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Deep learning (DL) is a rapidly developing field in machine learning (ML). The
concept of deep learning originates from research on artificial neural networks
and is an upgrade of traditional neural networks. It has achieved great success
in various domains and has shown potential in solving medical problems,
particularly when using medical images. Bladder cancer (BCa) is the tenth
most common cancer in the world. Imaging, as a safe, noninvasive, and
relatively inexpensive technique, is a powerful tool to aid in the diagnosis and
treatment of bladder cancer. In this review, we provide an overview of the latest
progress in the application of deep learning to the imaging assessment of
bladder cancer. First, we review the current deep learning approaches used for
bladder segmentation. We then provide examples of how deep learning helps
in the diagnosis, staging, and treatment management of bladder cancer using
medical images. Finally, we summarize the current limitations of deep learning
and provide suggestions for future improvements.
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Introduction

According to the latest statistics from Global Cancer, bladder cancer (BCa) is the tenth
most common cancer in the world, with approximately 573,000 new cases and 213,000
deaths in 2020 (1). Early diagnosis and treatment are key to reducing morbidity and
mortality associated with BCa (2, 3). In current clinical practice, pathological examination
following transurethral resection of bladder tumor (TURBT) and cystoscopy are the gold
standard for diagnosing BCa (4). However, these methods are expensive and invasive,
making it difficult for many patients to afford them, which may delay diagnosis (5).
Therefore, as a noninvasive and inexpensive method, imaging techniques play an
increasingly important role in the diagnosis of BCa (6). At present, magnetic resonance
imaging (MRI), positron emission tomography (PET), and computed tomography (CT) are
the conventional imaging methods for diagnosis before treatment (7). However, due to the
complex and variable imaging features of BCa, it is difficult for radiologists to make an
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accurate BCa diagnosis based only on their experience. Therefore,
there is an urgent need for better imaging methods to achieve a
noninvasive and accurate diagnosis of BCa.

Deep learning (DL) is a rapidly developing field in machine
learning (ML). Compared with classical ML algorithms, manual
selection of features is not necessarily required in advance in DL. In
contrast, the algorithm can learn the most relevant features for
classification or prediction (8). In addition, it easily takes advantage
of increases in the amount of available computation and data, with
very little engineering by hand. This makes DL particularly useful for
solving complex computational problems involving large-scale image
classification, speech recognition, and many other domains (9, 10).

Medical images contain a vast amount of data with extremely
valuable signals and information, which is far beyond the ability of
human beings to analyze. ML is naturally and rapidly used in this
field because of its unique ability to integrate, analyze, and make
predictions based on large amounts of data (11). As an emerging
technology in recent years, DL has the potential to make better use
of a large amount of data and provide better results (12, 13). In this
review, we describe the research status of DL in the image
segmentation, diagnosis, staging, and treatment response
prediction of BCa (Figure 1). We are the first comprehensive
review to present the current state of research on DL in BCa
imaging. We focus on the purpose, DL methods, advantages, and
limitations of the current research and discuss possible future
directions in the field.

Methods

We conducted a literature search in the PubMed, Web of
Science, and IEEE Xplore databases using the term “Bladder

Deep
Learning
Era

10.3389/fonc.2022.930917

Cancer,” combined with the terms “Deep Learning”, “Diagnostic
Imaging”, and “Medical Imaging”. In order to obtain articles that
met the requirements of this review, we applied the following
eligibility criteria: ® The paper is written in English; @ the paper
is not a review article or editorial; ® the paper is mainly related
to BCa; @ the paper discusses DL; and ® the paper discusses
imaging data. Figure 2 illustrates the process of selecting articles
based on the PRISMA criteria. To conduct our review, we
extracted the names of the papers, authors, year of publication,
DL modules, number of patients included, performance
evaluation parameters, and many other features.

Deep learning in bladder cancer
segmentation

Medical image segmentation plays an important role in
current medical imaging systems (14). In BCa, the accurate
segmentation of normal bladder structures and tumor regions is
an important step in tumor diagnosis and tumor stage
evaluation (15). Figure 3 illustrates the workflow of bladder
cancer image segmentation using deep learning. The deep
learning model is first trained by the training dataset and the
ground truth label. Then the model can automatically analyze
the input validation images and output the corresponding
segmented images of all regions and compare them with
ground truth for verification. However, as a hollow organ, the
bladder undergoes various changes in position, shape, and
volume. In addition, complex noise and artifacts are prevalent
in medical images, which makes segmentation difficult (17-19).
To date, many DL studies have focused only on the
segmentation of the bladder wall (20-24). This is due to the
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FIGURE 2
Summary of study selection process.

high variability in tumor shape and intensity, making it difficult
to distinguish between the bladder wall and a tumor. Therefore,
it is more difficult to obtain accurate segmentation results than
with normal bladder segmentation. In this review, we focus only
on the literature that contains the segmentation of tumor
regions (Table 1).

