate analyses, with BCR, reporting,
in particular a strong correlation for SZEq; sz
SZLGE; sz and HGREg pr e With, respec-
tively, OR of 16.6 (»p=0.026), 8.8 (»p=0.025),
and 15.2 (p=0.011). The radiomics model
reached an AUC of 0.799, which outperformed
the clinical model (AUC=0.57), while the com-
bination of both models resulted in a high predic-
tion of BCR with an AUC of 0.849 (p<<0.0001)
and a prediction of biochemical recurrence-free
survival (bRFS) with a HR of 23.1 (p<<0.0001).
In addition, one RF extracted from ADC maps,
small-zone emphasis (SZE), reported the highest
predictive ability regarding BCR alone, with an
AUC of 0.79 and an HR of 17.9 (»p=0.0001).
Overall, with only 17 patients who reported BCR,
thus yielding a negative predictive value of 96%,
the authors suggested their model as a helpful
method to identify patients at very low risk of
recurrence, permitting a better stratification for
those eligible for adjuvant RT.!5® The findings
reported, however, could have been relevantly
influenced by the presence of 1.5 T mpMRI only
in the cohort, permitting to hypothesize poten-
tially better results using 3T coils only.156:157 A
subsequent external validation was performed by
the same authors on 88 PCa patients who under-
went RP and were followed for a median of
49.2 months. The previously identified RF (ADC
SZE; sza)»> confirmed the independent and sig-
nificant correlation with BCR, yielding an AUC
of 0.82 for the radiomics model, while the clinical
prediction model reached an AUC of 0.68.
Moreover, when a cut-off of 0.53 was set for
ADC SZEg; szm value, patients >0.53 reported
37months of bRFS compared 19.2months of
patients <0.53 (p=0.0013). Similarly, at the fol-
low-up, 83.3% of patients <0.53 exhibited BCR
compared with the 22% of patients >0.53.
Moreover, the combined radiomics/clinical model
did not outperform the radiomics-only model,

reporting an accuracy of 67% and an HR of 5.7
for bRFS (p<0.0001). Differently from the pre-
vious study, the wvalidation cohort included
patients with 3T mpMRI, which could partially
explain the better results.®®> An analogous study
by Zhong er al. evaluated the relationship between
pre-treatment 3 T mpMRI-RFs and BCR in a
retrospective analysis of 91 patients with localized
PCa after RT. 1536 quantitative RFs were
extracted; among them, only 45 RFs were used as
input of neural network-based ML, reporting
32% of patients classified as BCR and 68% as
non-BCR. As result, the overall classification
accuracy was 74.1%, with a correct classification
rate for positive samples of 50% and a correct
classification rate for negative samples of 86.1%,
for a mean AUC of 0.99 for the training cohort
and 0.73 for the test cohort.!8 A further effort in
the identification of patients at risk of developing
BCR was made by Li eral which sought to
develop and evaluate a radiomics risk score
(RadS), and creating, in addition, an integrated
radiomics-clinicopathologic nomogram called
RadClip. A total of 198 patients, who had under-
gone a pre-operative 3T mpMRI and followed for
a mean of 35 months, were included in the study.
Two hundred RFs were extracted from T2wI and
ADC maps, including first- and second-order sta-
tistics (Gabor, Laws, Haralick, and CoLlaGe).
RadS, which was built with five RFs, resulted in
an HR of 7.01 (p<0.05) and was significantly
associated with bRFS while RadClip reported an
HR of 1.9 (p<<0.05) and a C-index of 0.77, with
an AUC of 0.71-0.66 (p<<0.05). These results
outperformed Decipher prostate test and prostate
cancer risk assessment (CAPRA), two risk assess-
ments based on clinical and genomic features.!>®
A short summary of this research is inserted in
Table 5.

Radiomics, and treatment response and
toxicity

Brief considerations of treatment response and
toxicity in PCa

The management of PCa has widely changed
with the availability of novel treatments. In par-
ticular, the imaging, which was previously limited
for the initial diagnosis, has become a potential
marker of treatment response and evaluation of
RT toxicity in PCa. To minimize damage to sur-
rounding structures and to deliver the best treat-
ment, a radiomics-based RT planning has been
suggested by several authors, emphasizing the
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Table 5. Radiomics and biochemical recurrence studies.

Author

Clinical outcomes

Type of image Results
acquisition

No. patients/
prospective or
retrospective

Segmentation

Radiomics in detection and prediction of PCa biochemical recurrence

Shiradkar
et al.1%

Dinis
Fernandes
etal.'07
Bourbonne
et al. 1%

Bourbonne
etal.s?

Zhong et al."%8

Lietal.’s?

