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Abstract

their translation into clinical practice.
Key points

The role of imaging in pretreatment staging and management of prostate cancer (PCa) is constantly evolving. In

the last decade, there has been an ever-growing interest in radiomics as an image analysis approach able to extract
objective quantitative features that are missed by human eye. However, most of PCa radiomics studies have been
focused on cancer detection and characterisation. With this narrative review we aimed to provide a synopsis of the
recently proposed potential applications of radiomics for PCa with a management-based approach, focusing on pri-
mary treatments with curative intent and active surveillance as well as highlighting on recurrent disease after primary
treatment. Current evidence is encouraging, with radiomics and artificial intelligence appearing as feasible tools to
aid physicians in planning PCa management. However, the lack of external independent datasets for validation and
prospectively designed studies casts a shadow on the reliability and generalisability of radiomics models, delaying

- Artificial intelligence solutions have been proposed to streamline prostate cancer radiotherapy planning.

« Radiomics models could improve risk assessment for radical prostatectomy patient selection.

« Delta-radiomics appears promising for the management of patients under active surveillance.

« Radiomics might outperform current nomograms for prostate cancer recurrence risk assessment.

« Reproducibility of results, methodological and ethical issues must still be faced before clinical implementation.
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Background

Prostate cancer (PCa) is the second most common can-
cer and the fifth cause of cancer-related death in men
worldwide [1]. PCa shows a highly heterogeneous clini-
cal behaviour, ranging from indolent disease [2] to
treatment-resistant lethal disease [3]. A wide range of
management options are available, ranging from deferred
treatment, such as active surveillance (AS), to primary
treatment with curative intent, including radical prosta-
tectomy (RP) and radiotherapy (RT) and systemic ther-
apy (hormonotherapy and chemotherapy) [4]. In this
context, an accurate patient selection is key to deliver the
most appropriate management in terms of oncologic out-
comes and quality of life.
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Despite multiparametric magnetic resonance imag-
ing (mpMRI) and prostate-specific membrane antigen
(PSMA)-ligand positron emission tomography/com-
puted tomography (PET/CT) have revolutionised the
diagnostic pathway of PCa, their role in preoperative
staging, treatment planning, and in the PCa recur-
rence setting is less defined [5, 6]. Currently, thera-
peutic and prognostic recommendations widely rely
on risk-stratification tools based on clinical param-
eters such as clinical stage, prostate-specific antigen
(PSA), and Gleason score (GS) [7-9]. Nonetheless,
there is mounting evidence to suggest that imaging can
improve accuracy of clinical-based prognostic models
[10, 11]. Still, there are some limitations of imaging to
be addressed in order to exploit its full potential in this
setting, such as the inherent subjectivity, variability of
image interpretation, and lack of reliable quantitative
parameters.

To address these issues, radiomics has been pro-
posed as an image analysis approach that allows a high-
throughput extraction of objective quantitative features
(morphological, statistical, and textural) that are missed
by human eye [12, 13]. Radiomics features have the
potential to better describe tumour phenotype and its
heterogeneity, providing relevant diagnostic and prog-
nostic information to better inform clinical decision-
making [14].

While the bulk of radiomics research has been mainly
focused on PCa detection and characterisation [15], there
are many potential implications of radiomic features in
management planning for both primary and recurrent
PCa, which could lead to a more personalised treatment
approach (Table 1). For example, features of tumour
aggressiveness could inform on local and nodal staging,
overcoming the limited sensitivity of preoperative imag-
ing, with direct impacts on the choice of the surgical
technique (e.g., nerve-sparing, pelvic lymph node dis-
section). Radiomics and machine learning (ML)-based
solutions could assist radiation oncologist in their daily
practice, from treatment planning to toxicity prediction.
Also, a better characterisation of tumour aggressiveness
may help in defining which patients may benefit from
adjuvant therapies, to reduce post-treatment recurrence
[14, 16, 17]. Finally, radiomics features may help identify-
ing metastatic lesions that are more likely to respond to
systemic therapies, and to quantify the effectiveness of a
specific treatment.

In this narrative review, we present the current knowl-
edge on the potential application of radiomics for PCa
treatment planning, with a management-based approach
and a highlight on recurrence of disease after treatment,
while also covering some artificial intelligence (AI)-based
imaging tools when relevant (Fig. 1).
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Radiomics and radiotherapy

RT has a consolidated role in cancer treatment, and it can
be estimated that around half of all oncologic patients
will receive RT either alone or in combination with other
treatments [18]. In this setting, PCa patients represent
no exception. Diagnostic imaging has historically played
a major role in all aspects of RT, from identification of
eligible patients and therapy planning to the assessment
of treatment response, and the evolution of RT is closely
tied to the advancements in diagnostic imaging [19]. For
example, it is foreseeable that MRI will become more
relevant for RT in the near future, due to its advantages
for target definition [20] as well as for dose adaptation
and personalisation, with MRI-linear accelerator (MRI-
LINAC) systems being commercially available [21]. Simi-
larly, radiomics is expected to transform the way RT is
currently conceived, bringing an added value to many
tasks in the RT workflow which could benefit from novel
imaging biomarkers ML decision support models [22].
Indeed, radiomics could assist radiation oncologist in
the transition toward personalised medicine, allowing
to tailor treatment on individual patients based on their
specific needs, thus possibly improving outcome while
reducing toxicity [23].

Treatment planning

Radiomics pipeline and RT workflow share a common
time-consuming task that is prone to error and low
reproducibility due to inter-operator variability: image
segmentation. Usually, radiomics requires segmentation
of the primary tumour lesion, frequently corresponding
to the target of RT. However, when planning treatment,
the radiation oncologist also needs to consider the criti-
cal normal structures located in proximity of the actual
target that might be damaged by RT, defined as organs at
risk (OAR), further increasing the workload. Automated
segmentation tools have been gaining interest in the field
of prostate MRI. Different deep learning (DL) algorithms
for whole-gland as well as for lesion segmentation have
been proposed, with more than promising results and
some commercial solutions already available (e.g., Dyn-
aCAD Prostate®, Philips, Amsterdam, The Netherlands,
Quantib® Prostate, Quantib B.V. Rotterdam, The Nether-
lands) [24-26].

In particular, the imaging paradigm for RT planning
in PCa patients is shifting from computed tomography
to MRI, and a number of solutions based on Al have
been proposed to automatise the MRI segmentation
process with the aim of reducing treatment planning
time, decreasing the workload for radiation oncolo-
gists and possibly promoting more consistent outcomes
[27, 28]. In 2019, Elguindi et al. [29] employed transfer
learning to train, test, and then externally validate a DL
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Fig. 1 Graphic representation of radiomics and artificial intelligence main applications in the setting of prostate cancer management

algorithm (DeepLabV3+, https://hasty.ai/docs/mp-wiki/
model-architectures/deeplabv3) using contours manu-
ally annotated by an experienced radiation oncologist.
The DeepLabV3+ was able to automatically segment the
prostate and seminal vesicles (volumetric dice similar-
ity coefficient 0.83 £ 0.06) as well as five OAR includ-
ing bladder, rectum, urethra, penile bulb, rectum/rectal
spacer. Similarly, DL has been proposed as a feasible tool
to improve accuracy and consistency of MRI target and
OAR segmentations for PCa RT planning in clinical trials,
automatically flagging delineations needing corrections
thus reducing the workload for radiation oncologists per-
forming quality assurance (with sensitivity and specificity
for target volumes needing major corrections of 0.73 and
0.86, respectively) [30].

With specific regard to OAR, Savenije et al. [31]
trained two DL algorithms to segment bladder, rectum,
and femurs and compared their performance to that of
an atlas-based software. They found that one of the algo-
rithms (DeepMedic, https://deepmedic.org/)) was faster
and more accurate compared to the benchmark, with
segmentations requiring fewer manual corrections. Of
note, after training and testing they were able to success-
fully translate DeepMedic into clinical practice and did
not observe a decrease in the automated segmentation

tool's performance compared to the experimental
setting.

A very recent publication postulated that such
strategies will likely disrupt daily practice in the near
future, reporting a first-in-human experience of com-
pletely autonomous unsupervised treatment planning
approach to deliver MRI-guided RT to a PCa patient
[32]. In this experience, both OAR and target vol-
ume were automatically contoured by a DL tool and a
baseline treatment plan was autonomously generated
using particle swarm optimisation. No human interac-
tion was required up to treatment plan optimisation
and plan approval by the radiation oncologist. The
time from simulation to treatment was inferior to 6 h
and the automate treatment plan fulfilled most of the
dosimetry criteria adopted for quality assurance check.

However, it is important to further deepen our under-
standing of these tools, which should not be superfi-
cially deemed as perfect or super-human. Indeed, a
recent study revealed that multiple DL algorithms have
the highest segmentation variability in those anatomical
regions (e.g., junctions between prostate and bladder or
the external urinary sphincter) in which interobserver
variability is the highest for radiation oncologists [33].
This finding is somewhat expected when considering
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that human drawn contours are usually employed to
train the automatic segmentation algorithms.