In 2016, Cha et al. (25) developed a network consisting of
two convolution layers, two locally connected layers, and one
fully connected layer, which is based on the well-known AlexNet
(30) backbone. They then used level sets to perform minor
refinements to the contour to identify the tumor boundary.

**Irrelevant to research question

However, these methods have many limitations, including a
considerably slow process, sensitivity to initialization and image
intensity, and independent pixel prediction. The achieved results
were not significantly improved when compared with manual
segmentation; therefore, they were quickly replaced by fully
convolutional architectures.

U-Net (31) is undoubtedly one of the most successful
methods in the fully convolutional architectures in image
segmentation tasks, serving as the backbone of many new
medical image segmentation methods. In 2018, Dolz et al. (26)
added dilated convolutions to the U-Net model, where the
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An example for bladder cancer image segmentation using deep learning. Image from Ref (16). Copyright © 2020, IEEE.
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TABLE 1 Studies using deep learning approach for bladder cancer segmentation.

Author  Year Modality Number of patients CNN structure Target  Performance
(Train/Val/Test) (validation or
testing dataset)
Cha et al. 2016 CT 62, LOOCV A network contains 2 convolution layers, 2 locally connected Tumor  AVDIST = 4.7mm
(25) layers, and 1 fully connected layer with level sets JACCARD = 36.3%
Dolz et al. 2018 T2W MRI  40/5/15, LOOCV U-Net with progressive dilated convolutional modules, 2D w/ DSC (IW) = 0.9836
(26) ow/ DSC (OW) = 0.8391
Tumor  DSC (Tumor) = 0.6856
ASSD (IW) =
0.3517mm
ASSD (OW) =
0.4299mm
ASSD (Tumor) =
2.8352mm
Liu et al. 2019 T2W MRI  40/-/7, n-fold CV PiPNet (U-Net with progressive dilated convolutional modules oW/ DSC (OW) = 0.8874
(27) and three prediction masks), 2D Tumor  DSC (Tumor) = 0.9543
Hammouda 2019 T2W MRI 20, LOOCV DeepMedic (a dual pathway CNN with a learnable adaptive w/ DSC (IW) = 0.9895
et al. (28) shape prior model), 2D ow/ DSC (OW) = 0.9775
Tumor  DSC (Tumor) = 0.9705
HD (IW) = 0.17mm
HD (OW) = 0.18mm
HD (Tumor) =
0.25mm
Hammouda 2020 T2W MRI 17, LOOCV DeepMedic (two CNN network with a learnable adaptive shape ~ IW/ DSC (IW) = 0.9802
et al. (16) prior model and CRF), 3D ow/ DSC (OW) = 0.9742
Tumor  DSC (Tumor) = 0.9566
HD (IW) = 0.13mm
HD (OW) = 0.19mm
HD (Tumor) =
0.35mm
Yuetal (29) 2022 T2W MRI  220/-/25, CPA-Unet (a Unet for rough segmentation,a path augmentation IW/ DSC (IW) = 0.9819
structure for fine segmentation) ow/ DSC (OW) = 0.8224
Tumor  DSC (Tumor) = 0.8740

AVDST, average distance; JACCARD, Jaccard similarity coefficient; DSC, Dice similarity coefficient; ASSD, average symmetric surface distance; HD, Hausdorff distance; IW, bladder inner

wall; OW, bladder outer wall; LOOCYV, leave-one-out cross-validation.

dilation rate within each module progressively increased. The
dilated convolutions can provide a larger receptive field that can
leverage more contextual information. The increasing dilation
rate allows the use of multi-scale information to better meet the
segmentation requirements for both small and large objects. The
model was trained and evaluated on T2-weighted (T2W) MR
image datasets of 60 BCa patients and compared with the
original U-Net, E-Net (32), and ERF-Net (33). The mean Dice
similarity coefficient (DSC) values of their model were 0.98, 0.84,
and 0.69 for the segmentation of the bladder inner wall, bladder
outer wall, and tumor region, respectively, which were the best
values of all the models trained. In addition, even though U-Net
was improved with progressive dilated convolutional modules to
avoid too much computation, the model’s inference time for the
entire 3D volume is still less than 1 s. In 2019, Liu et al. (27)
proposed a CNN architecture called the Pyramid in Pyramid
Network (PiPNet), which is based on the U-Net model. The
proposed PiPNet consists of a pyramid backbone similar to that
of U-Net and adopts atrous spatial pyramid pooling (ASPP) of
four parallel atrous convolutions with increasing dilation rates.
In addition, the proposed model generates three prediction
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masks for the segmentation in the feature map of the last
three layers to compute an overall loss function to extract
multi-scale features. Depthwise separable convolution was
used to improve the efficiency and performance of the model.
The model was trained and evaluated on T2W MR images of 47
patients with BCa and compared with SegNet (34), U-Net, and
Dolz’s (26) model. The DSC values were 0.89 and 0.95 for the
outer wall and tumor, respectively, which were better than those
of other models. Interestingly, in this study, Dolz et al.’s (26)
model also achieved better results than the original, with DSCs
of 0.86 and 0.92 for the outer wall and tumor, respectively. All
models achieved better segmentation accuracy on tumors than
on the bladder wall, contrary to the findings of Dolz et al. (26).
Therefore, we believe that in the case of less data, different
dataset quality and ground truth annotation methods have a
greater impact on the performance of the trained model. Yu et al.
(29) developed a Cascade Path Augmentation Unet (CPA-Unet)
in 2022. They proposed a two-stage segmentation strategy and a
hybrid loss function to improve the segmentation results. They
first used U-Net for rough segmentation and then used the
segmented image with the original image concatenated as a