Prediction of BCR MRI

Prediction of BCR MRI

Prognostic value of BCR in MRI
high-risk PCa patients

localized PCa after RT

Prediction of biochemical MRI
recurrence-free survival via a
radiomics risk score (RadS)

AUC: 0.84 in training data set; AUC:

120 /retrospective  Semi-automatic

0.73 in validation data set. Mixed
model AUC: 0.91 in training data set
and AUC: 0.74 in validation data set

AUC: 0.63 for radiomics model

120/retrospective ~ Semi-automatic

compared with AUC: 0.51 of clinical

model

External validation of MRI

radiomics model in prediction model AUC: 0.68
of BCR

Prediction of prognosis of MRI

Radiomics model AUC: 0.799;
clinical model AUC: 0.57; Mixed
model AUC: 0.849

Radiomics model AUC: 0.82; clinical

AUC: 0.99 in training data set; AUC:
0.73 validation data set

AUC: 0.71, C-index 0.77

107/retrospective  Semi-automatic

88/retrospective Semi-automatic

91/retrospective Semi-automatic

198/retrospective  Semi-automatic

AUC, area under the curve; BCR, biochemical recurrence; MRI, magnetic resonance imaging; PCa, prostate cancer; RT, radiotherapy.

performance of mpMRI in diagnosis, staging,
grading, and therapy assessment.!®®© One of the
first studies toward this direction was performed
by Lee er al., which reported a radiomics-based
approach in the evaluation and assessment of RT
protocols.

Treatment response and radiomics in PCa

As reported by Abdollahi ez al., who evaluated a
total of 33 PCa patients treated with nine coplanar
intensity-modulated radiation therapy (IMRT)
fields, the response evaluation utilizing changes in
ADC values pre and post IMRT. After a first fea-
tures extraction, which accounted for a total of
4540 features, 40 RFs (20 from T2w and 20 from
ADC) were selected. Overall, an AUC of 0.61 was
reached for T2w radiomics, while an AUC of 0.63
was reported for ADC radiomics. In particular, 2
and 15 RFs, of, respectively, T2 and ADC
reported a statistical significance (p<<0.05).
Although several limitations, as the limited num-
ber of patients involved and the retrospective
nature of the study, the study by Abdollahi ez al.
represented the first step in the personalized PCa
diagnosis and therapy due to an advanced ML

and radiomics approaches.!®! The role of radiom-
ics in treatment response was also assessed in
novel RT techniques, as carbon ion radiotherapy
(CIRT), which allows for improved tumor control
while sparing adjacent tissues. In a study on 60
PCa patients, Wu er al. reported indeed, on a total
of 26,601 features, a higher intra correlation coef-
ficient (ICC) of ADC RFs (0.71) compared with
T2w RFs (0.6) (»p<<0.01), indicating higher
robustness of the first against delineation uncer-
tainty. By combining both features, the model
yielded an AUC of 0.88.19 Another use of radi-
omics in treatment response is reported by Yu
et al. which investigated the utility of this new
technology in ADT on a cohort of 43 patients (23
ADT non-responders and 20 ADT responders),
extracting 396 RFs from T2wI maps performed
after treatment. Compared with the clinical
model, which reported an AUC of 0.774, the radi-
omics model reported an AUC of 0.807-0.855,
based on texture features with an ICC>0.8.
Interestingly, the combined model reached a
promising AUC of 0.811-0.997, yielding a sensi-
tivity of 0.87 and a specificity of 0.9.192 The
importance of these findings is related to the pos-
sibility to properly evaluate, in single patients, the
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efficacy of treatment with cost and time-effective
methods, confirming the role of mpMRI radiom-
ics in monitoring ADT and IMRT responses.
Finally, in an mpMRI dominated radiomics,
Moazemi ez al. reported an interestingly PSMA-
PET/CT radiomics model evaluated before
Lu-PSMA treatment: on a total of 2070 patho-
logical hotspots (73 features per hotspot) in 83
PCa patients, a mixed PET/CT RFs reported an
AUC of 0.8, for a sensitivity of 0.75 and an analo-
gous specificity.103

Toxicity and radiomics in PCa

mpMRI could also be utilized in the assessment of
PCa therapies toxicities which regard in particular
RT with radiation-induced bone changes, procti-
tis and cystitis. To predict early complications, a
radiomics approach has been tried for femoral
head changes in patients treated with IMRT, con-
firming early changes in ADC, T1- and T2-derived
features.1¢ Similarly, on 274 RFs extracted from
T2w images in 33 patients who, analogously,
underwent IMRT, it has been possible to predict
urinary toxicity with an AUC ranging from 0.62 to
0.75. It is clear how, with the available technology
related to radiomics, the possibility to use non-
invasive, non-ionizing imaging in the prediction of
complications and toxicities related to therapies,
represent a promising step forward in the tailoring
of treatment and reducing, in this case, bladder
complications induced by radiation.198 Pre-IMRT
mpMRI radiomics could also help in the predic-
tion of rectal toxicity, where, with RFs extracted
from T2w and ADC images, the radiomics mod-
els reported a mean AUC of 0.68 and 0.61 for,
respectively, pre and post IMRT mpMRI.1% In a
prospective study, Mostafaei er al. predicted, via a
CT-based radiomics, RT-induced toxicities,
reporting, on 64 PCa patients, an AUC of 0.66,
0.71 and 0.65 for, respectively, clinical, radiomics,
and mixed models, regarding gastrointestinal tox-
icity (=grade 1 proctitis); similarly, AUC was,
071, 0.67, and 0.77 for urinary toxicity (=grade 1
cystitis).%2 Finally, an exploratory study by Lorenz
et al. evaluated the role of delta-radiomics, i.e, the
variation in quantitative image metrics over time,
in the analysis of IMRT-induced toxicity.
Although the small cohort of patients involved (4
PCa patients) and the non-conclusivity of data
obtained, authors confirmed the feasibility of this
approach in acquiring longitudinal radiomics
data, potentially opening a wider opportunity in
this future research.'®> The conclusions of these
trials are shown in Table 6.

