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KEY POINTS

e Novel targeted tracers (eg, PSMA, FACBC, choline) have a big impact on the clinical management

of prostate cancer.

o Artificial intelligence (Al) has been more commonly used in medical imaging
e Research in Al for prostate cancer in PET/CT is relatively new but current evidence in the literature is

promising.

Artificial intelligence (Al) algorithms, particularly
those based on convolutional neural networks,
have shown promise for organ and lesion segmen-
tation, patient-level and region-level classification
of pathological findings, and outcome predictions
in cancer imaging. Advantages of automated, Al-
based image segmentation, and classification
include higher annotation and processing speed
than manual annotation, repeatable segmentation
results, and the ability to identify and capture com-
plex patterns or features in the images.

In PET/CT imaging of prostate cancer, however,
unique challenges exist for Al-based image anal-
ysis. Manual segmentations of prostate based on
CT data can often include bladder tissues, and
coupled with higher radiation uptake of bladder,
can result in inaccurate segmentations. Additional
challenges include (a) small lesion sizes that and
the resulting strong voxel-wise class imbalance,
(b) wide variation in the number of lesions per pa-
tient, (c) physiologic tracer accumulation in the or-
gans such as ureters, ganglia, and bladder, (d)

uptake overlap due to proximity of cancer lesions
to surrounding organs with high tracer uptake
such as bladder and bowel, (e) and finally faint up-
take (SUVmax < 3) in some cancer lesions.

Several PET tracers have been developed for
clinical workup of prostate cancer, such as ®¢Ga-
PSMA-11," '8F-DCFPyL,> Choline,® '8NaF,*
although their potential as quantitative imaging
biomarkers are still being investigated.® Mean-
while, the usage of whole-body PET in detecting
and measuring global tumor presence enables cli-
nicians and researchers to characterize the burden
of metastatic disease and its relationship with
other disease characteristics, such as treatment
outcome and patient survival rate.’

Despite the aforementioned challenges, there
are several ongoing research efforts that use Al
for various diagnostic tasks in molecular imaging
of prostate cancer with established and novel
tracers. In this work, we review the current trends
and categorize the currently available research
into the quantification of total tumor burden, or

@ Artificial Intelligence Resource, Molecular Imaging Branch, NCI, NIH, Bethesda, MD, USA; b Department of
Integrative Oncology, BC Cancer Research Institute, Vancouver, British Columbia, Canada; © Department of
Radiology, University of British Columbia, Vancouver, British Columbia, Canada; ¢ Department of Physics, Uni-
versity of British Columbia, Vancouver, British Columbia, Canada

* Corresponding author. 10 Center Drive, Room B3B85, Bethesda, MD 20892.

E-mail address: turkbeyi@mail.nih.gov

PET Clin 17 (2022) 137-143
https://doi.org/10.1016/j.cpet.2021.09.002
1556-8598/22/Published by Elsevier Inc.

Descargado para Anonymous User (n/a) en Ricardo Palma University de ClinicalKey.es por Elsevier en enero 11, 2022. Para uso
personal exclusivamente. No se permiten otros usos sin autorizacion. Copyright ©2022. Elsevier Inc. Todos los derechos reservados.

pet.theclinics.com


mailto:turkbeyi@mail.nih.gov
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cpet.2021.09.002&domain=pdf
https://doi.org/10.1016/j.cpet.2021.09.002
http://pet.theclinics.com

138

Ma et al

tumor burden within a particular organ, metastasis
detection and quantification, and development of
Al-based clinical and research tools.

