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Abstract
Purpose This study proposes an automated prostate cancer (PC) lesion characterizationmethod based on the deep neural network
to determine tumor burden on 68Ga-PSMA-11 PET/CT to potentially facilitate the optimization of PSMA-directed radionuclide
therapy.
Methods We collected 68Ga-PSMA-11 PET/CT images from 193 patients with metastatic PC at three medical centers. For proof-
of-concept, we focused on the detection of pelvis bone and lymph node lesions. A deep neural network (triple-combining 2.5D
U-Net) was developed for the automated characterization of these lesions. The proposed method simultaneously extracts features
from axial, coronal, and sagittal planes, which mimics the workflow of physicians and reduces computational and memory
requirements.
Results Among all the labeled lesions, the network achieved 99% precision, 99% recall, and an F1 score of 99% on bone lesion
detection and 94%, precision 89% recall, and an F1 score of 92% on lymph node lesion detection. The segmentation accuracy is
lower than the detection. The performance of the network was correlated with the amount of training data.
Conclusion We developed a deep neural network to characterize automatically the PC lesions on 68Ga-PSMA-11 PET/CT. The
preliminary test within the pelvic area confirms the potential of deep learning methods. Increasing the amount of training data
should further enhance the performance of the proposed method and may ultimately allow whole-body assessments.
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Introduction

Prostate cancer (PC) is one of the most common cancers
worldwide [1] and has become the third most frequent cause
of cancer-related mortality among men in developed countries
[2]. By introducing serum PSA-levels as a screening tool, PC
is usually diagnosed in the early stage, with a 5-year survival
rate of almost 100% for local disease. If not detected and
treated at stage 1, when the cancer is confined to the prostate
gland, malignant tumor cells may spread to other regions by
invading the hematic and lymphatic systems, whereupon the
5-year survival rate declines to 29% for metastatic PC [3, 4].
Chemotherapy imparts some increase in survival in patients
with treat advanced metastatic PC, but current treatments are
not curative [5, 6].

Prostate specific-membrane antigen (PSMA) is a type II
transmembrane glycoprotein, which is constitutively
expressed by normal prostate cells and significantly upregu-
lated in prostate cancer cells [2]. Internalization of PSMA can
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concentrate bound ligands within the cancer cell, thus present-
ing a mechanism for targeted radiotherapy. Indeed, PSMA has
emerged as a major target for the theranostic approach [7]. In
various studies, diagnostic positron emission tomography
(PET) imaging with the PSMA ligand 68Ga-PSMA-11 is
followed by treatment with 131I, 177Lu, 213Bi, and 225Ac la-
beled PSMA-ligands for therapy in PC [8–12]. The efficacy of
177Lu-PSMA-617 has been recently validated in a phase II
clinical trial [13].

Despite the encouraging early results for PSMA-targeted
radioligand therapy (RLT), treatment planning of this novel
therapy is very challenging compared with planning for con-
ventional external beam radiotherapy, due to abundance and
systemic spread of the lesions. Indeed, RLT proved to be sub-
optimal for 30% of a group treated PC patients [14].
Therefore, there is a need for improved treatment planning
to optimize the RLT outcome. A critical step for treatment
planning is to assess with some accuracy the tumor burden,
which necessarily entails detection and segmentation of the
lesions to diagnostic PET. Usually, patients who undergo
PSMA-targeted RLT have a high number of metastases.
Therefore, time-consuming manual segmentation methods
are impractical in routine practice. A first approach towards
a semiautomatic segmentation method was developed to char-
acterize the tumor burden of bone metastases, namely the
bone-PET-index (BPI), on 68Ga-PSMA-11 PET/CT images.
This procedure informed the planning of 223Ra-dichloride
therapy by segmentation of osseous lesions using an SUV-
based threshold on the PET image, with masking of the skel-
eton based on the CT images [15]. However, this method does
not generalize to other types of lesions such as lymph node
metastases, where prior anatomical information is more diffi-
cult to obtain. Indeed, it is extremely challenging to segment a
high number of PSMA-positive lesions of heterogeneous size
and tracer uptake, with distribution in a variety of anatomical
contexts with different background activity. Until now, there
are no successful computer-aided methods to evaluate tumor
load for the treatment planning of PSMA-targeted RLT.