Radiomics and Al in PCa

Al and radiomics for the management of PCa
Radiomics in the diagnostic assessment and uro-
logical aid for decision-making treatment choice
for PCa is the ‘omic’ discipline focused on the
withdrawal of the analysis related to the textures
and features,!® that provides an assessment of
data sets from functional imaging modalities (e.g.
transrectal US and/or mpMRI) through semi-
automatic or automatic software.4” The main
goals of the discipline are to pinpoint the localiza-
tion of the suspected PCa lesions and to predict
csPCa versus indolent PCa behavior.!11:125 Similar
methodology has been previously investigated for
different other malignancies,!0%167 but recently
with the advent of AI and ML algorithms, novel
risk-grouping has been introduced regarding
PCa, focusing on the differentiation of indolent
from csPCa,*? on the modeled prediction for the
relative tumor GS percentage at final pathology
both at prostate biopsy®21% and on the BCR-free
survival outcome after a curative intervention,
such as RP and/or RT.7° Moreover, the radiomics
sciences have contributed developing novel
potential detection features for PCa diagnosis,
such as advanced z-DWI and conventional full-
field-of-view DWI.%° The new insights are also
currently focused on the texture analysis of pros-
tate MRI in the PIRADS for PIRADS 3 score
lesions,!%0 the creation of frameworks for auto-
mated PCa localization and detection;*3191 and,
finally, the management of RT treatment and
toxicity.%° In addition, radiomics and Al together
could eventually aid in limiting the inter-agree-
ment variability among different GU radiologists
with different levels of expertise. Indeed, mpMRI
of the prostate is based on both qualitative param-
eters reflecting the ability of an expert radiologist
to provide an accurate scoring for the lesion
images in the prostate gland and prostate-specific
quantitative measurements, such as tumor size,
prostate volumes, and RFs previously mentioned
which directly derives for the acquired images!>®
that could be considered reader-independent
thus potentially being converged in Al algorithms
reducing the radiological discrepancy among
non-tertiary centers.

The current trends and evidence of using Al and
radiomics in PCa

Specifically, with regard of early detection of
csPCa lesions biopsied after a positive mpMRI,
Strom ez al.*® identified =10 MRI-based shape
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Table 6. Radiomics and PCa treatment toxicities studies.
Author Clinical outcomes Type of image Results No. patients/ Segmentation
acquisition prospective or
retrospective
Radiomics in the evaluation of treatment toxicity
Abdollahi Assessment of early MRI All RFs underwent changes pre and post 30/retrospective Manual
et al.1é4 changes in femoral heads IMRT
in PCa patients treated
with IMRT
Abdollahi Assessment of urinary MRI Radiomics model AUC: 0.62-0.75 33/retrospective Manual
et al.108 toxicity in PCa patients
treated with IMRT
Abdollahi Assessment of rectal MRI Radiomics model AUC: 0.68 (pre-IMRT) 33/retrospective Manual
etal .16 toxicity in PCa patients and 0.61 (post-IMRT)
treated with IMRT
Mostafaei Evaluation of urinary and CT Gl toxicity 64/prospective Semi-automatic
et al.”? Gl toxicity Radiomics model AUC: 0.71; clinical model
AUC: 0.66; mixed model AUC: 0.65
Urinary toxicity
Radiomics model AUC: 0.67; clinical model
AUC: 0.71; mixed model AUC: 0.77
Lorenz Evaluation of delta MRI Feasibility of delta radiomics in the 4[retrospective Manual
et al.16 radiomics in the analysis evaluation of IMRT toxicities

of IMRT toxicities

AUC, area under the curve; CT, computed tomography; Gl, gastrointestinal; IMRT, intensity-modulated radiation therapy; MRI, magnetic resonance
imaging; PCa, prostate cancer; RFs, radiomics features.

features which were extracted both from axial
T2w and ADC map images, after lesion tridimen-
sional segmentation on mpMRI. At their multi-
variable analysis, the authors revealed that the
parameter defined as surface area to volume ratio
(SAVR), especially when extracted from ADC
maps was the strongest independent predictor of
csPCa among tested shape features. As demon-
strated in the article, quantitative radiomics was
able indeed to allow for the extraction of more
advanced shape features than previously possibly
imaginable if we would consider that lesion maxi-
mum diameter and volume of the index areas are
currently considered those with highest diagnos-
tic accuracy. Santone et al.52 described a novel
radiomics-based algorithm that automatically
inserts images from the Gleason grade group
(GG) in mpMRI images. The authors proposed a
methodology that originated as input from MRI
and generated a formal model from the MRI slice
itself. Thus, the model was verified with a set of
properties (one property for each GG) with the
formal verification tool. This RFs through formal
verification reached a sensitivity ranging between
0.95 (for the GG1 and GG3 detection) and 1 (for

the GG4 and GG5 detection) while specificity
was equal to 1 for all the GGs. Nevertheless, the
main limitations of the proposed methodology
were the manual definition of the formulae as well
as the time performances which were considered
significantly high and poorly reproducible in clin-
ical environment.