CURRENT ARTIFICIAL INTELLIGENCE
RESEARCH IN PROSTATE CANCER POSITRON
EMISSION TOMOGRAPHY IMAGING
Artificial Intelligence-Based Primary Tumor
Segmentation

Current Al research in PET imaging for prostate
cancer is in relatively early stages. A group in Swe-
den and Denmark has been conducting pioneering
research on Al methods for predicting prostate
cancer outcome, as well as evaluating Al algo-
rithms for the segmentation and quantification of
disease burden for correlation to patient out-
comes. According to Mortensen and colleagues,®
the first step was to develop a CNN segmentation
algorithm for prostate on PET/CT. The model first
calculates the transform between PET and CT
scans for spatial alignment, then uses information
from both scans for prostate segmentation. For
model training, both prostate and bladder were
manually annotated, with bladder assigned a
negative value. The resultant segmentation and
standard uptake values (SUVs) from trained CNN
matched with manual-segmentation SUVmax,
SUVmean, and volume of abnormal voxels with
mean differences of 0.37, —0.08, and 1.4 mL,
respectively.® They have also shown that quantita-
tive biomarkers such as tumor volume and uptake
were significantly associated with overall patient
survival.” The same group has similarly investi-
gated the segmentation of lymph nodes and
bone metastases and found segmentation results
to relate to overall patient survival.®®

Artificial Intelligence-Based Primary Tumor
Burden Quantification

Quantifiable tumor uptake, or SUV, in PET can be a
promising biomarker in predicting treatment
outcome and prognosis.’® SUVmax measurement
of primary prostate cancer depends on accurate
3D organ and tumor segmentations in the pros-
tate. Polymeri and colleagues’ have proposed a
deep-learning model to quantify primary tumor
burden in PET/CT images. A CNN model was
developed for the segmentation of prostate in CT
images based on individual voxel grey-scale
values. The network used multi-resolution pro-
cessing to evaluate the probabilities of individual
voxels belonging to the prostate gland.
“Abnormal” voxels within the prostate gland were
defined as those with SUV greater than 2.65, and
total tumor uptake in the prostate region was
calculated from co-registered '®F-choline PET

images. The results were validated using 2 met-
rics: prostate volume and abnormal PET uptake.
The validation results from 43-patient cohort
showed that the deep-learning-based prostate
segmentation was similar to manual segmenta-
tions with a dice similarity coefficient of 0.78. Uni-
variate survival analysis found that CNN-produced
lesion volume and lesion uptake relate significantly
to overall survival, prostate-specific antigen (PSA),
and Gleason score. Volumetric analysis of PET/CT
images is not currently in the standard clinical
practice, and an automated tool may allow such
analysis results to be included to increase the
diagnostic value of PET/CT imaging.

Another research effort aimed to extract PET/CT
voxel features and match them with ground truth
obtained from histopathology slices. Rubenstein
and colleagues'' proposed an unsupervised
feature detection method to improve feature
detection and voxel classification in dynamic
11C-choline-PET/CT, aiming to combine manual
perfusion-based features with deep features.
PET/CT images were matched with histopatholo-
gy images, which served as a standard of refer-
ence. Deep features, extracted via an
autoencoder, were analyzed along with
statistics-based features (such as SUVmax
(SUVs), TAC (time activity curves) and SUVmean)
and kinetic modeling features. The resultant
feature matrix improved tumor detection rates
from AUC = 0.812 with SUVmean only to
AUC = 0.899 for big tumors, which are greater
than 36 mm? at 2D pathology slides.

Artificial Intelligence-Based Predictive
Modeling

In addition to volumetric analysis, radiomics
(including tumor texture, shape, or statistical fea-
tures) have been explored as a potential indicator
for disease staging and predictor of survival and
treatment outcome. For prostate cancer, predict-
ing biochemical reoccurrence (BCR) is very impor-
tant because of the high morbidity rate associated
with BCR identified during the primary treatment
follow-up. Alongi and colleagues'® aimed to
develop machine learning models to discover
prognostic biomarkers from choline PET/CT im-
ages in patients with high-risk prostate cancer,
particularly texture analysis. Each tumor from the
study cohort (n = 94) was manually segmented,
and 53 features of each tumor were extracted via
LIFEx toolbox,'® plus PSA, and Gleason scores.
Machine learning-based feature reduction and se-
lection were performed, and then a predictive
model was trained from features most associated
with patient risks. Depending on disease types,

Descargado para Anonymous User (n/a) en Ricardo Palma University de ClinicalKey.es por Elsevier en enero 11, 2022. Para uso
personal exclusivamente. No se permiten otros usos sin autorizacion. Copyright ©2022. Elsevier Inc. Todos los derechos reservados.



the patient cohort was split into 3 groups: local
relapse, lymph-nodal disease, and bone metas-
tasis, and the overall predictive model has an
AUROC of 67.24 for TNM prediction.