Deep learning has demonstrated its superiority in exceed-
ing the human capacity for processing certain kinds of data
and has outperformed conventional machine learningmethods
in many applications such as image recognition and robotics
[16]. Unlike conventional imaging processing methods,
which usually rely on features specified a prior by experts,
convolutional neural networks (CNNs) have the advantage
of being able to learn automatically and effectively the salient
feature representations [17–19]. Initial applications of deep
classification networks for image segmentation made use of
sliding patches [20], which leads to redundant computations
and long inference times. The fully convolutional network
(FCN) [21] was later developed in the context of speech rec-
ognition to realize semantic segmentation using fully
convolutional layers, deconvolution layers, and skip

architecture. FCN-like networks were then applied to medical
image segmentation, the proposed U-Net [22] obtained per-
formance in neuronal structure and cell segmentation that
matched conventional methods. Increasing numbers of FCN-
based methods have been proposed, and some have gained
significant success in different medical image segmentation
problems [23–26]. For example, the two cascaded FCN, i.e.,
W-Net, has been applied to PET/CT images with 68Ga-
Pentixafor for automatic detection and segmentation of multi-
ple myeloma lesions in bone [27]. However, this approach is
still restricted to the characterization of relatively unchalleng-
ing bone lesions.

In this pilot study, we developed a triple-combining 2.5D
U-Net to automatically detect and segment local prostate tu-
mors, bone lesions, and lymph node metastasis. For the proof-
of-concept, this work focuses on the detection and segmenta-
tion of lesions in the pelvic area. We tested the deep learning
method that was tested on a dataset of PSMA PET-CT scans
collected from three different centers.

Material and methods

Patient and imaging

This pilot study included a dataset of 193 patients (mean age
69.6 ± 7.9 years, range 50–85 years) with metastatic
castration-resistant prostate cancer (mCRPC), who were ex-
amined at three university medical centers, i.e., Technical
University of Munich (TUM; 44 Patients), University of
Munich (48 Patients), and University of Bern (101 Patients).
The study was performed in accordance with the requirements
of local research committees and ethical guidelines. A quality
control of the consistency of the protocol at each site prior to
the study revealed no sign of bias between centers. All patients
underwent PSMA PET/CT imaging from the head to the thigh
approximately 60 min after intravenous injection of 68Ga-
PSMA-11. A low-dose CT was obtained for attenuation cor-
rection. PET emission data were acquired using a 3D model,
followed by decay and scatter correction, and was iteratively
reconstructed with attenuation correction. The PET images
were intensity normalized for injected activity and body
weight to standard uptake values (SUVs). For proof of con-
cept, we restricted the focus of this study to the pelvic region.
Nuclear medicine physicians (one from TUM and one from
the University of Bern) manually delineated all the discernible
lesions within the PET/CT scans of the pelvic region, with
refinement and concordance of results by both physicians. A
total of 1003 bone lesions, 626 lymph node lesions, and 127
local lesions were annotated in the entire group of 193
patients.

Figure 1 illustrates the typical examples of the PET/CT
images from patients with different types of PC lesions
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including local, bone metastasis, and lymph node metastasis.
In the dataset from 193 patients, 89 patients have primary PC
and locally recurrent tumor (Fig. 1a). Most patients underwent
prostatectomy, which may have recurrence of lymph node or
bone metastases despite curative surgical treatment of the pri-
mary disease (Fig. 1b); 38 patients (out of complete set) had
all three types of lesions mentioned above (Fig. 1c). Given this
heterogeneity, it is necessary to detect and evaluate a wide
range of lesion types, which is a challenging task for several
reasons. First, the low contrast of the local tumor against a
background of healthy prostate tissue impairs the detection
of the local tumor. Second, the unexpected occurrence of
lymph node or bone lesions anywhere in the body with large
heterogeneities in shape, size, and tracer uptake intensity
make their detection more difficult. Finally, compared with
the background, the lesions usually occupy a small fraction
of the image volume, which leads to segmentation difficulties
arising from this imbalance.