Adaptative RT and assessment of response

Delivering the most appropriate dose based on individual
tumour features is among the goals of personalised RT.
Surely, heterogeneity is a hallmark of cancer, with focal
variations in angiogenesis, hypoxia, and thus metabo-
lism which contribute to determine tumour aggressive-
ness and treatment response [34]. Radiomics holds the
promise to characterise tumour heterogeneity and paired
to ML could be used effectively to identify and auto-
matically segment target areas corresponding to the MRI
index lesion for dose boosting during RT, as proposed by
Shiradkar et al. [35] with the Rad-TRaP framework.

The idea of refining and adjusting treatment plan to
account for new clinical and imaging information that
become available over time is commonly referred to as
adaptive RT, and has been historically limited by the lack
of readily available data on tumour biological changes
[36]. MRI-LINAC and radiomics might offer a solution
to overcome this limitation. Indeed, beyond the clear
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advantages of better motion management and precise
tumour localisation, allowing for safe dose escalation, the
use of MRI-LINAC implies the creation of novel imaging
datasets daily enriched with new scans. These datasets
represent the ideal starting point for radiomics studies
aimed at the prognostic assessment of cancer patients
[37].

In particular, delta-radiomics (the study of changes in
radiomics features over time) feasibility experiments with
multiple time points could be performed. Using two time
points only (before and after treatment), a recent study
on 33 PCa patients found that delta-radiomics is outper-
formed by radiomics approaches based on pre- or post-
treatment images alone in the prediction of response to
RT (Fig. 2) [38]. However, this study might have been
limited by the relatively small sample size as well as the
number of available time points and future experiments
are needed to investigate whether radiomics of multiple
MRIgRT images can provide and added prognostic value
for PCa management, as recently found for pancreatic
cancer [39]. Notwithstanding, researchers venturing in
this field should be aware of the challenges to be faced.

¥

Fig. 2 Sixty-nine-years old patient treated with external beam radiotherapy after MRI targeted biopsy revealed 3+4 Gleason score prostate cancer.

Images from pre-biopsy (a—c) as well as post-treatment (d—f) MRI scans are presented. The index lesion (PI-RADS 5) can be appreciated on the
T2-weighted images (a, lesion epicentre marked with a white star) as a homogeneous, moderately hypointense area with obscured margins in the
right anterior transition zone. Corresponding marked and focal hypointensity on ADC map (b, red region of interest) and hyperintensity on high

b value DWI (¢, white arrow) are present. On the corresponding post-treatment sequences (d—f), no abnormalities can be detected, suggesting

a good treatment response. DWI Diffusion-weighted imaging, MR/ Magnetic resonance imaging, PI-RADS Prostate Imaging-Reporting and Data

System
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There are differences between MRI scans acquired for
diagnostic purposes and those from MRI-LINAC scan-
ners. For example, diffusion weighted imaging (DWI)
acquisition is technically challenging for MRI-LINAC
scanners [40] and only a minority of radiomics features
are stable and robust on MRI-guided RT feature selection
[41]. Test-retest studies and great care in feature selection
will be required to ensure high methodological standards
are met.

Toxicity

To minimise the side effects of RT, radiomics and ML
approaches have been proposed to predict OAR toxicity
[42]. Regarding PCa RT, only preliminary investigations
have been carried out to explore the role of MRI radi-
omics. In particular, a pilot delta-radiomics study on 30
patients treated with RT for PCa found that radiomic fea-
tures extracted from femoral head volumes exhibit sig-
nificant differences between pre- and post-RT MRI scans
[43]. While the authors argue that these variations could
be related to RT-induced biological changes, the lack of
feature robustness for temporal variation and the absence
of meaningful clinical correlates (i.e., fractures) do not
allow to make strong claims regarding the value of radi-
omics for predicting RT bone toxicity.

Another delta-radiomics study was similarly designed
for the evaluation of radiation-induced changes in the
bladder wall using T2-weighted imaging (T2WI) [44].
However, beyond changes in radiomics features val-
ues between pre- and post-RT MRI, the correlation
between radiomics features and radiation dose as well
as radiation induced urinary toxicity (i.e., cystitis) was
evaluated and an overall good correlation was found in
both cases. The same research group also performed a
pilot study on radiomics for rectal RT toxicity predic-
tion in PCa patients and found that a combined model
employing both T2W1 and DWI features extracted from
pre-RT MRI had a good prediction power, with an area
under the curve (AUC) of 0.81, thus possibly represent-
ing a field worthy of further investigation for the pre-
treatment prediction of rectal toxicity [45]. Finally, MRI
radiomics has been reported as a promising strategy to
identify patients at higher risk of developing urethral
strictures as late adverse effect of high dose brachyther-
apy for PCa treatment in a case-control study [46]. Spe-
cifically, on pre-treatment MRI, statistically significant
differences emerged between the stricture cases and
controls for radiomics features like contrast and homo-
geneity while no correlation with urethral dosimetry
was found.

Quantitative computational features can be extracted
from all types of medical images, and since volumetric
maps of RT dose levels distributions are indeed images
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a complementary approach to radiomics defined as dosi-
omics has been proposed [47]. In 2018, Rossi et al. [48]
tried to improve the prediction of genitourinary and
gastrointestinal toxicity of PCa RT. With a cohort of 351
patients, they found that adding dosiomics to non-treat-
ment related parameters (e.g., age, previous treatment)
significantly increased the accuracy of rectal bleeding
and faecal incontinence prediction compared to using
non-treatment-related parameters alone (AUC of 0.58
versus 0.73 and 0.63 versus 0.73 respectively). Similarly,
adding dosiomics to non-treatment-related parameters
increased the prediction accuracy for urinary inconti-
nence (AUC of 0.68 versus 0.73), although statistical sig-
nificance was not reached in this case. Taken together,
these findings suggest that dosiomics should not be
neglect and deserves consideration, possibly in the con-
text of multi-omics models [49].

Radiomics and radical prostatectomy

Treatment choices in PCa patients are guided by risk
stratification, which is based on PSA levels, GS and clini-
cal stage [4]. RP represents the main option alongside
RT for PCa primary treatment with curative intent. An
overview of the main RT and RP studies discussed in this
review is presented in Table 2. With specific regard to RP,
it is recommended as a valid option for active treatment
with curative intent for patients at low-intermediate risk.
Conversely, for high-risk patients or locally advanced dis-
ease, RP should be considered in selected cases and in the
context of a multimodal therapy.

However, the current risk stratification model is not
exempt from limitations. Among these, GS at biopsy has
been reported to be prone to undergrading compared to
the final score assigned at RP, possibly leading to high-
risk patients being selected for RP [50]. In this context,
recent studies suggest that radiomics could potentially
represent a complementary tool to biopsy allowing for
a more accurate preoperative GS assessment [51, 52].
Using multiparametric 3-T MRI radiomics and multi-
variate logistic regression analysis on 166 PCa patients
treated with RP, Zhang et al. [51] build (» = 116) and
validated (n = 50) a predictive model which showed a
good performance (AUC 0.87) in the prediction of biopsy
GS upgrade at RP. When adding the radiomics signature
and clinical parameters into a nomogram, the predictive
performance further improved (AUC 0.91). While these
findings are encouraging, it should be considered that
MRI-targeted biopsies were not performed in this study,
which could have led to an overestimation of biopsy GS
downgrading in this study. Furthermore, the relatively
low number of high GS (> 7) in the study cohort did not
allow to perform a subgroup analysis, which might have
confirmed the added value of radiomics.
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Another very recent work compared the performance
of different whole-gland radiomics models based on
PSMA PET/MRI to that of biopsy for the prediction of
GS at RP in 101 retrospectively enrolled PCa patients
[52]. Among the different single-modality and com-
bined models trained in this IBSI-Image Biomarker
Standardization Initiative compliant study, the PET
plus apparent diffusion coefficient (ADC) model out-
performed biopsy (AUC 82.5% versus 72.4%) in the
prediction of GS at RP. While integrated PET/MRI
scanners are not widespread, the reported findings sup-
port the hypothesis that multimodal radiomics might
support urologists in the risk stratification of PCa
patients. Radiomics might also be able to predict the
occurrence of bone metastases on pretreatment MRI
scans, as found in a population of PCa patients under
watchful waiting, outperforming GS alone as a predic-
tor [53]. The predicted risk of distant tumour spread
could be helpful identify patients eligible to more
aggressive treatment strategies.

Nerve-sparing surgery

Bilateral preservation of the neurovascular bundles can
lead to better urinary and sexual function outcomes
without compromising cancer control [54, 55]. How-
ever, current guidelines recommend against performing
nerve-sparing surgery when extracapsular extension is
suspected [4]. MRI provides important and useful infor-
mation regarding extracapsular extension of PCa, with
various signs being used in different scoring system with
good diagnostic performances [56, 57], but the inter-
reader agreement is rather low and the accuracy is linked
to the experience of radiologists [58]. Radiomics could
offer feasible solutions to overcome these limitations and
thus help identify patients not eligible for nerve sparing
surgery (Fig. 3) [59-61].