Cysouw and colleagues' explored machine
learning-based analysis of quantitative '8F-
DCFPyL PET to predict metastasis and high-risk
pathologic tumor features in prostate cancer. Pri-
mary tumors were manually segmented and 480
radiomic features were extracted per tumor. Stan-
dard PET metrics (SUV, PSMA + volume, lesion
uptake) were also extracted for comparison.
AUCs for radiomics-based lymph node involve-
ment (LNI) prediction was slightly higher
(P = .25-.29) than AUCs for traditional PET fea-
tures: 0.86 versus 0.81 for patients with LNI, 0.86
versus 0.81 for the presence of metastasis, 0.81
versus 0.76 for GS greater than 8 patients, and
0.76 versus 0.67 for the presence of extracapsular
extension (ECE). The results of this early study
indicate that machine learning-based "8F-DCFPyL
PET metrics can be helpful for the prediction of LNI
and high risk at pathology.

Artificial Intelligence-Based Lesion
Delineation

Prostate cancer lesion segmentation in PET im-
ages can be difficult due to low resolution and suf-
fers from inter- and intra-observer variability. A
group at Johns Hopkins has begun using deep-
learning methods for lesion delineation in '8F-
DCFPyL PET images.’> A CNN-based method
was used to segment 207 PET studies, with
approximately 6 lesions per study. The results
were compared with manual segmentations from
4 nuclear medicine physicians, with a DICE coeffi-
cient of 0.71, than 0.66 from a semiautomated
thresholding-based technique. Deep learning
(DL)-based method was significantly (P < .05) bet-
ter at lesion segmentation than threshold-based
methods. In another effort, a 3-D CNN method
was developed for PET lesion segmentation and
9-label classification according to PSMA-
RADS."® Prediction results on the test set (overalll
n = 3724 lesions, n ~ 559 for testing) showed
AUC of 0.88 to 0.98 among the 9 labels, and an
overall accuracy of 67.4%. These results demon-
strate the potential of using DL for prostate cancer
lesion segmentation and classification from PET
images.

Artificial Intelligence-Based Metastasis
Detection and Quantification

Identification of lymph node metastasis is key in
staging patients with newly diagnosed prostate
cancer and for managing patients with

Clinical Application of Al

biochemically recurrent prostate cancer. Borrelli
and colleagues® proposed an Al-based method
for the detection and quantitative assessment of
imaging biomarkers for lymph nodes on '8F-
choline PET/CT. An organ CNN was trained to
segment organs from CT, and a detection CNN
was trained for lymph node lesions based on
manual annotations from a reader. Segmentation
and annotation from the Al model were compared
with 2 experienced readers and showed compara-
ble sensitivity while overestimating the number of
lymph node lesions. The number of detected
lymph node lesions was related significantly to
overall prostate cancer-specific survival. This
retrospective study demonstrated that it is
possible to use Al not only for the evaluation of
objective PET imaging metrics, but also for prog-
nosis estimation. In a study by Hartenstein and
colleagues, CNNs were trained to determine
68Ga-PSMA-PET/CT-lymph node status from CT
images in 549 patients with a total of 2616 lymph
nodes. ®8Ga-PSMA-PET was used as a reference
and CNNs performed with AUC of 0.95 (nodal sta-
tus based) and 0.86 (location based), whereas the
AUC of experienced radiologists was 0.8.'” This
showed the Al performance in predicting lymph
node metastasis on CT images was comparable
to expert radiologists.

Detection and segmentation of individual meta-
static lesions in $8Ga-PSMA PET/CT images using
DL were also recently proposed by Zhao and col-
leagues.'® The group trained a CNN to detect le-
sions in the axial, coronal, and sagittal planes of
the pelvic area. The data from 193 patients were
combined from 3 different centers. The authors
report 99% precision and 99% recall in bone
lesion detection, and 94% precision and 89%
recall in lymph node lesion detection.