Focusing on the implications of the radiomics sci-
ences on treatment influences, Gugliandolo
et al.®® just recently published a sub-analysis from
a phase II trial on ultra-hypofractionated radio-
therapy (AIRC 1G-13218). In their article, the
authors analyzed the MRI-based radiomics signa-
ture for localized PCa as a new potential tool for
cancer aggressiveness prediction. Specifically,
n=65 patients undergone RT for cs-localized
PCa, were reviewed and the T2w MRI images
were normalized with the histogram intensity
scale standardization method. The association of
each RF with risk class, pT-stage, GS, ECE score,
and PIRADS v2 score was assessed by logistic
regression. The results demonstrated that those
texture features were the most predictive for GS,
PIRADS v2 score, and risk class, while different

20

journals.sagepub.com/home/tau


https://journals.sagepub.com/home/tau

M Ferro, O de Cobelli et al.

intensity features were associated with T-stage,
ECE score, and risk class, with AUC ranging
from 0.74 to 0.94.

Another field of application deserving particular
attention for future implications of radiomic-clin-
icopathologic assessment within PCa patients has
been represented by the study of Li er al.1>® who
developed a nomogram so-called ‘RadClip’ for
predicting post-surgical BCR and adverse pathol-
ogy of PCa from pre-operative bpMRI. This
comparative experience confronted the nomo-
gram based on approximately 200 RF, including
first- and second orders of statistics, together with
novel specific RFs previously described, which
were extracted on a per-voxel basis within PCa
lesion regions on both T2w images and ADC
maps. These features analyzed with the aim to
characterize the underlying texture, and to quan-
tify heterogeneity on bpMRI, were melted into
the nomogram for to characterize the PCa lesion
regions. The score was then compared with other
predicting tools, such as the CAPRA score, post-
surgery prostate cancer risk assessment
(CAPRA-S) score, and Decipher genomic test,
which are already available tools to identify
patients at risk of developing BCR or adverse
pathology at RP. Surprisingly, ‘RadClip’ resulted
in a higher AUC (0.71, 95% CI=0.62-0.81) for
predicting AP compared with Decipher (0.66,
95% CI=0.56-0.77) and CAPRA (0.69, 95%
CI=0.59-0.79) even if several limitations of the
study have to be acknowledged like the retrospec-
tive design itself allowing for covariate and selec-
tion imbalances.

Diving deeply into treatment-related possible
applications, Lee eral'®® investigated early
changes in the ADC RFs for patients undergoing
RT with dose escalation to the gross tumor vol-
ume. Overall, =101 RFs were tested to verify for
diminished image contrast post-external beam
radiation therapy and possible differences in pros-
tate gland volume, shape, and orientation. The
findings revealed significant changes in numerous
gross tumor volume and prostate features assessed
from ADC and T2w images during RT. The
authors therefore concluded that the findings
could be potential biomarkers of early radiation
response. In addition, Mostafaei ez al.®? recently
presented prediction models of RT-induced tox-
icities in PCa patients through the use of CT radi-
omics. The authors described two models
(radiomics and clinical) for predicting RT-induced
urinary and gastrointestinal toxicities. The AUC

for clinical, radiomics, and clinical-radiomics
models was 0.66, 0.71, and 0.65, respectively, for
gastrointestinal toxicity, while for urinary events,
the AUC for radiomics, clinical, and clinical radi-
omics models was 0.71, 0.67, and 0.77, respec-
tively. For cystitis, the authors observed that
radiomics with clinical and dosimetric features
were able to amplify the predictive performance
to an AUC of 0.77. Differently, for proctitis mod-
eling, outcomes were non-comparable and the
association of radiomics and clinic presented
together lower performance than the radiomics
model alone.

Finally, regardless of the improvements in the
diagnostic accuracy and prediction strategy which
clearly appears promising yet still far from daily
clinical practice, the novel RFs associated with Al
developments in particular DL techniques might
alleviate the problems regarding the inter- and
intra-observer variability as well as long learning
curves associated with multi-parametric scoring
systems, such as PIRADS criteria thus potentially
reducing discrepancy and implementing the wide
spread for mpMRI diagnostic modalities.

Notes on the advantages and limitations of
classifications algorithms

The CAD tools commonly used to classify resam-
pled instances to analyze medical images from
pictures databases are RF, SVM,!70 and ML algo-
rithms.171:172 Other classifiers used are naive
Bayesian classifier (NBC) and k-nearest neighbor
(KNN).4* Lately, most of the AI methods used
are convolutional neural networks(CNNs),
because they have the potential to extract com-
plex variables.!”? Other researches focused on
ML methods, like SVM, DT for classification,
and LASSO and Ridge regression methods, for
features extraction, are heavily implemented in
recent studies.