In a recent study, a support vector machine model was
trained to detect the presence of extraprostatic exten-
sion disease using radiomic features extracted from index
lesions volumes as identified on the T2WI and ADC
map of preoperative MRI scans [59]. The overall accu-
racy ranged from 83% (train set) to 74—79% (test set), not
statistically different from that of an experienced radiol-
ogist. Considering the multicentre and multiscanner set-
ting, these findings indicate a good model generalisability
and a possible benefit to support less experienced readers
might be hypothesised. In line with these results, subse-
quent studies from different research groups confirmed
that MRI radiomics analysis might deliver valuable infor-
mation regarding extracapsular extension of PCa, which
can be successfully paired with clinical parameters to
obtain more holistic models with even greater predictive
performances [60, 61].
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Lymph node dissection
At present, it is still unclear how beneficial lymph node
removal may be on PCa outcomes and while the pro-
cedure can be justified for the information it provides
regarding cancer spread, it is associated with complica-
tions [62]. Several nomograms can be used to assess
the risk of nodal involvement in PCa, in order to select
candidates for lymph node dissection and its extent, but
most of them were developed in the pre-MRI era [63].
The conventional evaluation of lymph node on imag-
ing strongly relies on size and morphology as criteria for
involvement, suffering from poor sensitivity [64].
Radiomics has been assessed as a potential strategy to
improve the role of imaging [65-67]. Whole gland ADC
radiomics obtained from automatically annotated vol-
umes of interests was not statistically different in terms
of accuracy when compared to two of these nomograms,
although the overall accuracy is still lower than desirable
(AUC 0.73) [65]. With a different approach, Zheng and
colleagues [67] integrated radiomic features, extracted
from the index lesions on T2W1I and ADC map, and clin-
ical features (e.g., PSA, biopsy results) to build a support
vector machine model. In this case, the integrated model
achieved an AUC of 0.915, significantly higher compared
to that of clinical nomograms whose highest AUC was
0.724. The results of a previous study from a different
research group combining T2WI and ADC index lesion
radiomics with clinical variables had already suggested
the feasibility of this approach for lymph node status
prediction and its superiority compared to conventional
nomograms, although with differences in terms of model
(e.g., a neural network was used) [66]. It should be noted
that all these studies were only internally validated. Until
external validation is performed, the degree of generaliz-
ability remains uncertain and represents a possible major
issue.

Radiomics and active surveillance

AS has been proved to be a viable alternative to radical
treatments such as RP or RT for low risk PCa, with simi-
lar oncological outcomes [68, 69]. AS protocol requires
strict patients monitoring over time to recognise any
potential risk reclassification that would need deferred
radical intervention, still with curative purpose [69].
Annual biopsies identify whether patients on AS show
upgrading or upstaging of PCa. However, due to the pos-
sible complications of the procedure as well as the risk of
not correctly targeting the lesion of interest, in the last
decade there has been an ever-growing interest in non-
invasive diagnostic tools, such as MRI, enabling re-eval-
uation of the risk of PCa progression [70, 71]. Indeed,
mpMRI has been included in several AS protocols [72,
73]. Moreover, the UK NICE (National Institute for Care
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Fig. 3 Prebiopsy MRI scan of a 58-year-old patient (PSA value of 6.12 ng/mL at the time of imaging) showing a PI-RADS 4 lesion in the
posterior-lateral peripheral zone (right lobe) appearing hypointense on T2-weighted images (a) and exhibiting markedly restricted diffusion (b,
high b value DWI; ¢, ADC map with red region of interest). Target biopsy confirmed the presence of prostatic adenocarcinoma (Gleason score 3 +
4). While a moderate capsule-tumour contact length can be appreciated on the T2-weighted images (a, white arrow), no bulging nor definitive
signs of extracapsular extension are present and the radiologist staged the disease as locally confined. Based on the MRI report and considering the
young age, the patient underwent nerve-sparing radical prostatectomy. Unfortunately, the pathology report on the surgical specimen revealed the
presence of extracapsular disease extension and upgraded the Gleason score to 4 + 4. ADC Apparent diffusion coefficient, DWI Diffusion-weighted
imaging, MR/ Magnetic resonance imaging, PI-RADS Prostate Imaging-Reporting and Data System, PSA Prostate-specific antigen

and Clinical Excellence) currently recommends mpMRI
either for baseline evaluation of AS candidates or for the
assessment of clinical as well as PSA modifications dur-
ing surveillance protocol [74].

Quantitative imaging techniques may provide objec-
tive measures of the underlying biological changes occur-
ring over the course of natural history of PCa [75-78].
An overview of the main studies in the setting of AS dis-
cussed in this review is presented in Table 3. In their ret-
rospective study, Xie et al. [75] assessed a combination of
texture features and ML-based analysis of ADC maps for
the prediction of grade group (GG) upgrading in GS < 6
PCa (GG1) and GS 3 + 4 PCa (GG2) from biopsy to RP
in 59 patients eligible for AS. Among the four supervised
ML methods employed, the nearest neighbor algorithm,
including six texture features (variance, skewness, kurto-
sis, 90% percentile, variance of absolute gradient, and S
difference variance), showed the best diagnostic perfor-
mance (AUC 0.71) in the test cohort for non-invasively
prediction of PCa GG upgrading.

Moreover, Sushentsev et al. [77] compared the per-
formance of the PRECISE scoring system against
MRI-derived delta-radiomics models for predicting his-
topathological proven PCa progression in 64 patients
on AS protocol with a median follow-up of 46 months.
In detail, three delta-radiomics models, including 34
T2WI- and 53 ADC-derived texture features, were devel-
oped using the parenclitic networks, LASSO (least abso-
lute shrinkage and selection operator regression), and
random forests ML methods. The Authors showed that
PRECISE scoring (AUC 84.4%) and delta-radiomics mod-
els (AUC 78.0—81.5%) yielded comparably good perfor-
mance for predicting PCa progression in AS patients.

In a more recent investigation, Algohary et al. [78] eval-
uated the performance of MRI-based radiomics features
(including Gabor, first-order statistics, and grey-level
co-occurrence-based texture features) in identifying the
presence of csPCa in 56 patients on AS regimen who had
previously undergone prebiopsy 3-T biparametric MRI
(T2WI plus DWI). In detail, the authors performed two
experiments. Experiment 1 aimed to identify radiomics
features able to discriminate patients with biopsy proven
clinically significant PCa, while experiment 2 evaluated
the ability of the selected radiomics features to identify
the presence or absence of clinically significant disease
in the more challenging cases with discordance between
PI-RADS assessment and biopsy findings (groups 3 and
4). Out of the three ML models used, quadratic discrimi-
nant analysis yielded the best results, showing an overall
accuracy improvement of 80%, while of 60% for groups 3
(MRI negative and biopsy positive) and 4 (MRI positive-
and biopsy negative) when compared to PI-RADS v2.0
alone.

Radiomics and biochemical recurrence

Both RP and RT are considered definite treatments for
localised PCa [79]. However, about 27—53% of patients
show biochemical recurrence (BCR) after those primary
therapies (Fig. 4) [80, 81]. BCR definition varies according
to the main curative interventions. After RP, the thresh-
old is represented by PSA > 0.4 ng/mL that is rising [82].
Instead, the Radiation Therapy Oncology Group-Amer-
ican Society for Therapeutic Radiology and Oncology
Phoenix consensus conference set the definition of BCR
after primary RT as any PSA increase > 2 ng/mL higher
than the PSA nadir, regardless of the nadir value [83].
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Fig. 4 Seventy-two-year-old patient who underwent radical prostatectomy for prostate cancer (at pathology, Gleason score 3 + 4). Staging MRI
shows a large peripheral zone (left posteromedial) lesion with intermediate signal on T2-weighted images (a, lesion epicentre marked with white
star), focal and marked hypointensity on the ADC map (b, red region of interest) and corresponding hyperintensity on high b value DWI (c, white
arrowhead). Three years after treatment, rise of PSA value determines biochemical recurrence. [®*GalGa-PSMA-11 PET/CT (d and e) shows a small
but concerning right external iliac lymph node. ADC Apparent diffusion coefficient, DWI Diffusion-weighted imaging, MR/ Magnetic resonance
imaging, PET/TC Positron emission tomography/computed tomography, PMSA Prostate-specific membrane antigen, PSA Prostate-specific antigen

An early identification of subjects at high risk for BCR
may allow a better management of the disease, discrimi-
nating patients that would benefit the most of adjuvant
RT from those who could avoid unneeded complemen-
tary treatments and the associated side effects [84]. To
date, there are still a few studies aimed at radiomics pre-
diction of BCR, mostly focused on MRI features either
after RP [85, 86] or RT. [87] An overview of the main
investigations in the setting of BCR discussed in this
review is presented in Table 4.

In their retrospective multicentre study, Li et al. [88]
developed and validated a prognostic nomogram, incor-
porating radiomics features extracted from biparametric
MRI with preoperative clinicopathologic parameters, for
predicting BCR free survival after RP in 198 patients with
PCa. In detail, the nomogram was built with five radiom-
ics features, including two T2WI Laws features, T2W1I
intensity range and Haralick information measure as well
as ADC Laws feature. Their prognostic nomogram out-
performed the Cancer of the Prostate Risk Assessment
score (CAPRA) (C-index 0.79 and 0.68, respectively) and
achieved comparable performance as the post-surgery
CAPRA score (C-index 0.75) in a head-to-head compari-
son for BCR free survival prediction.

Another study group from France developed and
externally validated an MRI ADC map-derived radiom-
ics model to predict BCR and BCR free survival after RP
[89]. Interestingly, while the radiomics model resulted

to be predictive of BCR (accuracy of 0.76%), the clinical
model failed to validate the external cohort (accuracy of
0.56%). Surprisingly, the radiomics-clinical model did not
outperform the radiomics alone model, with an accuracy
of 0.67%.