In another study, Lee and colleagues aimed to
evaluate the performance of DL classifiers in
discriminating normal and abnormal '8F-FACBC
(fluciclovine) PET scans based on the presence
of tumor recurrence and/or metastases in patients
with prostate cancer. The study included 251 pa-
tients and CNN models were trained using 2
different architectures, a 2D-CNN (ResNet-50) us-
ing single slices (slice-based approach) and the
same 2D-CNN and a 3D-CNN (ResNet-14) using
a hundred slices per PET image taken from the
pelvic region (case-based approach). For the 2D-
CNN slice-based approach, sensitivity and speci-
ficity were 90.7% and 95.1%, and AUC was 0.971.
For the case-based approaches using both 2D-
CNN and 3D-CNN architectures, sensitivity, spec-
ificity, and AUC were 85.7%, 71.4%, and 0.75%
and 71.4%, 71.4%, and 0.699, respectively.'®
These studies indicate that Al can assist in
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identifying abnormal uptake based on tumor pres-
ence or recurrence in PET images of prostate
cancer.

Most of the published works on lesion detection
in PSMA-PET images have leveraged supervised
machine learning methods. However, the collec-
tion of training data, that is, manual delineation of
primary lesions and metastases, is a difficult and
time-consuming process. Moreover, as metasta-
ses can occur in semirandom locations, large
quantities of lesion segmentations may be
required. This problem may be alleviated by using
unsupervised and self-supervised learning tech-
niques, whereby no manually annotated training
data are required. It was recently demonstrated
that lesion detectability can be enhanced by
training a CNN to generate a lesion-free (healthy)
PET image, in a self-supervised manner.2%21
More specifically, the CNN was trained to predict
a full-resolution PET image from a pair of CT and
highly blurred PET image (this is unsupervised
learning in the sense that no tumors were manually
segmented for the training of the network, and
manual segmentations were only used for the
evaluation of the network); in the predicted image,
the healthy tracer uptake patterns are reproduced
accurately, whereas the lesions are missing
(Fig. 1A). In the difference (original-predicted) im-
ages, lesions then become more prominent
(Fig. 1B): background noise (measured as spatial
standard deviation) around lesion was reduced
on average by 40.3% (median: 47.1%) than orig-
inal images, and lesion-contrast to-background-
noise ratio increased on average by 79.0% (me-
dian 47.9%). These initial findings demonstrate
the promise of unsupervised machine learning
techniques in prostate cancer lesion detection
(see Fig. 1).

In addition to classic PET features and radio-
mics, other features such as bone scan index
(BSI) and changes in bone scan index (ABSI) can
be potentially strong quantitative biomarkers for
metastatic prostate cancer prognosis.??> BSI,
defined as the percentage of bone weight affected
by tumor to the entire skeleton mass, can act as a
quantifiable measure of metastatic disease burden
or treatment effects. BSI calculation depends on
accurate bone segmentation, and the current
standard of BSI calculation is based on the 2D pro-
jection of skeletal images. Lindgren and col-
leagues® explored a CNN-based 3D bone
segmentation method for bone volume calculation
in PET/CT scans to increase the speed of BSI
calculation. The CT portion was used for anatomic
bone segmentation, whereas PET tracers were
used to detect tumor activity in segmented bone.
The CNN segmentation method focused on 49

bone regions including rib cage, spine, and pelvis.
The presented methodology focused on the seg-
mentation speed and serves as the very first step
in the creation of an automated PET/CT-based
method for quantifying skeletal tumor burden.
The dice similarity coefficient for CNN based
versus manual segmentations ranged between
0.83 and 0.88. Although the initial results are prom-
ising, more work is needed to include all skeletal
bones and a larger patient cohort to improve BSI
calculation accuracy.