frontiersin.org
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sample with two channels and input into the path augmentation
structure (PA-Unet) for fine segmentation. The PA-Unet was
based on the Path Aggregation Network (35), and the hybrid loss
function incorporated the dice and cross-entropy losses, which
can improve the performance (36). The CPA-Unet extracts
multi-scale features more accurately, improves small target
classification, and achieves better segmentation results than the
U-Net, Prog Dilated (26), and PiPNet (27) networks.

These methods based on U-net improve the network
performance through a more elaborate network design.
However, these methods do not take advantage of the unique
characteristics of BCa data and only improve the results by
increasing network’s robustness. The advantages of these
methods include better network characteristics and improved
prediction results, which prove their effectiveness. However, as
these methods are not specific in nature, which is not
fundamentally different from other methods and networks in
medical imaging, they do not make good use of data specificity
when designing methods.

In addition to U-Net, another well-known CNN architecture
for medical image segmentation, DeepMedic (37), has also been
used for BCa segmentation. It can make better use of the
geometric information of the bladder. Hammouda et al. (28)
adopted a dual pathway 2D CNN to segment T2-weighted MRI
images. In addition to inputting MRI image data, they also input
subject-specific shape information that is adaptively built during
segmentation. The adaptive shape prior (ASP) information
comes from the results of co-aligning MRI images and ground
truth images using an Affine transformation followed by a B-
spline based transformation. The use of adaptive shape and
contextual information significantly enhanced the segmentation
performance, with DSC values of 0.99, 0.98 and 0.97 for the
bladder inner wall, outer wall, and tumor, respectively. In 2020,
Hammouda et al. (16) further improved their study. They
extended their work to 3D bladder segmentation using T2W
MRI. The proposed 3D CNN contains two branch networks.
The first network aimed to segment the bladder wall with the
tumor, and the second network only extracted the bladder. They
used a 3D ASP model mixed with the original training data to
feed the second network, and the outputs were refined using a
fully connected conditional random field (CRF). The CRF can
effectively reduce isolated small regions or small holes caused by
local minima during training and noise in the input images. The
performance of the proposed model significantly outperformed
that of U-Net. These methods improved the results because the
novelty of these methods changed from a simple network layer
design to combining geometric information for segmentation.

When comparing the results of the existing segmentation
works, we found that different literature often adopted different
evaluation metrics. Most articles used the popular evaluation
metric in medical image segmentation, the Dice coefficient
(DSQ). It can be computed as follows:
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_2/ANB

DSC
Al +[B

DSC is a metric to assess the similarity between the predicted
area and ground truth area based on the number of pixels of the
overlapping region. A similar evaluation metric to it is the
Jaccard index, which can be defined as:

ANB

ACCARD = ———
JAcC AUB

However, region-based evaluation metrics are not sufficient to
evaluate the segmentation of the bladder wall or to evaluate the
contour consistency between the predicted area and ground truth
area. Therefore, some articles included distance-based evaluation
metrics, such as the average distance (AVDIST), the average
symmetric surface distance (ASSD) and the Hausdorff distance
(HD). AVDIST (25) is the average of the distances between the
closest points of contours A and B and can be calculated as follows:

AVDIST?® (A,B)
1 EMEAlglEigd(a’ b) Ebggrarggld(b, a)
"2 N, i Ny

N, and Nj denote the number of voxels on A and B,
respectively. The function d is the Euclidean distance. The
ASSD is also used to calculate the average distance between 2
contours, which can be defined as follows:

1
ASSD(AB) = 1o

mind(a, b) + mind(b,a
Sucamind(@ ) + 3 cpmind(b, )

The HD is also a commonly used distance-based evaluation
metric that is sensitive to segmentation boundaries. It can be
computed using the following equation:

HD(A, B) = max{x;gj({lgleilrgl{d(a, b)}}7 Izlgg{lunei?{d(a, b)}}}

However, the use of diverse evaluation metrics makes it difficult
to directly compare the performance of different models. In
addition, metrics that are closely related to the clinical application
such as model computation time should also be included. We
believe that the adoption of consistent and comprehensive
evaluation metrics, such as DSC and HD, can help us recognize
the effects of different methods and make reasonable improvements.