Moreover, Yan et al. [85] developed and externally vali-
dated a DL-based radiomics signature, including MRI
features (first-order, shape, texture, wavelet, and Lapla-
cian of Gaussian Filter) extracted from T2WI, to predict
BCR of 485 patients underwent RP in three different
Institutions. The radiomics model achieved a C-index of
0.802 in both primary and validating cohorts and outper-
formed the post-surgery CAPRA score (0.677), National
Comprehensive Cancer Network model (0.586), and
Gleason grade group system (0.583).

Promising evidence from MRI-derived radiomics fea-
tures have been provided even in the setting of predicting
BCR after RT. [87, 90, 91] Fernandes et al. [91] investi-
gated the potential of whole-prostate imaging features
extracted from the original and filtered T2W MR images
for 5-year BCR prediction after RT of 120 patients with
localised PCa. The logistic regression model built using
whole-prostate imaging features (AUC 0.63) outper-
formed both the clinical and combined models (AUC
0.51 and 0.56, respectively).

Efforts for predicting BCR after primary therapies have
been made with hybrid imaging, including PET/CT and
PET/MRI [92-94]. Kang et al. [93] investigated the role



Page 13 of 17

(2023) 7:13

Stanzione et al. European Radiology Experimental

Adesayiolpey 1y ‘Awoidaielsoid [edipey 4y ‘usabiiue dy1dads 31e1501d iS4 ‘Uoissaibal
21351607 §7 ‘quswissasse ysi a1eysoud oy Jo 19dued A1961ns-150d Sydly) 21035 U0sea|D SO ‘|YIA d1aweledig [HHdQq ‘|BAIAINS 991)-92US1INJBI [EIIWBYD0IG SHHDF ‘DAIND diisualdeIeyd Bunesado JaAledal ay) Japun ealy DNy

Adesayy
nippe 1yauaq
W61 oYM YDg Jo st

(690

SNsIaA 68°0 Aoeindde
onsoubelp) buibels
IANL pue ‘'so Asdoiq
¥Sd Uo paseq siskjeue
2UIIN0J plepuerlS aY1
pawiioyiadino exep
[BDIUID pUE S9IN1ed)
[4W/13d Butpnpul
‘424 10§ [9pow oAl

(S21woiped) 19IN/13d

241UaD

1e syuaned Bulknuap) -dlpaid pasiaiadng L L-VWSd-8D [eDg] 49 -31buls ‘aA13ads0ld uonoipaid ¥Yog dy elisny 0z0¢ [z6] dded
(Alonnoadsal
760 PUR’LL0 V60
JNY) sa4n1esy buibew
YDg JO UOIIedYIIUSPI Yl pue eiep [ed1uld Ajuo
Ul 1D/13d duiaoppny  buipnppul sippow 9yl
81-4 4o uoneyaidiaul 01 paledwod uon
9y asiplepuels pue  -dipaid ¥Yog paroidul
an0idwi 03 |00} 3oun(pe si3aulesed |edjuld
ue se pasn aq 01 Abo  s1usned yim sainlesy
-lopoyiaw [euoneind 2IN1x31 ¥ljeseH bul (so1wolpel) 1D EES)
-wod e buidojpnsg -UIQUIOD [9POW 3Y] /13 UIAOPIPNY 814 87 -ynw ‘aAndadsonay uondIpaid ¥Yog dy VSN 020¢ [c6] Buey
(K]2A1Dadsa1 950
pue |50 DNY) slepow
pauIquIod pue [ed1uld
YDg Jo %Sl 1e 4ioq paullopiadino
syuaned buikynens ‘salb (£9'0 DNY) San1e3)
-91eJ1S JUDUIIRIY PaS| YW 21e3504d-3]0ym 211UD
-lenplaipul dojaaap o) Buisn [spow Y1 (so1wolpel) YW 0zl -91buis 'aAidadsonay  uondipald Yog Jeak-g 14 SpuUelayIaN Yyl 8107 [16] sopueula
(890
SNSIAA 6/°0 XIPUI-D)
uondipaid S44Dg 40}
21025 S\YHdVYD PawIo)
-19d1n0 sia19weled
o1bojoyredodiuld pue
Adeiayy $94N1e3} SOILIOIP.I
|euonippe Joyep 1ybiw  |¥Ndq sAnessdo-aid
OUM YD JO %Sl MO Hulesodiodoul ‘welb 213UD
Je syuaned Buiknusp]  -owou dnsouboid v (So1wioiped) |4 861  -NW '9ANDdS01IY uondipaid 5449 dd vsn Leoe [881 1
[1aquinu
ERITEIETES)|
1edwi jennuaiod awod1no uiepy Ayjepow buibew)| oazis sjdwes ubisaqg wly  juawjieal] Anuno)y  Jeak uonediiqng Joyine isii4

(pasodoud s|1uswiiealy Jo/pue Ajepoud buibew

4oea Joj 2|dwexa aU0) JUIU| SAIRIND YUM Sluawieas) Aewlld Jayje Jadued a1eisoid Jo 92Ua1ndal [eajuaydolq Jo Buias ayy ul suoiedijdde sojwolpel uo saipnis Uleyy ¥ ajqer



Stanzione et al. European Radiology Experimental (2023) 7:13

of a computational methodology using Haralick texture
analysis as an adjunct tool to improve and standardise
the interpretation of F-18 fluciclovine PET/CT in iden-
tifying BCR of 28 patients with PCa underwent RP with
or without subsequent salvage therapies. Of note, the
Authors showed that the model combining Haralick tex-
ture features computed with patients’ clinical parameters
improved the chances of accurately detecting BCR (AUC
0.94) compared to the models including only clinical data
and imaging features (AUC 0.71 and 0.92, respectively).

Finally, in a recent investigation, part of a single-centre
pilot to a randomised prospective trial, Papp et al. [92]
investigated the diagnostic performance of [*®*Ga]Ga-
PSMA-11 PET/MRI in vivo models for predicting low-
versus-high lesion risk as well as BCR of 52 patients with
PCa underwent RP with a ML approach. Their super-
vised predictive model for BCR selected seven radiomic
features (coefficient of variation, grey level co-occurrence
matrix information correlation type 1, standardised
uptake value max, grey level co-occurrence matrix joint
entropy, standardised uptake value mean, and high grey
zone emphasis from the [*®Ga]Ga-PSMA-11 images,
interquartile range from ADC images) and clinical data.
This model outperformed the standard routine analysis
based on PSA, biopsy GS, and TNM staging (diagnostic
accuracy of 0.89 and 0.69, respectively).

Conclusions

Radiomics is still in its infancy, but it is foreseeable that
AT and radiomics solutions will become a key component
of radiologists’ everyday work in the future. Overall, the
majority of research efforts have been focused on PCa
detection [95, 96]. However, the advantages of radiomics
might be even greater in the setting of treatment man-
agement, possibly compensating for the limitations of
currently available strategies.

It could be speculated that studies on PCa detection are
more common because it might be easier to obtain good
quality datasets to work on (e.g., more data is needed for
studies on treatment response, such as follow-up data).
It is also possible that less encouraging results have been
found for more complex classification tasks and these are
not emerging due to publication bias, a well-known issue
in the field of radiomics [97].

The limitations of current evidence should be taken
into account, and overly optimistic claims should be
avoided. Indeed, each step in the radiomics pipeline hid-
den methodological pitfalls to be aware of [98]. Above all,
the lack of external independent datasets for validation
and of prospectively designed studies cast a shadow on
the reliability and generalisability of radiomics models,
hindering their translation into clinical practice. High
image quality is a key factor for reliable prostate MRI

Page 14 of 17

conventional interpretation but is not easy to ensure [99].
Similarly, high-quality datasets are necessary to minimise
the risk of a garbage in garbage out effect for radiom-
ics and AI models [100]. Additionally, a substantial het-
erogeneity among radiomics studies was also found, for
example in terms of methodology and transparency, but
the scientific community is working to promote stand-
ardisation in imaging Al and radiomics research, with
checKklists and guidelines to help design, assess, and inter-
pret radiomics papers [101-103].

Finally, medical-legal guidance to address the liability
for clinical practice use of radiomics has not been yet
provided by official regulatory offices but could aid physi-
cians in gaining confidence with these tools and encour-
age their safe use [104].

In conclusion, this review highlighted excellent future
prospects for a role of radiomics in powering decision
support tools to aid physicians in the management and
treatment planning of PCa patients. However, great
efforts are advocated to confirm these encouraging
premises and eventually produce the high-level evidence
required to turn these exciting perspectives into medical
practice realities.

Abbreviations

ADC Apparent diffusion coefficient

AS Active surveillance

AUC Area under the curve

BCR Biochemical recurrence

CAPRA Cancer of the prostate risk assessment
DL Deep learning

DWI Diffusion-weighted imaging

GG Grade group

GS Gleason score

ML Machine learning

mMpPMRI Multiparametric MRI

MRI Magnetic resonance imaging
MRI-LINAC MRI-linear accelerator

OAR Organ at risk

PCa Prostate cancer

PET/CT Positron emission tomography/computed tomography

PI-RADS  Prostate Imaging Reporting and Data System
PSA Prostate-specific antigen

PSMA Prostate-specific membrane antigen

RP Radical prostatectomy

RT Radiotherapy

T2WI T2-weighted imaging

Authors’ contributions
The author(s) read and approved the final manuscript.