To ease the work of researchers, a comparative
analysis between the proposed and used classifi-
ers that could enhance the performance, costs
and training of image data sets is mandatory.17¢
Usually, a team of researchers are using computer
science or statistics they are familiarized with.
Findings revealed that the best-performing
method as a radiomic classifier is boosted quad-
ratic discriminant analysis (QDA) that has a rela-
tively short execution time and it seems that all
variants of the DT classifiers have overestimated
performance. All result should be independently
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validated, as it is a less generalizable model. The
SVM classifier has areasonable performance.174175
The limitation for these classifiers resides in a
longer time to train and test and without conver-
gence in a validation setting.!’* Bayesian and
QDA classifiers have low variance, subjected to
bias, and hard to generalize results.

The classifiers taken into account are arranged as
different sets of families. Some are linear discrimi-
nant analysis and generalized linear models and
rule-based classifiers or DT. First have roots in sta-
tistics and the second family is related to Al meth-
ods. The generalizability and implementation of
this classifiers could represent a breakthrough in
using automated algorithms, but this can be limited
by the use of simple statistical correlation analysis,
like Waikato Environment for Knowledge Analysis
(WEKA 3)!76 and neural network algorithms, like
Matlab.17%:178 The R collection of algorithms!?® is
easy to use for automatic tuning of features and it is
available for researchers that are just familiarized
with the methodology of statistics. All classifiers in
a family have strong differences between data sets
and the mean accuracy can have a limited signifi-
cance if the data sets used are at low volume.!8
The assessment of how well different ML methods
perform is using benchmark experiments. These
experiments try to compare the performance of dif-
ferent algorithms, then cross-validation and resam-
pling models analyze the best algorithm for the
given task.181:182 The AI models have been often
used for diagnosing, mapping and intimate descrip-
tion of prostate tumors.!83 From the clinical point
of view, latest evidence is that CAD systems can
improve the reading and interpretation of imaging
images by the radiologists.184185

Research that searched to distinguish between
classifiers revealed that RF has the best perfor-
mance when compared with other methods.!86
RF compared with SVM leads to reduced train-
ing and testing costs and in the same time perfor-
mance is comparable.187 Following the same line,
another study,!®® showed that RFs have the best
performance with the highest sensitivity (92.6%)
and negative predictive value (92.6%). RF
method compiles a high number of regression
trees (RTs) to build a forest, to address the insta-
bility of the classification, and RT.!27 RFs’ limita-
tions are also related to the time and the training
of individually random trees on random subsets
of data.!8® The researcher has to have very good
understanding and knowledge of how to use the
appropriate algorithm for the task at hand. An RF

advantage is that has generalizability and robust-
ness in overall performance and does not result in
overfitting problems.190

KNN is a performing model used for data min-
ing,!°! and a nonparametric model for classification
and regression.!92 In PCa, KNN is a basic algo-
rithm that classifies data based on a similarity meas-
ure and pattern recognition.!®! One advantage is
that is fast, and can learn from small data volumes
and have good results in PCa diagnosis.!93

SVM had the best accuracy when compared with
RF and KNN in image augmentation to differenti-
ate Gleason groups.!®* In different radiomics stud-
ies, pulmonary!'%19 and colorectal!®” achieved
good performance in MRI sequences (T2w and
DWI). Lately, Xuefi eral,'8 identified that
LASSO has advantages in radiomics studies and in
combination with clinical data can improve the
standardization of the model used. In the classifi-
cation of suspicious lesions on prostate, MRI-RFs
have better AUCs, compared with LASSO.127

When we use Al to help the reader in boosting the
generated results, we have to involve maintaining,
preserving and adding value to digital research
data throughout its lifecycle by trained profession-
als. To develop the automated classifier leads to a
rise in expenditure and time to finish the pro-
cess.199 Advantages of unsupervised and self-
supervised methods derived from deep neural
networks (DNNSs) decrease the time, costs and
balances the method used.2% A drawback in using
Al methods is the lack of consensus on data sets to
improve performance, generalizability, and repro-
ducibility, benchmarking being mandatory for the
process.199:201 Timitations of Al are linked to the
interpretability and ability to interrogate these
methods and if the method will lead to the
expected results. Therefore, institutions bound to
watch over the acceptance of such methods in
detecting, staging and treatment of diseases are
challenging the ability of Al over human experts.
In present time, CAD systems can be considered
unethical due to confidentiality of patient’s medi-
cal data.?2 There are some studies that compared
the feasibility of different algorithms in head and
neck cancers subjected to radiotherapy and assess-
ing cochlear damage, LASSO versus MLs meth-
0ds,2%3 with LASSO preventing overfitting due to
collinearity of the covariates and high-dimension-
ality, which is a clear advantage of the method.204
The LASSO shrinkage methods have good perfor-
mance in correlated high-dimensional data.12” To
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overcome the drawback of not-important variables
chosen by standard algorithm, the adaptive
LASSO work better to deliver consistent variable
selection.2%5 In PCa, MRI-derived delta-radiomics
is linked to similar performance to lead radiolo-
gists for predicting histopathological progression
of PCa, which used three classifiers (LASSO, RF,
and SVM). All signatures had good performances
in differentiating between benign and cancerous
lesions.!?® And advantage of LASSO is that it can
extract features and regularize simultaneously
data from radiomics. The PRECISE scoring sys-
tem studied in PCa, with medical images from
MRI, compared the performance with parenclitic
networks, LASSO regression, and RFs ML meth-
ods, and had better results.!®® A recent meta-anal-
ysis showed that there are no differences in
heterogeneity, performance, sensitivity, and speci-
ficity among different ML algorithms used in PCa
radiomics studies.2% In DL studies, heterogeneity
was higher than among the studies employing
other ML approaches to detect PCa. DL performs
complex tasks and they use large amount of data.
For this reason, it seems that they are better used
to analyze vast amount of medical images to auto-
matically identify patterns and achieve high per-
formance. This is also available for unbalanced
and small data sets. Among the advantages of
CNNs are consistent diagnoses, cost-effective-
ness, and improved efficiency.!”! Ishioka ez al.,2%7
developed a CNN algorithm to pinpoint a specific
zone for the detection of PCa through biopsy.
Other studies have shown no additional perfor-
mance for differentiating PCa from benign tissue
using radiomic ML.132