Deep learning method

We develop a triple-combining 2.5D U-Net (Convolutional
Neural Network) to mimic the workflow of physicians for
characterizing PC lesions. The 2.5D Convolutional Neural
Network (2.5D CNN) is an alternative end-to-end learning
approach to reduce the computational cost in the 3D image

learning tasks [28]. This structure of 2.5D CNN is similar to
the conventional 2D CNN. However, the 2.5D CNN takes
three neighboring slices as the input to predict the result of
the middle slices, which makes the network able to learn the
information of the third dimension (context information be-
tween slices) from the channels. The employed triple-
combining 2.5D U-Net in this work further enhances the abil-
ity to learn 3D context information. It works by extracting
salient features in PET and CT scans simultaneously from
the axial, coronal, and sagittal planes simultaneously and then
combining the obtained information to detect and segment
lesions automatically. As shown in Fig. 2, the proposed frame-
work consists of an information-extraction component and a
fusion component. The information-extraction component in-
cludes three 2.5D U-Net [22, 29] networks, which are de-
signed for extracting features from three different planes, re-
spectively. The fusion component then synthesizes all infor-
mation to predict the final characterization result by majority
voting strategy. The architecture of each U-Net employed in
this study is also illustrated in Fig. 2. It comprises a down-
sampling path including three repeated encoder stacks and an
up-sampling path including three repeated decoder stacks.
The down-sampling path aggregates increasingly abstract in-
formation and the up-sampling path then recombines this in-
formation with shallower features to localize precisely the
structures of interest. The skip-connection (concatenation

Fig. 1 Representative examples for recurrent PC patients with lesions in
the residual prostate, bone, and lymph node (coronal plane). The left-hand
column shows CT slices, the middle column shows PET slices, the right-
hand column shows fused PET/CT scan. The top row a presents a patient

with prostate and local tumour. The middle row b depicts a patient with-
out local tumour, but numerous lymph node lesions. The bottom row c
shows a patient with all three types of lesions
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operation) between each decoder-encoder pair brings the fea-
tures with higher spatial resolution from shallow layers of the
encoder part directly to the layers of the decoder part for de-
tection and segmentation. In the U-Net architecture, the num-
ber of down-sampling stages is an important factor influenc-
ing the performance. On the one hand, if the network has too
many down-sampling layers, the information about small ob-
jects may disappear after passing one of the deeper down-
sampling layers. On the other hand, an appropriate number
of down-sampling stages correspond to a large valid receptive
field, which helps the network capture more contextual infor-
mation. In this work, we utilize four down-sampling processes
to find a balance between the spatial resolution and feature
representations.

In each encoder stack, there are two 3 × 3 convolu-
tions and a 2 × 2 max pooling operation with stride 2
for down-sampling, where each convolution is followed
by a rectified linear unit (ReLU) (as the activation func-
tion) and batch normalization [30]. Each decoder stack
consists of a transposed convolution with kernel size 2
× 2 and a stride of 2, a concatenation operation, and
two 3 × 3 convolutions with ReLU and batch normali-
zation. The transposed convolution is utilized for up-
sampling. With the concatenation operations, feature
maps from the encoder stack are fused into the corre-
sponding decoder stack. At the last layer, the sigmoid

activation is employed to map obtained features to the
segmentation probability map.

Loss function

One challenge in medical image segmentation arises from
class imbalance in the data. In the present data set, PC lesions,
although sometimes numerous, occupy only a small part of
the image volume. This class-imbalance between healthy and
lesion tissue will result in sub-optimal segmentation perfor-
mance when using the conventional categorical cross-entropy
loss. The Dice similarity coefficient (DSC) is a typical criteri-
on used to evaluate the accuracy of anatomic segmentation
[31]. The Dice loss function is a modification of the DSC first
proposed to tackle the class-imbalance issue [32], and subse-
quently applied in variants forms for diverse medical image
segmentation tasks [21, 33, 34]. Since Dice loss has proved to
be well adapted to accommodate the high imbalance problem,
we chose in this work to use a multiclass Dice loss function
[35] to tackle this issue. Assuming p is the output of the net-
work, and g is the encoding of the ground truth segmentation
map, the multiclass Dice loss is defined as:

Ldc ¼ −
2

jKj ∑
k∈K

∑
i
pki g

k
i

∑
i
pki ∑

i
gki

ð1Þ

Fig. 2 The architecture of the proposed framework, which consists of an
information-extraction component and a fusion component. The
information-extraction component includes three 2.5D U-Nets, which
are designed for extracting features from three different plans, respective-
ly. The fusion component then synthesizes all information to predict the

final characterization result by a majority voting strategy. This figure also
presents the U-Net architecture. Different arrows denote specific opera-
tions in the architecture. The multi-channel feature maps are shown in
blue and the copied feature maps are shown in write. The digit above the
feature maps denotes the number of channels.
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where, p and g have shape I ×K with i∈I being the number
of pixels in the training patch and k ∈K being the classes. The
term |K| denotes the number of elements in one set.

Lesion detection based on the segmentation result

During staging and re-staging of PC, it is of great importance
to know the location of all tumor lesions. Our proposed lesion
detection approach is based on the segmentation result obtain-
ed by a deep learning network. In contrast to detection task
conventionally used in the computer vision community, which
has a regular bounding box or sphere as the ground truth, we
use the manually annotated lesion areas as the ground truth,
which is geometrically more irregular but anatomically more
accurate. In this work, we assume that the lesion is a topolog-
ically connected volume, such that non-contiguous volumes
qualify as separate lesions. During lesion detection, all contig-
uous voxel clusters designated as different types of lesion
(bone, lymph node, or local lesion) are recognized after re-
ceiving the segmentation result of the deep neural network.
We then filter out contiguous structures of volume less than a
cutoff threshold (TV = 25 mm3), to avoid possible false posi-
tive predictions caused by noise.

Furthermore, we evaluated the lesion detection accuracy
based on the overlap between a predicted lesion and ground
truth. A lesion was considered to be correctly detected when-
ever the overlap ratio exceeded a threshold (TE = 10%), in
consideration of the likely scale of misregistration between
PET and CT images. We selected this threshold setting by
comparing the detection performance with various other
thresholds (i.e., 20%, 30%), noting that the current threshold
leads to the best detection accuracy, which remained relatively
stable at the changes (see supplemental Fig. 2). We then cal-
culated the magnitudes of the indices of detection accuracy
known as precision (positive predictive value), recall (sensi-
tivity), and F1-score (harmonic mean of precision and recall).
The segmentation performance was evaluated using dice sim-
ilarity coefficient, positive predictive value, and the
specificity.

Experimental setup and parameter selection

The dataset consisting of PET-CT scans from 193 PC patients
was randomly divided into a training set from 130 patients and
a test set from 63 patients, thus about 30% of the entire dataset
(Each patient has one PET image and one CT image). The test
set was exclusively reserved for independent validation of the
developed method and was constructed to include nearly
equal proportions of patients from the three research sites,
i.e., 15 patients from Technical University ofMunich, 16 from
University of Munich, and 32 from the University of Bern.
During the training of the network using data from the 130

patients, we employed fivefold cross validation [36] on the
training set to optimize the hyperparameters of the network
and to test for influences of random differences in the training
dataset composition on the network performance.

Each PET image was co-registered to its corresponding CT,
and all the imaging data of the three centers were resampled to
the same pixel size 1 × 1 × 1 mm3 using b-spline interpolation,
to accommodate slight differences instrumentation. Z-score
normalization (standardizations) of CT Hounsfield units of
CTand PET tracer uptake applied to both PETand CT images.
The network takes three neighboring slices as the input. Each
input slice consists of one corresponding PET slice and one
CT slice as two channels. The details of the input strategy are
illustrated in Fig. 2. The ADAM optimizer [37] was used
during training with an initial learning rate lrinit = 10−2. The
learning rate was reduced by a factor of two upon stagnation
of the learning. To regularize the network, we utilized the early
stopping strategy with the patience of 20, which is a criterion
often employed to detect the convergence of training and
thereby avoiding overfitting [38]. The term “patience” refers
to the number of epochs to wait before early stop when there is
no progress in the validation set [38]. The fully convolutional
nature of our network allows the processing of arbitrarily sized
inputs. Therefore, we segment the entire target region for each
patient during the test phase.