Funding
This work has not received any funding.

Availability of data and materials
The data are available from the corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate
Not applicable.



Stanzione et al. European Radiology Experimental

(2023) 7:13

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 7 November 2022 Accepted: 5 January 2023
Published online: 13 March 2023

References

1.

Gandaglia G, Leni R, Bray F et al (2021) Epidemiology and prevention
of prostate cancer. Eur Urol Oncol 4:877-892. https://doi.org/10.1016/j.
eu0.2021.09.006

Hamdy FC, Donovan JL, Lane JA et al (2016) 10-year outcomes after
monitoring, surgery, or radiotherapy for localised prostate cancer. N
EnglJ Med 375:1415-1424. https://doi.org/10.1056/NEJMoa1606220
Ryan CJ, Smith MR, Fizazi K et al (2015) Abiraterone acetate plus
prednisone versus placebo plus prednisone in chemotherapy-naive
men with metastatic castration-resistant prostate cancer (COU-AA-302):
final overall survival analysis of a randomised, double-blind, placebo-
controlled phase 3 study. Lancet Oncol 16:152-160. https://doi.org/10.
1016/51470-2045(14)71205-7

EAU Guidelines. Edn. presented at the EAU annual congress Amsterdam
2022.1SBN 978-94-92671-16-5.

Abrams-Pompe RS, Fanti S, Schoots IG et al (2021) The role of magnetic
resonance imaging and positron emission tomography/computed
tomography in the primary staging of newly diagnosed prostate
cancer: a systematic review of the literature. Eur Urol Oncol 4:370-395.
https://doi.org/10.1016/j.eu0.2020.11.002

Rud E, Baco E, Klotz D et al (2015) Does preoperative magnetic reso-
nance imaging reduce the rate of positive surgical margins at radical
prostatectomy in a randomised clinical trial? Eur Urol 68:487-496.
https://doi.org/10.1016/j.eururo.2015.02.039

NCCN Clinical Practice Guidelines in Oncology (NCCN Guidelines®):
Prostate Cancer. Version 1. 2023.

Cooperberg MR, Pasta DJ, Elkin EP et al (2005) The University of
California, San Francisco cancer of the prostate risk assessment score:

a straightforward and reliable preoperative predictor of disease recur-
rence after radical prostatectomy. J Urol 173:1938-1942. https://doi.
org/10.1097/01.ju.0000158155.33890.e7

Eifler JB, Feng Z, Lin BM et al (2013) An updated prostate cancer staging
nomogram (Partin tables) based on cases from 2006 to 2011. BJU Int
111:22-29. https://doi.org/10.1111/j.1464-410X.2012.11324.x

Morlacco A, Sharma'V, Viers BR et al (2017) The incremental role of
magnetic resonance imaging for prostate cancer staging before radical
prostatectomy. Eur Urol 71:701-704. https://doi.org/10.1016/j.eururo.
2016.08.015

Gandaglia G, Fossati N, Zaffuto E et al (2017) Development and internal
validation of a novel model to identify the candidates for extended
pelvic lymph node dissection in prostate cancer. Eur Urol 72:632-640.
https://doi.org/10.1016/j.eururo.2017.03.049

KumarV, Gu, Basu S et al (2012) Radiomics: the process and the chal-
lenges. Magn Reson Imaging 30:1234-1248. https://doi.org/10.1016/j.
mri.2012.06.010

Cuocolo R, Cipullo MB, Stanzione A et al (2019) Machine learning appli-
cations in prostate cancer magnetic resonance imaging. Eur Radiol Exp
3:35. https://doi.org/10.1186/541747-019-0109-2

Damascelli A, Gallivanone F, Cristel G et al (2021) Advanced imag-

ing analysis in prostate MRI: building a radiomic signature to predict
tumour aggressiveness. Diagnostics 11:594. https://doi.org/10.3390/
diagnostics11040594

Kendrick J, Francis R, Hassan GM et al (2021) Radiomics for identification
and prediction in metastatic prostate cancer: A Review of Studies. Front
Oncol 11. https://doi.org/10.3389/fonc.2021.771787

Bertelli E, Mercatelli L, Marzi C et al (2022) Machine and deep learning
prediction of prostate cancer aggressiveness using multiparametric
MRI. Front Oncol 11. https://doi.org/10.3389/fonc.2021.802964

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

Page 150f 17

Hectors SJ, Cherny M, Yadav KK et al (2019) Radiomics features
measured with multiparametric magnetic resonance imaging predict
prostate cancer aggressiveness. J Urol 202:498-505. https://doi.org/10.
1097/JU.0000000000000272

Citrin DE (2017) Recent developments in radiotherapy. N Engl J Med
377:1065-1075. https://doi.org/10.1056/NEJMra1608986

Jaffray DA, Das S, Jacobs PM et al (2018) How advances in imaging will
affect precision radiation oncology. Int J Radiat Oncol 101:292-298.
https://doi.org/10.1016/j.ijrobp.2018.01.047

Kerkmeijer LGW, Groen VH, Pos FJ et al (2021) Focal boost to the
intraprostatic tumour in external beam radiotherapy for patients with
localised prostate cancer: results from the FLAME randomised phase Il
trial. J Clin Oncol 39:787-796. https://doi.org/10.1200/JC0.20.02873
Das 1J, McGee KP, Tyagi N, Wang H (2019) Role and future of MRl in
radiation oncology. Br J Radiol 92:20180505. https://doi.org/10.1259/bjr.
20180505

Dercle L, Henry T, Carré A et al (2021) Reinventing radiation therapy
with machine learning and imaging bio-markers (radiomics): State-of-
the-art, challenges and perspectives. Methods 188:44-60. https://doi.
0rg/10.1016/jymeth.2020.07.003

Vaugier L, Ferrer L, Mengue L, Jouglar E (2020) Radiomics for radiation
oncologists: are we ready to go? BJR Open 2:20190046. https://doi.org/
10.1259/bjro0.20190046

Cuocolo R, Comelli A, Stefano A et al (2021) Deep learning whole-gland
and zonal prostate segmentation on a public MRI dataset. J Magn
Reson Imaging 54:452-459. https://doi.org/10.1002/jmri.27585

Faiella E, Vertulli D, Esperto F et al (2022) Quantib prostate compared to
an expert radiologist for the diagnosis of prostate cancer on mpMRI: a
single-center preliminary study. Tomography 8:2010-2019. https://doi.
org/10.3390/tomography8040168

Ali R, Gabr A, Mouli SK et al (2019) MR imaging findings of the prostate
gland following prostate artery embolization: results from a prospective
phase 2 study. Abdom Radiol (NY) 44:713-722. https://doi.org/10.1007/
s00261-018-1757-z

Almeida G, Tavares JMRS (2020) Deep learning in radiation oncology
treatment planning for prostate cancer: a systematic review. J Med Syst
44:179. https://doi.org/10.1007/510916-020-01641-3

Belue MJ, Harmon SA, Patel K et al (2022) Development of a 3D CNN-
based Al model for automated segmentation of the prostatic urethra.
Acad Radiol 29:1404-1412. https://doi.org/10.1016/j.acra.2022.01.009
Elguindi S, Zelefsky MJ, Jiang J et al (2019) Deep learning-based auto-
segmentation of targets and organs-at-risk for magnetic resonance
imaging only planning of prostate radiotherapy. Phys Imaging Radiat
Oncol 12:80-86. https://doi.org/10.1016/j.phro.2019.11.006

Min H, Dowling J, Jameson MG et al (2021) Automatic radiotherapy
delineation quality assurance on prostate MRI with deep learning in a
multicentre clinical trial. Phys Med Biol 66:195008. https://doi.org/10.
1088/1361-6560/ac25d5

Savenije MHF, Maspero M, Sikkes GG et al (2020) Clinical implementa-
tion of MRI-based organs-at-risk auto-segmentation with convolutional
networks for prostate radiotherapy. Radiat Oncol 15:104. https://doi.
0rg/10.1186/513014-020-01528-0

Ktinzel LA, Nachbar M, Hagmuiller M et al (2021) First experience of
autonomous, un-supervised treatment planning integrated in adaptive
MR-guided radiotherapy and delivered to a patient with prostate cancer.
Radiother Oncol 159:197-201. https://doi.org/10.1016/jradonc.2021.03.032
Sanders JW, Mok H, Hanania AN et al (2022) Computer-aided segmen-
tation on MRI for prostate radiotherapy, part Il: Comparing human and
computer observer populations and the influence of annotator variabil-
ity on algorithm variability. Radiother Oncol 169:132-139. https://doi.
org/10.1016/j.radonc.2021.12.033

Suit H, Skates S, Taghian A et al (1992) Clinical implications of hetero-
geneity of tumour response to radiation therapy. Radiother Oncol
25:251-260. https://doi.org/10.1016/0167-8140(92)90244-0O

Shiradkar R, Podder TK, Algohary A et al (2016) Radiomics based tar-
geted radiotherapy planning (Rad-TRaP): a computational framework
for prostate cancer treatment planning with MRI. Radiat Oncol 11:148.
https://doi.org/10.1186/513014-016-0718-3