Direct comparison between different ML algo-
rithms is scarce in terms of available research.
There is also an ongoing debate on which of the
proposed, ‘newest’, ‘most used’, ‘familiarized’, ‘at
hand’ algorithms are better to study the computer-
aided radiomics to detect, characterize, treat, and
follow PCa patients. Advantages come with limi-
tations and therefore further algorithm develop-
ment and research is mandatory. Existing research
did not compare Al with conventional statistical
analysis. Conventional statistics can analyze a
small number of training features and Al can pro-
cess vast amounts of data, and for future compari-
son studies, it will be challenging. Almost every of
the above-mentioned research did not compare
the classifiers between them and a conclusion
regarding the best algorithm classifier to be used
for the study of radiomics in PCa cannot be used
at this time.

Discussion

Radiomics is the next-level research field that
could have the potential to offer personalized
medicine for PCa patients. The included papers
in this review are from all areas with an impact in
PCa management. Our search found 60 studies
that used mostly imaging provided by MRI as by
recommendation of the guidelines!? as imaging
option for PCa patients. Nonetheless, CT,
PSMA-PET, and TRUS are imaging options not
commonly used, but there are several works
researching their potential in that field in the last
years. MRI is mostly used in the detection of
PCa,% identifying and differentiate between
csPCa and favorable PCa,2% treatment with RT
and monitoring toxicity, the prediction of ECE,
BCR, and GS.

Radiomics represent a promising diagnostic tool
that relies on a proper extraction and analysis of
quantitative  radiological features mediated
through proper contouring of ROI, effected via
semi-automatic or automatic methods.”® As
result, a certain degree of contouring variability
has to be taken into account.?%® In particular,
even for contour created by a trained radiologist,
inter- and intra-observer contouring variability
could significantly impact the successive radiom-
ics extracted features, while in automatically gen-
erated contouring, despite promising results,
current findings are still unripe.210:211 Despite this
could potentially lead to important limitations
related to reproducibility, novel approaches
assessing the sensitivity of RFs in relation to inter-
observer variability (via the normalization and
quantization of images before extraction or the
use of morphological features) could limit this
issue.?12213  Different combination models
between clinical features, imaging phenotypes,
and radiomics gave better results in diagnosing
PCa, but their use is still limited to clinical
research. Most of the research papers used manu-
ally interpretation and segmentation of the
images, with few articles that used semi-auto-
matic or automatic processing of RFs. The well-
known inter-observer variability,?¢ different
acquisition protocols, different machines used for
these images are biases for the standardization of
the techniques. The rise of Al and ML, and the
automatization of acquisition and segmentation
of these intra-prostatic lesions could potentially
limit this bias.43 One important researched aspect
was the radiomics assessment of GS. MRI, CT,
and TRUS looked at the RFs that can predict the
known intra-tumoral heterogeneity of PCa.
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CT evaluated GS in three studies explored the
post-surgical GS and post-RT prognosis and risk
stratification of different RFs to predict the GS.
CT articles used in research the 68Ga-PSMA-
PET/CT scan and radiomics assessed overall sur-
vival after treatment, detection of LN metastasis,
metastasis, and detection of PCa areas in whole
gland after RP. Recently, Chu ez al.215 also inves-
tigated the possibility of PSMA-PET RFs and the
examination of PSMA expression and found a
correlation between PSMA expression and GS
and Zamboglou er al. showed that PSMA-PET
RFs can excellently perform in visualizing
unknown PCa, thus paving the road to more
studies using PSMA-PET and radiomics for risk
stratification of PCa patients. PSMA-PET stud-
ies are of valuable use in the setting of detecting
LN metastasis, guiding treatment, evaluating the
radio-toxicity and assessing distant organ metas-
tasis. Only one study is indicating the accuracy of
PSMA-PET/MRI for the diagnosis of intra-pros-
tatic cancer nodules.88