Results

Detection accuracy

After obtaining optimized hyperparameters of the proposed
network from the abovementioned cross-validation strategy,
we then utilized the entire training dataset of images from 130
patients to train the network to calculate the optimized weights
of each network layer. The detection results of all the annotat-
ed lesions of the reserved test set from 63 patients for the three
types of PC lesions are listed in Table 1. The developed meth-
od achieved more than 99% accuracy for precision, recall and
F1-score in the detection of bone lesions, versus more than
90% for lymph node lesions. The detection accuracy of local
lesions remained relatively low (< 80%).

Table 1 Detection accuracy of the proposed network for three different
kinds of prostate cancer lesions. The accuracy of each type of lesion is
calculated for all the annotated lesions

Bone lesion Lymph node lesion Local lesion

Precision 0.99 0.94 0.79

Recall 0.99 0.90 0.61

F1 score 0.99 0.92 0.69
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In order to investigate the influence of the different training
data on the performance, we evaluated the performance of the
trained models obtained during the cross-validation phase on
the reserved test dataset. These models were trained on differ-
ent subsets of the entire training dataset (in the cross-
validation procedure, one fold is selected as the validation
set each time and the remaining four folds are for training).
Supplemental Fig. 1 demonstrates the influence of the training
data set composition on the detection accuracy by illustrating
the detection results of different trained models of each fold
(called fivefold cross test for the convenience of following
description). There was some variation between different folds
in the detection accuracy for both bone and lymph node le-
sions; for bone lesions, the developed method achieved more
than 95% detection accuracy (precision, recall, and F1-score)
in four different folds, where fold 1 had a precision of 71.7%
and F1-score of 83.5%. For the detection of lymph node le-
sions, four folds had a detection accuracy around 90%, with
fold 3 having slightly worse performance of 78.8% precision
and 83.5% F1-score.

We further compared the detection results on the reserved
test dataset for the model trained with the entire training data
(denoted as the fully trained model) and the best performing
model arising from the fivefold cross-test phase (denoted as
cross-best model) in Fig. 3. The fully trained model achieved
better precision, recall, and F1-score in the detection of bone
lesions, and better precision but worse recall than the cross-
best model for lymph node lesions.

Segmentation accuracy

The segmentation accuracy of the developed approach on the
68Ga-PSMA-11 PET/CT dataset are presented in Fig. 4. The
deep learning method achieved average DSCs of 64.5% for
bone lesions and 54.4% for lymph node lesions. The positive
predictive value (PPV) was 79.9% and the specificity 60.6%

for the segmentation of bone lesions, versus 66.9% and 55.2%
for lymph node lesions.

Figure 4 also shows the comparison of segmentation accu-
racy when deep learning was applied on combined PET/CT
and PET or CT data alone. The segmentation accuracy learn-
ing with only the CT modality was less than 10% for bone
lesions and lymph node lesions. With PET alone, there was a
considerable improvement in the segmentation accuracy
learning, which reached 51.5% (DSC), 61.9% (PPV), and
54.8% (specificity) for bone lesions and 50.3% (DSC),
59.7% (PPV), and 54.5% (specificity) for lymph node lesions.
Learning on combined PET/CT gave much better results, with
DSC and PPVexceeding than the sum of individual DSC and
PPV for separate PET and CT modalities.

Figure 5 illustrates an example of the segmentation results
obtained by the developed method for bone and lymph node
lesions, where the true positive, false positive, and false neg-
ative are marked with different colors. Typically, false nega-
tives occurred with small lesions, insufficient contrast com-
pared with background. False positives occurred in relation to
signal intensity, with misattribution of regions of high non-
specific tracer uptake.

Discussion

Clinical research findings show that PC tumor burden and
corresponding therapeutic radioligand dose received by the
tumor correlate with the treatment response of PSMA-
directed radioligand therapy [39]. As in the case of external
beam radiation therapies, the identification and characteriza-
tion of target lesions of the treatment is increasingly important
for treatment planning of internal radionuclide therapy.
However, the PSMA radionuclide therapy is typically re-
served for patients with multiple or disseminated metastases.
In such cases, it can be impractical to delineate manually all

Fig. 3 Comparison of the
detection performance between
the cross-best (best performing
model arising from the fivefold
cross-test phase) model and fully-
trained model (model trained with
the entire training data). a Bone
lesions, b lymph node lesion
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lesions present, which may take many hours of expert atten-
tion for a subject. Therefore, the automation of lesion detec-
tion and segmentation has the potential to assist profoundly in
the treatment planning (and response monitoring) of radionu-
clide therapy. In this study, we developed a triple-combining
2.5D U-Net method for automatic detection and segmentation
of PC lesions on 68Ga-PSMA-11 PET/CT images.