Leech M, Osman S, Jain S, Marignol L (2021) Mini review: Personaliza-
tion of the radiation therapy management of prostate cancer using


https://doi.org/10.1016/j.euo.2021.09.006
https://doi.org/10.1016/j.euo.2021.09.006
https://doi.org/10.1056/NEJMoa1606220
https://doi.org/10.1016/S1470-2045(14)71205-7
https://doi.org/10.1016/S1470-2045(14)71205-7
https://doi.org/10.1016/j.euo.2020.11.002
https://doi.org/10.1016/j.eururo.2015.02.039
https://doi.org/10.1097/01.ju.0000158155.33890.e7
https://doi.org/10.1097/01.ju.0000158155.33890.e7
https://doi.org/10.1111/j.1464-410X.2012.11324.x
https://doi.org/10.1016/j.eururo.2016.08.015
https://doi.org/10.1016/j.eururo.2016.08.015
https://doi.org/10.1016/j.eururo.2017.03.049
https://doi.org/10.1016/j.mri.2012.06.010
https://doi.org/10.1016/j.mri.2012.06.010
https://doi.org/10.1186/s41747-019-0109-2
https://doi.org/10.3390/diagnostics11040594
https://doi.org/10.3390/diagnostics11040594
https://doi.org/10.3389/fonc.2021.771787
https://doi.org/10.3389/fonc.2021.802964
https://doi.org/10.1097/JU.0000000000000272
https://doi.org/10.1097/JU.0000000000000272
https://doi.org/10.1056/NEJMra1608986
https://doi.org/10.1016/j.ijrobp.2018.01.047
https://doi.org/10.1200/JCO.20.02873
https://doi.org/10.1259/bjr.20180505
https://doi.org/10.1259/bjr.20180505
https://doi.org/10.1016/j.ymeth.2020.07.003
https://doi.org/10.1016/j.ymeth.2020.07.003
https://doi.org/10.1259/bjro.20190046
https://doi.org/10.1259/bjro.20190046
https://doi.org/10.1002/jmri.27585
https://doi.org/10.3390/tomography8040168
https://doi.org/10.3390/tomography8040168
https://doi.org/10.1007/s00261-018-1757-z
https://doi.org/10.1007/s00261-018-1757-z
https://doi.org/10.1007/s10916-020-01641-3
https://doi.org/10.1016/j.acra.2022.01.009
https://doi.org/10.1016/j.phro.2019.11.006
https://doi.org/10.1088/1361-6560/ac25d5
https://doi.org/10.1088/1361-6560/ac25d5
https://doi.org/10.1186/s13014-020-01528-0
https://doi.org/10.1186/s13014-020-01528-0
https://doi.org/10.1016/j.radonc.2021.03.032
https://doi.org/10.1016/j.radonc.2021.12.033
https://doi.org/10.1016/j.radonc.2021.12.033
https://doi.org/10.1016/0167-8140(92)90244-O
https://doi.org/10.1186/s13014-016-0718-3

Stanzione et al. European Radiology Experimental

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

(2023) 7:13

MRI-based radiomics. Cancer Lett 498:210-216. https://doi.org/10.
1016/j.canlet.2020.10.033

Delgadillo R, Ford JC, Abramowitz MC et al (2020) The role of radiomics
in prostate cancer radiotherapy. Strahlenther Onkol 196:900-912.
https://doi.org/10.1007/500066-020-01679-9

Abdollahi H, Mofid B, Shiri | et al (2019) Machine learning-based
radiomic models to predict intensity-modulated radiation therapy
response, Gleason score and stage in prostate cancer. Radiol Med
124:555-567. https://doi.org/10.1007/511547-018-0966-4
Tomaszewski MR, Latifi K, Boyer E et al (2021) Delta radiomics analysis
of Magnetic Resonance guided radiotherapy imaging data can enable
treatment response prediction in pancreatic cancer. Radiat Oncol
16:237. https://doi.org/10.1186/513014-021-01957-5

Yuan J, Poon DMC, Lo G et al (2022) A narrative review of MRI acquisi-
tion for MR-guided-radiotherapy in prostate cancer. Quant Imaging
Med Surg 12:1585-1607. https://doi.org/10.21037/qims-21-697

Xue C, Yuan J, Poon DM et al (2021) Reliability of MRI radiomics features
in MR-guided radiotherapy for prostate cancer: repeatability, reproduc-
ibility, and within-subject agreement. Med Phys 48:6976-6986. https://
doi.org/10.1002/mp.15232

Isaksson LJ, Pepa M, Zaffaroni M et al (2020) Machine learning-based
models for prediction of toxicity outcomes in radiotherapy. Front Oncol
10. https://doi.org/10.3389/fonc.2020.00790

Abdollahi H, Mahdavi S, Shiri | et al (2019) Magnetic resonance imaging
radiomic feature analysis of radiation-induced femoral head changes in
prostate cancer radiotherapy. J Cancer Res Ther 15:11. https://doi.org/
10.4103/jcrtJCRT_172_18

Abdollahi H, Tanha K, Mofid B et al (2019) MRI radiomic analysis of
IMRT-induced bladder wall changes in prostate cancer patients: a
relationship with radiation dose and toxicity. J Med Imaging Radiat Sci
50:252-260. https://doi.org/10.1016/jjmir.2018.12.002

Abdollahi H, Mahdavi SR, Mofid B et al (2018) Rectal wall MRI radiomics
in prostate cancer patients: prediction of and correlation with early
rectal toxicity. Int J Radiat Biol 94:829-837. https://doi.org/10.1080/
09553002.2018.1492756

Tsang YM, Vignarajah D, Mcwilliam A et al (2020) A pilot study on
dosimetric and radiomics analysis of urethral strictures following HDR
brachytherapy as monotherapy for localised prostate cancer. Br J Radiol
93:20190760. https://doi.org/10.1259/bjr.20190760

Placidi L, Gioscio E, Garibaldi C et al (2021) A multicentre evaluation

of dosiomics features reproducibility, stability and sensitivity. Cancers
(Basel) 13:3835. https://doi.org/10.3390/cancers13153835

Rossi L, Bijman R, Schillemans W et al (2018) Texture analysis of 3D dose
distributions for predictive modelling of toxicity rates in radiotherapy.

Radiother Oncol 129:548-553. https://doi.org/10.1016/j.radonc.2018.07.

027

Liberini V, Laudicella R, Balma M et al (2022) Radiomics and artificial
intelligence in prostate cancer: new tools for molecular hybrid imag-
ing and theragnostics. Eur Radiol Exp 6:27. https://doi.org/10.1186/
s41747-022-00282-0

Djavan B, Kadesky K, Klopukh B et al (1998) Gleason scores from
prostate biopsies obtained with 18-gauge biopsy needles poorly
predict gleason scores of radical prostatectomy specimens. Eur Urol
33:261-270. https://doi.org/10.1159/000019578

Zhang G, Han Y, Wei J et al (2020) Radiomics based on MRl as a
biomarker to guide therapy by predicting upgrading of prostate
cancer from biopsy to radical prostatectomy. J Magn Reson Imaging
52:1239-1248. https://doi.org/10.1002/jmri.27138

Solari EL, Gafita A, Schachoff S et al (2022) The added value of PSMA
PET/MR radiomics for prostate cancer staging. Eur J Nucl Med Mol
Imaging 49:527-538. https://doi.org/10.1007/500259-021-05430-z
Wang Y, Yu B, Zhong F et al (2019) MRI-based texture analysis of the
primary tumour for pre-treatment prediction of bone metastases in
prostate cancer. Magn Reson Imaging 60:76-84. https://doi.org/10.
1016/j.mri.2019.03.007

Avulova S, Zhao Z, Lee D et al (2018) The effect of nerve sparing status
on sexual and urinary function: 3-year results from the CEASAR study. J
Urol 199:1202-12009. https://doi.org/10.1016/j.juro.2017.12.037

Ward JF, Zincke H, Bergstralh EJ et al (2004) The impact of surgical
approach (nerve bundle preservation versus wide local excision)

on surgical margins and biochemical recurrence following radical

56.

57.

58.

59.