In summary, these researches use different deep learning
networks and algorithms to significantly improve the
segmentation accuracy. Before deep learning methods were
widely used, early literature used methods including Markov
Random Fields, region growing, mathematical morphology,
level-set, Chan-Vese model, geodesic active contour (GAC)
and continuous max-flow algorithm for bladder segmentation
(17-19, 38-47). And most of these researches were not able to
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segment tumor regions due to the limitations of algorithm and
dataset size. In the only article that segmented the tumor region
and used JACCARD as an evaluation criterion, they adopted a
level-set-based method on a small dataset of ten patients, and the
JACCARD of tumor regions extracted by it was 86.3% (45). The
best DSC of tumor segmentation among the deep learning
methods, on the other hand, reached 97.05% (28). For the
segmentation of the bladder wall, the best DSC achieved by
the method before deep learning was 87.28% (47). In contrast,
the DSC of bladder wall segmentation of deep learning methods
generally achieves over 90%. Deep learning methods have
different innovations and produce satisfactory results that
beyond traditional methods.

Deep learning in bladder cancer
diagnosis and staging

BCa is divided into non-muscle-invasive bladder cancer
(NMIBC) and muscle-invasive bladder cancer (MIBC)
according to whether the cancer invades the muscle (4).
NMIBC accounts for approximately 75% of BCa cases and
MIBC accounts for approximately 25%. MIBC is associated
with a high degree of malignancy and a poor prognosis. The
5-year survival rate of MIBC patients after radical cystectomy is
approximately 45-68%, whereas the survival time of MIBC
patients with metastases generally does not exceed 2 years
(48). Therefore, early and accurate diagnosis of BCa and
assessment of the tumor stage are crucial for guiding clinical
treatment and evaluating patient prognosis (49, 50).

In the past, the combination of artificial intelligence and
radiomics has replaced traditional methods of manually defining

10.3389/fonc.2022.930917

the region of interest (ROI) and extracting image features and has
achieved good results in the diagnosis and staging of BCa (51).
However, DL can perform the above tasks automatically and
achieve better results (Table 2). Yang et al. (52) proposed a small
DL-CNN containing four convolutional and max-pooling layers to
differentiate NMIBC from MIBC. The small DL-CNN was trained
on their own database of 369 patients. In contrast, they developed
eight well-known models that were pretrained on the ImageNet
dataset. The results show that the possibility of overfitting for the
small-CNN is minimized with a sensitivity of 0.722 and a specificity
of 1.000. This may be because of the relatively low complexity of the
model. Among the eight pretrained DL-CNNs, VGG16, VGG19,
etc. (56) showed high performance, with an AUROC of 0.997-0.762.
In general, DL-CNNs can achieve a favorable performance.
However, in this study, an additional artificial enhancement step
was required before the data were fed into the DL-CNN model
rather than being fully automatic. This prevents the fully automated
processing capability of DL from being fully exploited. Zhang et al.
(53) used CT urography images of 441 patients from two medical
centers to predict the muscular invasiveness of BCa. To date, this is
a rare multicenter study of DL in BCa with a large dataset. The
model is based on a novel 3D DL-CNN, a Filter-guided Pyramid
Network (FGP-Net) (57). Dense blocks were applied to the network
to enhance the transmission of features and alleviate vanishing-
gradient problems, and discriminative filter learning (DFL)
modules were used to enhance the mid-level representation by
learning a bank of convolutional filters that capture class-specific
discriminative patches. The network adopted a 2-channel input,
and the input data consisted of a vertical superposition of the
original and masked tumor regions. They compared the evaluation
results of the model with those of two radiologists. Notably, they
applied an external cohort evaluation to assess performance more

TABLE 2 Studies using deep learning approach for bladder cancer diagnosis and staging.

Author Year Modality Number of patients

(Train/Val/Test)

Performance
(validation or
testing dataset)

CNN structure

Yangetal. 2021 CT
(52) 15%/15%)

Zhang et al. 2021 CT 183/110/73 (internal)/75
(53) (external)

Liu et al. 2022 T2W MRI  51/8/16

(54) module, 2D
TaguChi 2021 T2W MRI 68

et al. (55)

369 patients,1200 images (70%/ A small convolutional network contains four conv_layer
+max_pooling_layer stages/eight pretrained models, 2D

FGP-Net (a novel convolutional network contains Dense Blocks and
DFL modules), 3D

Accuracy (small) = 0.861
AUROC (small) = 0.998
Accuracy (VGG16) =
0.939

AUROC (VGGL16) =
0.997

AUC (internal) = 0.861
Accuracy (internal) =
0.795

AUC (external) = 0.791
Accuracy (external) =
0.747

ResNet18 with the super-resolution module and the Non-local attention ~ Sensitivity = 94.74

The denoising Deep Learning Reconstruction (dDLR) -

AUC, area under curve; Sensitivity=TP/(TP+ FN).
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rigorously (58). Although its final performance is not satisfactory
and needs to be improved, the DL model can obtain slightly better,
more objective, and more stable results compared with the results of
the two radiologists. However, the objective results had another
advantages. Radiologists may subjectively improve tumor staging in
some ambiguous patients because of concerns about the negative
consequences of losing MIBC, which may help in early clinical
intervention. Liu et al. (54) adopted the ResNet18 (59) network for
the diagnosis and staging of BCa based on MRI. They applied the
super-resolution module and non-local attention module to
improve the quality of MRI images and enhance the model’s
ability to perceive features at longer distances.