Although deep learning has demonstrated its advantages in
many applications for image analysis, the amount and vari-
ability of the training data plays a critical role in the proce-
dure’s performance. The variation we saw in lesion detection
accuracy for the cross-fold test shows how distinctly the se-
lection of training data can influence the performance of the
deep learning network. Specifically, there was a fold for bone

Fig. 5 Examples of the segmentation results of the proposed triple-
combining 2.5D U-Net for the bone and lymph node lesions. The first
row shows the fused PET/CT slices, the second row and the third row

show the detection result of the proposed network (bone lesion and lymph
node lesion respectively). Axial, sagittal, and coronal views were illus-
trated from left to right
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lesion and lymph node lesion detection, which had discernibly
worse performance in the cross-fold test. This phenomenon
could relate to the scale and composition of the training set,
which may have been insufficient to give a stable solution to
the deep learning training. Alternately, small site differences
in instrumentation or imaging protocol may have introduced
heterogeneity into the data, resulting in sensitivity to the
training-set composition. Furthermore, lesions are not homo-
geneously distributed across patients; some may have an
abundance of bone and lymph node lesions, whereas other
may have only isolated lesions of one type. This could result
in unbalanced division for the cross-fold test, leading to re-
duced performance. Nevertheless, our entire cohort of 193
cases was sufficiently large to support accurate detection of
bone and lymph node lesions. Therefore, the training and test
sets were adequate to achieve relatively good results for the
development and validation.

Currently, the accuracy of detection and segmentation is
distinctly more challenging for local (recurrent) lesions than
for bone and lymph node metastases. This accuracy difference
is consistent with the different numbers of the lesions in the
dataset, which confirms that the amount of data plays a critical
role in the accuracy. Furthermore, there was relatively greater
heterogeneity for the size and intensity of tracer uptake in the
local lesions, and most had no discernible local lesions, as
expected after surgical resection. As such, present results most
likely do not yet depict the full capability of deep learning
methods in the detection and segmentation of local lesions.

Our results also demonstrated that the segmentation accu-
racy when trained with PET alone is much superior to that
with CT alone, whereas having the combination of PET and
CT modalities had a super-additive effect on the accuracy
attained. This is consistent with the superior performance of
PSMA PET/CT in the detection and characterization of bone
and lymph node metastasis in mCRPC patients by manual
interpretation of the fusion images [8]. Inclusion of CT brings
additional anatomical information, which evidently assists the
deep learning algorithm better to identify the lesions.

We included PSMA PET/CT data from three centers to
assemble a large dataset and to test the robustness of the deep
learning methods to small local differences in protocol.
Theoretically, deep learning models are able learn a hierarchy
of features that can distinguish low-level domain-specific fea-
tures of the scanner and imaging protocols from high-level
object-specific features of the patient [40]. Therefore, deep
learning is more flexible and robust to cross-domain differ-
ences such as might arise from slightly different scanners or
protocols. Despite possible sources of variability between cen-
ters, the admixture of data from three centers could still sup-
port network training with admirable certain accuracy, which
confirms the method`s relative robustness compared with con-
ventional machine learning approaches. The collaboration of
three centers in this development enhances the potential of the

algorithm to be applied to other centers and to accelerate its
clinical translation. Each of the participating centers possesses
a relatively large database of PSMA PET/CT images. The
possibility of compiling retrospective data from different cen-
ters enhances the potential of further development of the deep
learning methods with very large data sets containing thou-
sands of cases, which can further increase the performance.
However, the annotation of the data remains a logistic bottle-
neck for the compilation of very large databases. There is at
present no substitute for manual labeling. However, there
might be scope for improving the efficiency and interoperator
reliability of data annotation, perhaps by an iterative process
with an initial automatic processing followed by manual
editing of the annotation.