A few studies addressed PCa detection and GS
with the use of TRUS RFs. It draws attention
because it has several advantages: is non-invasive,
radiation-free, cost-effective, widely available,
and practical. Even if the AUCs are high for the
proposed models, but we know that radiomics is
a computer-based order of operations that can be
modified and there are a number of proposed
models that are modified, approximately by each
research team and not standardized, therefore the
results to be validated further, the researchers
need to lower the variability, enhance robustness
and reproducibility for all imaging technologies
used.?16

Using MRI-RFs for screening purposes is low on
clinical evidence. We only found two studies that
looked into this field with moderate to good
AUCs, but with the same biases as depicted in the
upper paragraph. Chen et al.,!'* for instance,
found that radiomics-based model better detected
PCa than PIRADS v2 model versus non-PCa
lesions and for differentiating high- from low-
grade PCa, and Khalvati er al.1?* found that radi-
omics improved PCa detection with the use of
SVM classifier, both using MRI images. Assigning
GS to lesions obtained through MRI-RFs seems
feasible to be investigated as also Brunese ez al.
have shown earlier. But the researchers have no
consensus between studies to identify the most
favorable model, along with external validation of
those models to apply to populations outside the

studied patients’ cohorts. As heterogeneity of
PCa tumors pose management challenges on how
to distinguish between csPCa and indolent dis-
ease, several studies, using also AI and ML tech-
niques in a very well-designed environment of
clinical studies, managed to outperform just
PIRADS or clinical expertise of radiologists.
These findings were pointed out by Zhang ez al.
from T2w, DWI, and ADC images, Gugliandolo
et al. in complex combined models, and also stud-
ies like Bonekamp ez al. where radiomics ML did
not perform better than mean ADC assessment.
For ECE assessment just combined predictive
models between clinical, conventional radiology
and radiomics achieved the best results.

Several articles investigated the potential of using
radiomics in BCR achieving moderate results in
terms of radiomics models AUCs (range=0.63—
0.99) and clinical models (range=0.51-0.82)
with the best results in mixed models (0.74—0.84).
The potential is there but standardization is the
goal for future studies.

Radio-toxicity has been assessed by radiomics
studies, but there are only few studies with mod-
est AUCs reported so far. By combining RFs with
Al and ML methods, these applications may hold
promise for future studies and clinical implemen-
tation from diagnosis to outcome and toxicity
prediction.

Al methods are an attractive research field in
PCa. In clinical settings, there are several limita-
tions, such as the variability in study design, algo-
rithms used, and training methodologies. The
validation of results is often within the data set
and not externally. There is also a need to com-
pare Al studies with conventional imaging and
interpretation. But the predictive precision of Al
and ML has the ability to provide personalized
medicine by including prospective, large data sets
to obtain more information for the molecular and
biological aspects of PCa.

Future perspectives for clinical translation

Radiomics represents an emerging field, and it
will play an important role in the future of person-
alized medicine. Its fundamental element is the
extraction of quantitative features from radiologi-
cal images that cannot be processed by radiolo-
gists, although today there are still limitations on
the complete automation of the model selection,
analysis, and creation process.** The most recent
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studies analyze mostly images from MRI, and this
is an important limit of radiomics in PCa. For this
reason, future studies should use multimodality
imaging, such as PET, MRI, CT, and others. In
this way, the study of Papp ez al.5° showed the
power to integrate risk classification in PCa
through PET/MRI, radiomics and ML in patients
without a previous prostate biopsy. The advan-
tage of combining the PSMA-PET information
with the mpMRI overcomes the limitations of
each of the methods in PCa detection, and is
needed to provide a deep identification of the
entire intra-prostatic tumor amount.** Kesch
et al.?'” also showed a strong correspondence
between the multi-imaging features and genomic
index lesion which was based on the close correla-
tion between mpMRI, 68Ga-PSMA-PET imag-
ing, and chromosomal copy number alteration at
the biopsy. These studies pave the way of the
clinical translation of radiomics in PCa. Moreover,
most of the existing studies in literature are retro-
spective and carried out in single institutions.
The prospective studies, instead, are in a limited
number, as shown in Table 6, and many of these
are not yet in the recruitment phase. The results
of these studies, however, could be groundbreak-
ing in the next future, opening a new era in the
diagnostics and tailored treatment of patients.
For this reason, more prospective studies should
be performed in the future. Another important
field in which radiomics could play a fundamen-
tal role is theranostic, which combines specified
therapeutics and specified diagnostics. In this
way, PSMA-PET could have in the near future
good results not only in diagnosis but also in
treatment of patients with hormone-refractory
PCa.?!8 PET radiomics could also become fun-
damental in immunotherapy, given the close cor-
relation that has been highlighted between tumor
metabolism and the immune presence in the
tumor microenvironment.2!® Furthermore, radi-
omics represents a milestone in radio-genomics,
integrating tumor morphology with genetic char-
acteristics of the tumor, thus allowing deriving
useful radio-phenotypes to integrate the already
existing validated genomic risk stratification bio-
markers.220-222 A very important limitation, how-
ever, is the lack of a robust methodological
radiomics framework. For this reason, one of the
goals in the near future should be a good stand-
ardization in imaging and reconstruction settings
to create a harmonization of images of different
qualities for more accurate and robust results.223
Furthermore, research needs to be directed
toward a deeper analysis of the inter-tumor and

intra-tumor heterogeneity.2!® Despite these
important limitations, radiomics has enormous
potential to become a cornerstone of personal-
ized medicine, radio-genomics and theranostics,
thanks to the possibility of providing important
information useful for the prognosis, treatment,
and response of the tumor. All these trials are
summarized in Table 7.