In addition to diagnosis, DL can be used to improve other
parts of the imaging workflow, such as removing image noise
and indirectly improving diagnostic capabilities in conjunction
with other systems. The vesical imaging reporting and data
system (VI-RADS) (60) is a tool for evaluating BCa staging
using MRI images. Taguchi et al. (55) used a convolutional
neural network to improve the signal-to-noise ratio in high-
spatial-resolution images. Although they did not develop the
network themselves, this study also showed the potential of DL
in assisting in BCa diagnosis.

Deep learning in bladder cancer
treatment assessment

Neoadjuvant chemotherapy has been shown to improve
overall survival for patients with BCa (61). However, not all
patients benefit from neoadjuvant treatment and instead suffer
from severe side effects (62). Therefore, it is important to assess
changes in tumor size and treatment response early to help
doctors make personalized treatment plans. Nevertheless, there
are two major problems with the current clinical treatment
assessment. First, although accurate, surgery may not be
appropriate for patients undergoing chemotherapy. Second,
the current World Health Organization (WHO) criteria (63)
and Response Evaluation Criteria in Solid Tumors (RECIST)
(64) are inaccurate. Neither set of criteria address three-
dimensional (3D) measurements, and the results are heavily
influenced by observer experience, especially for tumors with
complex and irregular shapes (65). At the same time, because
organs and tumors are not rigid bodies, they will have different
deformations in the human body, making the design of direct
networks for ML very difficult. These problems make ordinary
ML methods not particularly adaptable, and therefore drive the
progress of DL methods in this field. DL has been recognized as a
powerful tool to solve these problems (Table 3).

Cha et al. (25) used the network they developed to segment
and measure the gross tumor volume (GTV) from CT images to
predict treatment response. As described in the bladder
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segmentation section, classification-based networks cannot
accurately segment tumors because of their limitations,
particularly those that shrink after treatment. Their DL-CNN
was comparable to radiologists’ manual predictions. In 2017, Cha
et al. (66) developed a DL-CNN with a structure similar to that in
previous studies. However, DL-CNN was used to predict the
response to neoadjuvant chemotherapy in this study. They first
used their auto-initialized cascaded level set (AI-CALS) (69)
system to segment the tumor region. They then paired ROIs
extracted from pre- and post-treatment tumor regions of the same
patient’s scans to form 6700 image pairs. They compared the
model with two radiomic feature-based approaches. Owing to
their relatively simple DL-CNN structure, the three methods they
tested achieved similar results and were also similar to the manual
methods. However, it also demonstrates the potential of DL
techniques in predicting the treatment response. In 2019, Wu
et al. (67) developed seven DL-CNNs based on a previous study
(66) and adopted the same image-processing method (66). They
modified the filter size, filter stride, and padding type of
convolutions and max pooling performed in layers C1 and C2
to develop three different models, and developed two models by
freezing different layers. Furthermore, they pretrained the model
on the CIFARIO0 (70) image set. Only one network variation (DL-
CNN-2, CI convolution filter stride 1—2, C2 max pooling size
3x3—2x2, stride 2—1) exhibited significant performance
improvements. The performance of the DL-CNN generally
decreased as more layers were frozen, but there was a slight
improvement in performance when the C1 layers were frozen.
This may be because the subsequent layers are designed to capture
more specific features, such as bladder lesions. The pretrained
network achieved better performance, but it was better to pretrain
with data related to the training images. Overall, they
demonstrated that the use of DL-CNN can match or even
exceed the level of doctors, and using deeper DL-CNN models
and making more effective adjustments to network structures can
further improve its performance in the future. Recently, Cha et al.
(68) developed a computerized CT-based decision-support system
for MIBC treatment response assessment (CDSS-T) based on
their previous work (56). They followed the segmentation system
and their previously developed DL-CNN combined with a
radiomics assessment model. A combined score from the DL-
CNN and radiomic model was used to assist physicians in the
assessment of the treatment response. With the help of the CDSS-
T, 12 physicians improved the assessment accuracy for evaluating
the neoadjuvant chemotherapy response in MIBC. This is the first
observer study to use a CAD system for this purpose.
Interestingly, the accuracy rate of the CDSS-T alone was higher
than that of using CDSS-T to assist physicians in assessment. This
shows that doctors™ experience and trust in using the system still
needs to be cultivated, which is also one of the key issues to be
overcome in the future clinical application of DL.
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TABLE 3

Author Year Modality Number of patients

(Train/Val/Test)

Cha et al.
(25)
Cha et al.
(66)
Wu et al.
(67)

2016 CT 62, LOOCV

2017 CT 82

2019 CT 73/9/41

Cha et al.
(68)

2019 CT 123, LOOCV

AUQG, area under the curve; LOOCYV, leave-one-out cross-validation.