Artificial Intelligence-Based Clinical and
Research Tools in Current Use

For Al-related clinical research, manual annota-
tions and data preparation can be very time-
consuming and remain to be a bottleneck in the
research workflow. Hence, there is an incentive
to develop tools that simplify and speed up the
processing of PET/CT images. Tragardh and col-
leagues®® proposed a cloud-based platform,
RECOMIA (Research Consortium for Medical Im-
age Analysis), that provided Al research function-
alities including deidentification, web-based
image viewing and tools, manual annotation, and
Al-based tools for quantification and segmenta-
tion. The platform has been used in several Al
research papers in PET/CT for prostate cancer
due to its ability to perform multi-organ segmenta-
tion and compute PET metrics.”°

Quantifying the PSMA tracer uptake in healthy
organs can be used to estimate the radiation
burden in targeted radionuclide therapy for pros-
tate cancer, and to optimize the drug dose and
effectiveness on a personalized level. Indeed, sig-
nificant correlations were found between prether-
apy PSMA-PET standardized uptake values
(SUVs) in healthy organs and absorbed dose dur-
ing therapy.?* However, manual segmentation of
organs is very labor-intensive, subject to operator
variability, and often not feasible in the clinic or
large research ftrials. Recently, the feasibility of
fully automated, high-quality segmentation of 14
organs with high ['8F]DCFPyL uptake was demon-
strated using a multi-target neural network.?® An
example is shown in Fig. 2. The overall measured
Dice coefficient between manual and automatic
segmentation was 0.8 or above for all organs.
This demonstrates that Al algorithms can produce
high-quality organ segmentations without human
intervention, and potentially lead to a wide clinical
adoption of personalized and precise dosimetry in
prostate cancer treatment. In fact, there is
increasing evidence that Al-based frameworks,
due to their higher repeatability (than humans),
once trained sufficiently, can point out
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Fig. 1. (A) Examples of original and neural-net predicted ['8F]DCFPyL PSMA-PET images for a subject with meta-
static prostate cancer (using unsupervised learning). The cancer lesions are not reproduced in the predicted im-
age (red arrow), and lacrimal glands and other organ shapes are accurately reproduced. (B) Examples of original,
neural-net predicted, and difference images of a single slice. The lesion (indicated by arrow) becomes pro-

nounced in the difference image.

inconsistencies in manual ‘reference truth’ delin-
eations, and further improve on those.?%:2”

For PET/MR scans, accurate attenuation and
scatter correction can be a challenge to accurately
estimate tumor uptakes. For prostate cancer PET/
MR, the complex pelvic bone structure presents a
unique problem in calculating attenuation maps.
Pozaruk and colleagues®® developed a DL model,
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Fig. 2. Example of multiple organ segmentations in a ['®F]DCFPyL PSMA-PET image. Image in the middle repre-

Manual segmentation

Voxel index

based on the generative-adversarial network
(GAN), to calculate PET attenuation and scatter
maps (u1-map) in %8Ga-PSMA PET/MR scans.
PET/CT and PET/MR images of the same subjects
were taken, CT and MR-Dixon images were core-
gistered, and normalized MR images and p-map
from CT were used to train the GAN model to es-
timate p-map for PET/MR. The result was

Automatic segmentation

Voxel index

o

100 150 0 50 100 150
Voxel index

sents manual organ delineations, and image on the right represents segmentations generated automatically by a

neural network.
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compared with atlas-based PET/MR p-map, and it
was observed to have lower overall relative errors.
This Al method to automated PET attenuation
correction has the potential to aid in other quanti-
tative PET research in predicting outcome and
classification.

SUMMARY

PET imaging of primary and metastatic prostate
cancer holds significant potential for quantitative
biomarker discovery and treatment planning. Al-
based image analysis techniques can accelerate
biomarker research, but also contribute to the clin-
ical adoption of PET/CT in prostate cancer man-
agement. At present, there is only a limited
number of applications of Al in PET imaging of
prostate cancer, and most of the proposed
methods are not aimed at clinical adoption. How-
ever, this is expected to change, as novel
prostate-targeting tracers are developed, and
data for training Al models become more readily
available. Clinical patient care will benefit from
these research outcomes in the future.

CLINICS CARE POINTS

e PET imaging has significant benefits for clin-
ical prostate -cancer management.

e PET imaging offers important opportunities
for quantitative imaging biomarkers for diag-
nosis and prognosis estimation.

e Al has the potential to accelerate and to
further expand PET based imaging biomarker
research.
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