Compared with the lesion detection accuracy, the segmen-
tation accuracy of our methods remained relatively low, in
particular for lymph node metastases and local tumors. This
could be due to several reasons: (1) an inadequately sized
training set, which limits the potential of the network; (2)
mixture of local lesions that are primary PC and local recurrent
tumors after prostatectomy, which have differing contrast
against background; (3) The large variability of number, size,
shape, and uptake intensity of the lymph node metastases. On
the other hand, we used the manual delineation as the refer-
ence standard to calculate the Dice similarity coefficients, de-
spite the known propensity for interobserver differences in
delineation [41]. We also note that, due to partial volume
effects, the visible lesion boundaries may deviate from the
location of pathological abnormalities. Therefore, manual seg-
mentation cannot be a perfect ground truth in the estimation of
segmentation accuracy. Theoretically, only pathological
boundaries can be considered as ground truth, which is missed
in this study. 3D pathology distribution of the prostatectomy
specimen and fusion with preoperative PET/CT using an ad-
vanced co-registration algorithm can be used to determine the
ground-truth boundary for primary lesions [42]. However, it is
very difficult to obtain the histopathological boundary of met-
astatic lesions, which are the main focus of the current treat-
ment of radionuclide therapy. Specific resection, pathology,
and co-registration algorithm should be further developed.
Since it is basically impossible to obtain the pathology for
all the lesions, alternatives, according to the crowd-sourcing
theory of deep learning such as training with a large data set
with manual annotations by a large number of diverse experts
may assemble the knowledge and converge the segmentation
to the underlying pathology [43].

The physicians, who helped to analyze the data of our
study, are well experienced and familiar with possible pearls
and pitfalls of PSMA-imaging. This includes ganglia as well
as inflammatory processes within the prostate or in lymph
nodes. Although recently, a magnitude of PSMA-positive le-
sions of non-prostatic origin were published (almost all of
them as case reports), it must be stated that these entities
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represent exceptions and come up with a very low number
compared with the probable thousands of true-positive lesions
detected every day worldwide. In addition, the PSMA-
positive lesions of non-prostatic origin usually present with
as significantly lower tracer uptake compared with prostate
cancer lesions. This statement is also valid for inflammatory
lymph nodes [44]. In addition, we notice the multitude of
studies confirming the excellent specificity (95–97%) of
68Ga-PSMA-11 [45–51].

We chose to confine our proof-of-concept study to the pel-
vic area, but it shall be necessary eventually to extend the PC
lesion detection and segmentation to the whole body. We do
not expect that the data assembled thus far is sufficient to
support training the network for a whole-body search. This
preliminary test has already demonstrated the capability of
the proposed network in lesion detection, and we are enlarging
the dataset. The dataset will include more than 1000 cases,
which should be adaptable to train our model for whole-
body lesion detection and segmentation (we conducted a sur-
vey and found that deep learning methods have achieved de-
cent performance in different medical image segmentation
tasks with training datasets including around 1000 samples
or, in most cases, less than this number [52–58].).
Furthermore, we will also collect and analyze the histological
data to make the study more comprehensive. A possible di-
rection for further methodological development is to employ a
region proposal network (like R-CNN) for initial localization,
followed by application of a segmentation-specific network,
which might improve the currently inadequate performance
for assessing local lesions. In addition, using the generative
adversarial network to generate more useful training samples
or applying the semi-supervised concept in the network could
alleviate some issues arising from insufficient training data.
Assembling several different networks also has the potential
to enhance further the detection and segmentation accuracy.
Finally, while our procedure gives a considerable degree of
accuracy relative to the ground truth, we have not yet evalu-
ated clinical benefits of automated lesion detection and seg-
mentation for treatment planning. This is the topic of ongoing
research at our sites.

Conclusion

This pilot study explores the capacity of deep learning
methods for lesion detection and segmentation of PC lesions
in 68Ga-PSMA-11 PET/CT scans. The preliminary test con-
fined to the pelvic area confirmed the potential of deep learn-
ingmethods for this task, setting the stage for a more extensive
data collection and annotation. Increasing the amount of train-
ing data should further enhance the performance of the devel-
oped deep learning methods, especially in light of the require-
ment for whole-body assessments.
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