Challenges and future directions

DL is a state-of-the-art technology and popular research area
in medical imaging. Its performance is comparable to that of
human experts in many studies and applications and it has good
development prospects and potential (71). However, research on
DL in BCa is still in its infancy, and there are still many
shortcomings compared to other fields with mature applications.

For data

The imaging diagnosis of BCa by clinicians often requires
the integration of various imaging data, such as CT and different
sequences of MRI images. Although CT is the most commonly
used imaging technique for the diagnosis of BCa, MRI has been
shown to be more effective, especially in staging, because of the
increased soft-tissue contrast resolution. Diffusion-weighted
imaging (DWI) and dynamic contrast enhancement (DCE) are
far more useful for assessing tumor invasiveness and infiltration
into surrounding structures. However, most of the current DL
studies on BCa imaging still use CT as the original data.
Moreover, all studies using MRI have chosen T2WI sequences,
and there is a lack of studies on DWI and DCE sequences.
Combining DL with the most appropriate as well as the most
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Studies using deep learning approach for bladder cancer treatment.

Performance
(validation or
testing dataset)

CNN structure

AUC = 0.73

AUC = 0.73

fully connected layer. Each layer contains 16 kernals.

AUC (basic-random
weights) = 0.73

AUC (basic-pretrained
weights) = 0.79

AUC (DL-CNN-1) =
0.72

AUC (DL-CNN-2) =
0.86

AUC (DL-CNN-3) =
0.69

AUC (C1 Frozen) =
0.81

AUC (C1,C2 Frozen) =
0.78

AUC (C1,C2,L3
Frozen) = 0.71

AUC (CDSS-T only) =
0.80

AUC (with CDSS-T) =
0.77

AUC (No CDSS-T) =
0.74

advanced techniques in BCa imaging will be a research direction.
In addition, based on CT or MRI, most data currently used in
BCa studies focus on only one modality of medical imaging. In
recent years, many studies have shown that processing multiple
modalities simultaneously can significantly improve the
performance of DL models (26, 72, 73).

We can also attempt to improve performance by combining
imaging-based assessment with other available clinical data,
such as genomics and pathology. Multimodal approaches have
been shown to outperform unimodal ones (74). In fact, in both
natural and medical image processing, multimodal fusion is
becoming a mainstream and effective trend. BCa are
heterogeneous at the molecular level, and different molecular
classifications may be useful to stratify patients for prognosis or
response to treatment. The inclusion of multimodal information
helps to complement the shortcomings of BCa imaging in these
areas. However, due to various reasons, such as the small
number of BCa open datasets, there are not many multi-
modality processing methods used in the research of DL in
BCa. In addition, the limited quantity of medical image data
restricts the development of DL. The amount of data
significantly affects the performance of DL models. Transfer
learning (75) and data augmentation can improve performance
to some extent, but they cannot replace the need for a large
dataset. To date, the datasets of many studies of DL in BCa have
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been so small that they do not even have independent validation
or test sets, which biases the assessment of the model
performance. In addition, the different scanning methods and
equipment adopted by different hospitals make the established
models difficult to use across institutions, which also limits the
clinical application of DL. In this case, it is necessary to use semi-
supervised or self-supervised methods to process data. However,
the application of these methods for BCa is limited, highlighting
the need for future research. In this case, we expect increasing
data diversity, multimodal methods, and more comprehensive
BCa datasets including multi-center data or a nationwide BCa
imaging database to significantly advance the field.

For algorithm

Most of the DL models used in the current research only stay
in the application of existing networks and lack optimization of
the imaging characteristics of BCa. The BCa data have many
unique structures, including their unique geometry, empty
structure, and other characteristics. However, in the current
research field on BCa, these characteristics are not well utilized.
Compared with other ML methods, DL is a complex black box.
To optimize this model in the future, it is important to reflect
doctors’ ideas and experiences in the diagnosis and treatment of
diseases in the DL model and improve its interpretability. Only
when the doctor can understand the reason why the DL model
makes the assessment can the model better assist the doctor in
decision-making. Furthermore, many state-of-the-art results in
the field of DL, such as self-supervised learning, pre-training
models, transformers, and contrastive learning, have not yet
been applied in the field of BCa research, which could be the
subject of our future research.