60.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

Page 16 of 17

prostatectomy. J Urol 172:1328-1332. https://doi.org/10.1097/01 ju.
0000138681.64035.dc

Asfuroglu U, Asfuroglu BB, Ozer H et al (2022) Which one is better for
predicting extraprostatic extension on multiparametric MRI: ESUR
score, Likert scale, tumour contact length, or EPE grade? Eur J Radiol
149:110228. https://doi.org/10.1016/j.ejrad.2022.110228

Caglicl, Sushentsev N, Colarieti A et al (2022) Value of the capsular
enhancement sign on dynamic contrast-enhanced prostate multipara-
metric MRI for the detection of extracapsular extension. Eur J Radiol
150:110275. https://doi.org/10.1016/j.ejrad.2022.110275

de Rooij M, Hamoen EHJ, Witjes JA et al (2016) Accuracy of magnetic
resonance imaging for local staging of prostate cancer: a diagnostic
meta-analysis. Eur Urol 70:233-245. https://doi.org/10.1016/j.eururo.
2015.07.029

Cuocolo R, Stanzione A, Faletti R et al (2021) MRl index lesion radiomics
and machine learning for detection of extraprostatic extension of
disease: a multicenter study. Eur Radiol 31:7575-7583. https://doi.org/
10.1007/500330-021-07856-3

He D, Wang X, Fu C et al (2021) MRI-based radiomics models to assess
prostate cancer, extracapsular extension and positive surgical margins.
Cancer Imaging 21:46. https://doi.org/10.1186/540644-021-00414-6
Fan X, Xie N, Chen J et al (2022) Multiparametric MRl and machine
learning based radiomic models for preoperative prediction of multiple
biological characteristics in prostate cancer. Front Oncol 12. https://doi.
0rg/10.3389/fonc.2022.839621

Fossati N, Willemse P-PM, Van den Broeck T et al (2017) The benefits
and harms of different extents of lymph node dissection during radi-
cal prostatectomy for prostate cancer: a systematic review. Eur Urol
72:84-109. https://doi.org/10.1016/j.eururo.2016.12.003

Hinev Al, Anakievski D, Kolev NH, Hadjiev VI (2014) Validation of nomo-
grams predicting lymph node involvement in patients with prostate
cancer undergoing extended pelvic lymph node dissection. Urol Int
92:300-305. https://doi.org/10.1159/000354323

Sankineni S, Brown AM, Fascelli M et al (2015) Lymph node stag-

ing in prostate cancer. Curr Urol Rep 16:30. https://doi.org/10.1007/
$11934-015-0505-y

Liu X, Wang X, Zhang Y et al (2022) Preoperative prediction of pelvic
lymph nodes metastasis in prostate cancer using an ADC-based
radiomics model: comparison with clinical nomograms and PI-RADS
assessment. Abdom Radiol (NY) 47:3327-3337. https://doi.org/10.1007/
500261-022-03583-5

BourbonneV, JaouenV, Nguyen TA et al (2021) Development of a
radiomic-based model predicting lymph node involvement in prostate
cancer patients. Cancers (Basel) 13:5672. https://doi.org/10.3390/cance
1513225672

Zheng H, Miao Q, Liu Y et al (2022) Multiparametric MRI-based radiom-
ics model to predict pelvic lymph node invasion for patients with
prostate cancer. Eur Radiol 32:5688-5699. https://doi.org/10.1007/
s00330-022-08625-6

Willemse P-PM, Davis NF, Grivas N et al (2022) Systematic review of
active surveillance for clinically localised prostate cancer to develop
recommendations regarding inclusion of intermediate-risk disease,
biopsy characteristics at inclusion and monitoring, and surveillance
repeat biopsy strategy. Eur Urol 81:337-346. https://doi.org/10.1016/j.
eururo.2021.12.007

Bul M, Zhu X, Valdagni R et al (2013) Active surveillance for low-risk
prostate cancer worldwide: The PRIAS study. Eur Urol 63:597-603.
https://doi.org/10.1016/j.eururo.2012.11.005

Recabal P, Ehdaie B (2015) The role of MRI in active surveillance for men
with localised prostate cancer. Curr Opin Urol 25:504-509. https://doi.
0rg/10.1097/MOU.0000000000000221

Van Hemelrijck M, Ji X, Helleman J et al (2019) Reasons for discontinu-
ing active surveillance: assessment of 21 centres in 12 countries in the
Movember GAP3 Consortium. Eur Urol 75:523-531. https://doi.org/10.
1016/j.eururo.2018.10.025

Stavrinides V, Giganti F, Trock B et al (2020) Five-year outcomes of mag-
netic resonance imaging-based active surveillance for prostate cancer:
a large cohort study. Eur Urol 78:443-451. https://doi.org/10.1016/j.
eururo.2020.03.035

Fam MM, Yabes JG, Macleod LC et al (2019) Increasing utilization of
multiparametric magnetic resonance imaging in prostate cancer active


https://doi.org/10.1016/j.canlet.2020.10.033
https://doi.org/10.1016/j.canlet.2020.10.033
https://doi.org/10.1007/s00066-020-01679-9
https://doi.org/10.1007/s11547-018-0966-4
https://doi.org/10.1186/s13014-021-01957-5
https://doi.org/10.21037/qims-21-697
https://doi.org/10.1002/mp.15232
https://doi.org/10.1002/mp.15232
https://doi.org/10.3389/fonc.2020.00790
https://doi.org/10.4103/jcrt.JCRT_172_18
https://doi.org/10.4103/jcrt.JCRT_172_18
https://doi.org/10.1016/j.jmir.2018.12.002
https://doi.org/10.1080/09553002.2018.1492756
https://doi.org/10.1080/09553002.2018.1492756
https://doi.org/10.1259/bjr.20190760
https://doi.org/10.3390/cancers13153835
https://doi.org/10.1016/j.radonc.2018.07.027
https://doi.org/10.1016/j.radonc.2018.07.027
https://doi.org/10.1186/s41747-022-00282-0
https://doi.org/10.1186/s41747-022-00282-0
https://doi.org/10.1159/000019578
https://doi.org/10.1002/jmri.27138
https://doi.org/10.1007/s00259-021-05430-z
https://doi.org/10.1016/j.mri.2019.03.007
https://doi.org/10.1016/j.mri.2019.03.007
https://doi.org/10.1016/j.juro.2017.12.037
https://doi.org/10.1097/01.ju.0000138681.64035.dc
https://doi.org/10.1097/01.ju.0000138681.64035.dc
https://doi.org/10.1016/j.ejrad.2022.110228
https://doi.org/10.1016/j.ejrad.2022.110275
https://doi.org/10.1016/j.eururo.2015.07.029
https://doi.org/10.1016/j.eururo.2015.07.029
https://doi.org/10.1007/s00330-021-07856-3
https://doi.org/10.1007/s00330-021-07856-3
https://doi.org/10.1186/s40644-021-00414-6
https://doi.org/10.3389/fonc.2022.839621
https://doi.org/10.3389/fonc.2022.839621
https://doi.org/10.1016/j.eururo.2016.12.003
https://doi.org/10.1159/000354323
https://doi.org/10.1007/s11934-015-0505-y
https://doi.org/10.1007/s11934-015-0505-y
https://doi.org/10.1007/s00261-022-03583-5
https://doi.org/10.1007/s00261-022-03583-5
https://doi.org/10.3390/cancers13225672
https://doi.org/10.3390/cancers13225672
https://doi.org/10.1007/s00330-022-08625-6
https://doi.org/10.1007/s00330-022-08625-6
https://doi.org/10.1016/j.eururo.2021.12.007
https://doi.org/10.1016/j.eururo.2021.12.007
https://doi.org/10.1016/j.eururo.2012.11.005
https://doi.org/10.1097/MOU.0000000000000221
https://doi.org/10.1097/MOU.0000000000000221
https://doi.org/10.1016/j.eururo.2018.10.025
https://doi.org/10.1016/j.eururo.2018.10.025
https://doi.org/10.1016/j.eururo.2020.03.035
https://doi.org/10.1016/j.eururo.2020.03.035

Stanzione et al. European Radiology Experimental

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

(2023) 7:13

surveillance. Urology 130:99-105. https://doi.org/10.1016/j.urology.
2019.02.037

National Institute of Care and Clinical Excellence. Prostate cancer:
diagnosis and management. NICE guideline NG131, 2019. https:.//www.
nice.org.uk/guidance/ng131

Xie J, Li B, Min X et al (2021) Prediction of pathological upgrading at
radical prostatectomy in prostate cancer eligible for active surveillance:
a texture features and machine learning-based analysis of apparent dif-
fusion coefficient maps. Front Oncol 10. https://doi.org/10.3389/fonc.
2020.604266

Sushentsev N, Rundo L, Blyuss O et al (2021) MRI-derived radiom-

ics model for baseline prediction of prostate cancer progression

on active surveillance. Sci Rep 11:12917. https://doi.org/10.1038/
$41598-021-92341-6

Sushentsev N, Rundo L, Blyuss O et al (2022) Comparative performance
of MRI-derived PRECISE scores and delta-radiomics models for the pre-
diction of prostate cancer progression in patients on active surveillance.
Eur Radiol 32:680-689. https://doi.org/10.1007/s00330-021-08151-x
Algohary A, Viswanath S, Shiradkar R et al (2018) Radiomic features on
MRI enable risk categorization of prostate cancer patients on active
surveillance: Preliminary findings. J Magn Reson Imaging 48:818-828.
https://doi.org/10.1002/jmri.25983

Aizer AA, Yu JB, Colberg JW et al (2009) Radical prostatectomy vs.
intensity-modulated radiation therapy in the management of localised
prostate adenocarcinoma. Radiother Oncol 93:185-191. https://doi.org/
10.1016/j.radonc.2009.09.001

Van den Broeck T, van den Bergh RCN, Briers E et al (2020) Biochemical
recurrence in prostate cancer: the European Association of Urology
prostate cancer guidelines panel recommendations. Eur Urol Focus
6:231-234. https://doi.org/10.1016/j.euf.2019.06.004

Freedland SJ, Humphreys EB, Mangold LA et al (2007) Death in patients
with recurrent prostate cancer after radical prostatectomy: prostate-
specific antigen doubling time subgroups and their associated contri-
butions to all-cause mortality. J Clin Oncol 25:1765-1771. https://doi.
0rg/10.1200/JC0O.2006.08.0572