Conclusion

Radiomics research mainly uses MRI as an imag-
ing modality and is focused on PCa diagnosis
and risk stratification by identifying the GS. For
tumor delineation and segmentation of ROIs,
standardized reporting protocols are a key com-
ponent. An improvement in image acquisition
and AI DL protocols represents the future of
radiomic research. For replication of results and
ECE, complex models (clinical and conventional
radiology) are probably the basis for future stud-
ies. These models show the possibility of predic-
tion of csPCa in susceptible to misinterpretation
lesions, such as PIRADS 3 lesions. High-
resolution images from MRI detect many low
volume PCa tumors with high sensitivity and low
specificity. Although this is encouraging remains
the issue of inter-reader agreement that has low
specificity. PSMA-PET is the latest researched
and the current evidence points out that it will
have a potential as an imaging tool of PCa
patients in the near future. The PSMA-PET/CT
RFs achieved good results, higher than the visu-
ally detection of PCa lesions, in available studies
looking at PCa detection as well as for metastatic
involvement of LN. The results taken as a whole
are good, the models performed well, but at this
point the variability has to be taken into consid-
eration before translating it to clinical practice.
MRI and PSMA-PET will be the focus of
research for the future after standardizing the RF
and by the combination of the PSMA-PET and
mpMRI overcomes the limitations of each of the
methods in PCa detection. Al developments, in
particular, DL techniques, already show that
some of the issues regarding the inter- and intra-
observer variability are being improved. The
learning curves associated with PIRADS scoring
systems are also overcome by the use of Al. The
results taken as a whole are good, the models per-
formed well, but at this point, the variability has
to be taken into consideration before translating
it to clinical practice. MRI and PSMA-PET will
be the focus of research for the future after stand-
ardizing the RF.
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Table 7. Radiomics ongoing trials.

Trial Date Status Interventions Characteristics Outcomes
Prospective evaluation of Start: Unknown, Diagnostic test: ~ Type: Reduction of the discontinuation of AS
mpMRI, MR-guided biopsy,  October no results *mpMRI interventional e Value of MRI (ADC]) regarding
and molecular markers 2017 available *MRI-guided Phase: not aggressiveness
for AS of prostate cancer *Biopsy applicable e Detection rates of targeted
(PROMM-AS)224 *Radiomics FUS-GB versus systematic
*Molecular TRUS-GB biopsies
markers e Correlation of clinical parameters with
Gleason score progression or MRI
quantified progression
e Patient compliance to recommended
MRI-based observation
e Evaluation of resolve DWI
Can MRI of the prostate Start: Not yet Diagnostic test: ~ Type: Outcome measures:
combined with a radiomics ~ September  recruiting MRI accuracy interventional e MRI classification change
evaluation determine the 2021 and stability Phase: not e MRl classification: baseline
invasive capacity of a tumor applicable e MRI Classification: Week 8
(MRI-PREDICT)225 e Model optimization with novel RFs and
clinical covariates
PSMA-PET: deep radiomics  Start: Recruiting, Diagnostic test: ~ Type: Outcome measures:
biomarkers of progression ~ December no results 18EDC FPyL IV Interventional e Overall survival
and response prediction in 2018 available. injection Phase Ill e Progression-free survival
prostate cancer?z
MR radiomics features in Start: Recruiting, Type: Outcome measures:
prostate cancer??’ September  noresults observational e Number of surrogate bioimaging
2019 available markers of histological characteristics
in MR images
e Extract RFs from MRI
ProsTIC registry of men Start: Recruiting, Diagnostic test: ~ Type: Outcome measures:
treated With PSMA May 2021 no results 177Lu-PSMA observational e PSA-RR
theranostics?? available e Number of participants with AE and

Serious adverse events

Radiographic progression free survival
PSA progression-free survival

Overall survival

EORTC QLQ-C30

18FDC FPyL, "8F-fluorodeoxyglucose; "77LU-PSMA, 77Lutentium-prostate-specific membrane antigen; ADC, apparent diffusion coefficient; AE,
adverse events; AS, active surveillance; DWI, diffusion-weighted imaging; EORTC, European Organization for Research and Treatment of Cancer;
FUS-BG, fusion ultrasound-guided biopsies; mpMRI, multi-parametric magnetic resonance imaging; MRI, magnetic resonance imaging; PSA,
prostate-specific antigen; PSMA-PET, prostate-specific membrane antigen positron emission tomography; RF, radiomic features; TRUS-BG,
transrectal ultrasound-guided biopsies.
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