For application

There are many application scenarios and research
directions of DL that people can explore in BCa. For example,
there are various pathological types of BCa, including urothelial
carcinoma and squamous cell carcinoma. NMIBC and MIBC
can also be divided into many molecular subtypes according to
the MD Anderson Cancer Center (MDA) (76), Cancer Genome
Atlas (TCGA) (77), and other classification criteria. Based on the
above criteria, a more complex classification of BCa can be
attempted using medical imaging. In addition, DL can be used to
predict patient prognosis through medical imaging. Whether DL
can predict the outcome of surgical treatment for BCa or be
applied to ROI extraction, feature extraction, and feature
modelling in radiomics remains unclear. At present, a large
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amount of research is still focused on image segmentation, and
we believe that the development of DL can help doctors in
more ways.

Conclusions

This study reviews the applications of DL in BCa imaging.
As a potential technology, DL has extremely broad application
prospects in BCa. Limited by the small number of studies in this
field, we provide a detailed review of the existing studies, but lack
more evidence to demonstrate more possibilities of DL in BCa
imaging. However, in the era of increasing emphasis on
precision medicine and individualized diagnosis and
treatment, how to give full play to the advantages of DL and
transform it into a means that can effectively help physicians in
clinical diagnosis and treatment will be the direction of our
future research. The powerful potential demonstrated by DL is
expected to bring about a new revolution in BCa management.

Author contributions

ML conceived and reviewed the manuscript. ZJ] helped with
the revising and provided insightful suggestions on the
manuscript. All authors have contributed to the manuscript
and approved the submitted version.

Funding

This work was supported by a project of the National Facility
for Translational Medicine (Shanghai) (TMSK-2021-118).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

frontiersin.org


https://doi.org/10.3389/fonc.2022.930917
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Li et al.

References

1. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, et al.
Global cancer statistics 2020: Globocan estimates of incidence and mortality
worldwide for 36 cancers in 185 countries. CA Cancer ] Clin (2021) 71(3):209—
49. doi: 10.3322/caac.21660

2. Chang SS, Bochner BH, Chou R, Dreicer R, Kamat AM, Lerner SP, et al.
Treatment of non-metastatic muscle-invasive bladder cancer: Aua/Asco/Astro/Suo
guideline. J Urol (2017) 198(3):552-9. doi: 10.1016/j.juro.2017.04.086

3. Milowsky MI, Rumble RB, Booth CM, Gilligan T, Eapen L], Hauke R], et al.
Guideline on muscle-invasive and metastatic bladder cancer (European association
of urology guideline): American society of clinical oncology clinical practice
guideline endorsement. J Clin Oncol (2016) 34(16):1945-52. doi: 10.1200/
JCO.2015.65.9797

4. Lenis AT, Lec PM, Chamie K, Mshs MD. Bladder cancer: A review. JAMA
(2020) 324(19):1980-91. doi: 10.1001/jama.2020.17598

5. Botteman MEF, Pashos CL, Redaelli A, Laskin B, Hauser R. The health
economics of bladder cancer: A comprehensive review of the published
literature. Pharmacoeconomics (2003) 21(18):1315-30. doi: 10.1007/BF03262330

6. Svatek RS, Hollenbeck BK, Holmang S, Lee R, Kim SP, Stenzl A, et al. The
economics of bladder cancer: Costs and considerations of caring for this disease.
Eur Urol (2014) 66(2):253-62. doi: 10.1016/j.eururo.2014.01.006

7. Wong VK, Ganeshan D, Jensen CT, Devine CE. Imaging and management of
bladder cancer. Cancers (Basel) (2021) 13(6):1396. doi: 10.3390/cancers13061396

8. Jang HJ, Cho KO. Applications of deep learning for the analysis of medical
data. Arch Pharm Res (2019) 42(6):492-504. doi: 10.1007/s12272-019-01162-9

9. LeCun Y, Bengio Y, Hinton G. Deep learning. Nature (2015) 521(7553):436-
44. doi: 10.1038/nature14539

10. Esteva A, Robicquet A, Ramsundar B, Kuleshov V, DePristo M, Chou K,
et al. A guide to deep learning in healthcare. Nat Med (2019) 25(1):24-9.
doi: 10.1038/s41591-018-0316-z

11. Ravi D, Wong C, Deligianni F, Berthelot M, Andreu-Perez J, Lo B, et al.
Deep learning for health informatics. IEEE ] BioMed Health Inform (2017) 21(1):4-
21. doi: 10.1109/JBHI.2016.2636665

12. Wainberg M, Merico D, Delong A, Frey BJ. Deep learning in biomedicine.
Nat Biotechnol (2018) 36(9):829-38. doi: 10.1038/nbt.4233

13. Zou J, Huss M, Abid A, Mohammadi P, Torkamani A, Telenti AA. Primer
on deep learning in genomics. Nat Genet (2019) 51(1):12-8. doi: 10.1038/s41588-
018-0295-5

14. Smistad E, Falch TL, Bozorgi M, Elster AC, Lindseth F. Medical image
segmentation on gpus—a comprehensive review. Med Image Anal (2015) 20(1):1-
18. doi: 10.1016/j.media.2014.10.012