Stephenson AJ, Kattan MW, Eastham JA et al (2006) Defining biochemi-
cal recurrence of prostate cancer after radical prostatectomy: a pro-
posal for a standardised definition. J Clin Oncol 24:3973-3978. https://
doi.org/10.1200/JC0.2005.04.0756

Roach M, Hanks G, Thames H et al (2006) Defining biochemical failure
following radiotherapy with or without hormonal therapy in men with
clinically localised prostate cancer: Recommendations of the RTOG-
ASTRO Phoenix Consensus Conference. Int J Radiat Oncol 65:965-974.
https://doi.org/10.1016/j.ijrobp.2006.04.029

Ghezzo S, Bezzi C, Presotto L et al (2022) State of the art of radiomic
analysis in the clinical management of prostate cancer: A systematic
review. Crit Rev Oncol Hematol 169:103544. https://doi.org/10.1016/j.
critrevonc.2021.103544

YanY, Shao L, Liu Z et al (2021) Deep learning with quantitative features
of magnetic resonance images to predict biochemical recurrence of
radical prostatectomy: a multi-center study. Cancers (Basel) 13:3098.
https://doi.org/10.3390/cancers13123098

Shiradkar R, Ghose S, Jambor | et al (2018) Radiomic features from
pretreatment biparametric MRI predict prostate cancer biochemical
recurrence: Preliminary findings. J Magn Reson Imaging 48:1626-1636.
https://doi.org/10.1002/jmri.26178

Gnep K, Fargeas A, Gutiérrez-Carvajal RE et al (2017) Haralick textural
features on T2 -weighted MRI are associated with biochemical recur-
rence following radiotherapy for peripheral zone prostate cancer. J
Magn Reson Imaging 45:103-117. https://doi.org/10.1002/jmri.25335
Li L, Shiradkar R, Leo P et al (2021) A novel imaging based Nomogram
for predicting post-surgical biochemical recurrence and adverse
pathology of prostate cancer from pre-operative bi-parametric MRI.
EBioMedicine 63:103163. https://doi.org/10.1016/j.ebiom.2020.103163
Bourbonne V, Fournier G, Vallieres M et al (2020) External validation of
an MRI-derived radiomics model to predict biochemical recurrence
after surgery for high-risk prostate cancer. Cancers (Basel) 12:814.
https://doi.org/10.3390/cancers12040814

Zhong Q-Z, Long L-H, Liu A et al (2020) Radiomics of multiparametric
MRI to predict biochemical recurrence of localised prostate cancer after

91

92.

93.

94.

95.

96.

97.

98.

99.

102.

103.

104.

Page 17 of 17

radiation therapy. Front Oncol 10. https://doi.org/10.3389/fonc.2020.
00731

Dinis Fernandes C, Dinh CV, Walraven | et al (2018) Biochemical
recurrence prediction after radiotherapy for prostate cancer with T2w
magnetic resonance imaging radiomic features. Phys Imaging Radiat
Oncol 7:9-15. https://doi.org/10.1016/j.phro.2018.06.005

Papp L, Spielvogel CP, Grubmiller B et al (2021) Supervised machine
learning enables non-invasive lesion characterisation in primary
prostate cancer with [68GalGa-PSMA-11 PET/MRI. Eur J Nucl Med Mol
Imaging 48:1795-1805. https://doi.org/10.1007/500259-020-05140-y
Kang H, Kim EE, Shokouhi S et al (2020) Texture analysis of F-18 fluciclo-
vine PET/CT to predict biochemically recurrent prostate cancer: initial
results. Tomography 6:301-307. https://doi.org/10.18383/j.tom.2020.
00029

Lee JJ,Yang H, Franc BL et al (2020) Deep learning detection of prostate
cancer recurrence with 18F-FACBC (fluciclovine, Axumin®) positron
emission tomography. Eur J Nucl Med Mol Imaging 47:2992-2997.
https://doi.org/10.1007/500259-020-04912-w

Telecan T, Andras |, Crisan N et al (2022) More than meets the eye: using
textural analysis and artificial intelligence as decision support tools in
prostate cancer diagnosis—a systematic review. J Pers Med 12:983.
https://doi.org/10.3390/jpm 12060983

Stanzione A, Gambardella M, Cuocolo R et al (2020) Prostate MRI radi-
omics: A systematic review and radiomic quality score assessment. Eur J
Radiol 129:109095. https://doi.org/10.1016/j.ejrad.2020.109095

Buvat I, Orlhac F (2019) The dark side of radiomics: on the paramount
importance of publishing negative results. J Nucl Med 60:1543-1544.
https://doi.org/10.2967/jnumed.119.235325

Stanzione A, Cuocolo R, Ugga L et al (2022) Oncologic imaging and
radiomics: a walkthrough review of methodological challenges. Can-
cers (Basel) 14:4871. https://doi.org/10.3390/cancers14194871

Giganti F, Allen C, Emberton M et al (2020) Prostate Imaging Quality
(PI-QUAL): a new quality control scoring system for multiparametric
magnetic resonance imaging of the prostate from the PRECISION trial.
Eur Urol Oncol 3:615-619. https://doi.org/10.1016/j.eu0.2020.06.007
Mottaghy FM, Hertel F, Beheshti M (2021) Will we successfully avoid the
garbage in garbage out problem in imaging data mining? An overview
on current concepts and future directions in molecular imaging. Meth-
ods 188:1-3. https://doi.org/10.1016/j.ymeth.2021.02.011

Lambin P, Leijenaar RTH, Deist TM et al (2017) Radiomics: the bridge
between medical imaging and personalized medicine. Nat Rev Clin
Oncol 14:749-762. https://doi.org/10.1038/nrclinonc.2017.141
Zwanenburg A, Vallieres M, Abdalah MA et al (2020) The Image Bio-
marker Standardization Initiative: standardised quantitative radiomics
for high-throughput image-based phenotyping. Radiology 295:328-
338. https://doi.org/10.1148/radiol.2020191145

Mongan J, Moy L, Kahn CE (2020) Checklist for Artificial Intelligence in
Medical Imaging (CLAIM): a guide for authors and reviewers. Radiol Artif
Intell 2:€200029. https://doi.org/10.1148/ryai.2020200029

Jassar S, Adams SJ, Zarzeczny A, Burbridge BE (2022) The future of arti-
ficial intelligence in medicine: Medical-legal considerations for health
leaders. Healthc Manage Forum 35:185-189. https://doi.org/10.1177/
08404704221082069

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


https://doi.org/10.1016/j.urology.2019.02.037
https://doi.org/10.1016/j.urology.2019.02.037
https://www.nice.org.uk/guidance/ng131
https://www.nice.org.uk/guidance/ng131
https://doi.org/10.3389/fonc.2020.604266
https://doi.org/10.3389/fonc.2020.604266
https://doi.org/10.1038/s41598-021-92341-6
https://doi.org/10.1038/s41598-021-92341-6
https://doi.org/10.1007/s00330-021-08151-x
https://doi.org/10.1002/jmri.25983
https://doi.org/10.1016/j.radonc.2009.09.001
https://doi.org/10.1016/j.radonc.2009.09.001
https://doi.org/10.1016/j.euf.2019.06.004
https://doi.org/10.1200/JCO.2006.08.0572
https://doi.org/10.1200/JCO.2006.08.0572
https://doi.org/10.1200/JCO.2005.04.0756
https://doi.org/10.1200/JCO.2005.04.0756
https://doi.org/10.1016/j.ijrobp.2006.04.029
https://doi.org/10.1016/j.critrevonc.2021.103544
https://doi.org/10.1016/j.critrevonc.2021.103544
https://doi.org/10.3390/cancers13123098
https://doi.org/10.1002/jmri.26178
https://doi.org/10.1002/jmri.25335
https://doi.org/10.1016/j.ebiom.2020.103163
https://doi.org/10.3390/cancers12040814
https://doi.org/10.3389/fonc.2020.00731
https://doi.org/10.3389/fonc.2020.00731
https://doi.org/10.1016/j.phro.2018.06.005
https://doi.org/10.1007/s00259-020-05140-y
https://doi.org/10.18383/j.tom.2020.00029
https://doi.org/10.18383/j.tom.2020.00029
https://doi.org/10.1007/s00259-020-04912-w
https://doi.org/10.3390/jpm12060983
https://doi.org/10.1016/j.ejrad.2020.109095
https://doi.org/10.2967/jnumed.119.235325
https://doi.org/10.3390/cancers14194871
https://doi.org/10.1016/j.euo.2020.06.007
https://doi.org/10.1016/j.ymeth.2021.02.011
https://doi.org/10.1038/nrclinonc.2017.141
https://doi.org/10.1148/radiol.2020191145
https://doi.org/10.1148/ryai.2020200029
https://doi.org/10.1177/08404704221082069
https://doi.org/10.1177/08404704221082069

	Beyond diagnosis: is there a role for radiomics in prostate cancer management?
	Abstract 
	Background
	Radiomics and radiotherapy
	Treatment planning
	Adaptative RT and assessment of response
	Toxicity
	Radiomics and radical prostatectomy
	Nerve-sparing surgery
	Lymph node dissection
	Radiomics and active surveillance
	Radiomics and biochemical recurrence

	Conclusions
	References