15. Bandyk MG, Gopireddy DR, Lall C, Balaji KC, Dolz J. Mri and ct bladder
segmentation from classical to deep learning based approaches: Current limitations
and lessons. Comput Biol Med (2021) 134:104472. doi: 10.1016/
j.compbiomed.2021.104472

16. Hammouda K, Khalifa F, Soliman A, Abdeltawab H, Ghazal M, Abou El-
Ghar M, et al. A 3d cnn with a learnable adaptive shape prior for accurate
segmentation of bladder wall using Mr images. 2020 IEEE 17th Int Symposium
Biomed Imaging (Isbi 2020) (2020) 935-8. doi: 10.1109/I1SBI45749.2020.9098733

17. Duan C, Liang Z, Bao S, Zhu H, Wang S, Zhang G, et al. A coupled level set
framework for bladder wall segmentation with application to Mr cystography. IEEE
Trans Med Imaging (2010) 29(3):903-15. doi: 10.1109/TMI.2009.2039756

18. Qin X, Li X, Liu Y, Lu H, Yan P. Adaptive shape prior constrained level sets
for bladder Mr image segmentation. IEEE ] BioMed Health Inform (2014) 18
(5):1707-16. doi: 10.1109/JBHI.2013.2288935

19. Duan C, Yuan K, Liu F, Xiao P, Lv G, Liang Z. An adaptive window-setting
scheme for segmentation of bladder tumor surface Via Mr cystography. IEEE Trans
Inf Technol BioMed (2012) 16(4):720-9. doi: 10.1109/TITB.2012.2200496

20. Cha KH, Hadjiiski L, Samala RK, Chan HP, Caoili EM, Cohan RH. Urinary
bladder segmentation in ct urography using deep-learning convolutional neural
network and level sets. Med Phys (2016) 43(4):1882. doi: 10.1118/1.4944498

21. Gsaxner C, Pfarrkirchner B, Lindner L, Pepe A, Roth PM, Egger J, et al. Pet-
train: Automatic ground truth generation from pet acquisitions for urinary bladder
segmentation in ct images using deep learning. BioMed Eng Int Conf (2018) 1-5.
doi: 10.1109/BMEiCON.2018.8609954

22. Xu X, Zhou F, Liu B. Automatic bladder segmentation from ct images using
deep cnn and 3d fully connected crf-rnn. Int ] Comput Assist Radiol Surg (2018) 13
(7):967-75. doi: 10.1007/s11548-018-1733-7

23. Gordon MN, Hadjiiski LM, Cha KH, Samala RK, Chan HP, Cohan RH, et al.
Deep-learning convolutional neural network: Inner and outer bladder wall segmentation
in ct urography. Med Phys (2019) 46(2):634-48. doi: 10.1002/mp.13326

Frontiers in Oncology

10

10.3389/fonc.2022.930917

24. Ma X, Hadjiiski LM, Wei ], Chan HP, Cha KH, Cohan RH, et al. U-Net
based deep learning bladder segmentation in ct urography. Med Phys (2019) 46
(4):1752-65. doi: 10.1002/mp.13438

25. Cha KH, Hadjiiski LM, Samala RK, Chan HP, Cohan RH, Caoili EM, et al.
Bladder cancer segmentation in ct for treatment response assessment: Application
of deep-learning convolution neural network-a pilot study. Tomography (2016) 2
(4):421-9. doi: 10.18383/j.tom.2016.00184

26. Dolz J, Xu X, Rony J, Yuan J, Liu Y, Granger E, et al. Multiregion
segmentation of bladder cancer structures in mri with progressive dilated
convolutional networks. Med Phys (2018) 45(12):5482-93. doi: 10.1002/mp.13240

27. LiuJX, Liu LB, Xu BL, Hou XX, Liu BZ, Chen X, et al. Bladder cancer multi-
class segmentation in mri with pyramid-in-Pyramid network. I S BioMed Imaging
(2019) 28-31. doi: 10.1109/ISB1.2019.8759422

28. Hammouda K, Khalifa F, Soliman A, Ghazal M, Abou El-Ghar M, Haddad
A, etal. A deep learning-based approach for accurate segmentation of bladder wall
using Mr images. IEEE Conf Imaging Sy (2019) 1-6. doi: 10.1109/
1ST48021.2019.9010233

29. Yu J, Cai L, Chen C, Fu X, Wang L, Yuan B, et al. Cascade path
augmentation unet for bladder cancer segmentation in mri. Med Phys (2022) 49
(7):4622-31. doi: 10.1002/mp.15646

30. Krizhevsky A, Sutskever I, Hinton GE. ImageNet classification with deep
Convolutional Neural networks. Adv Neural Inf Process Syst (2012) 2:1097-105.

31. Ronneberger O, Fischer P, Brox T. U-Net: Convolutional networks for
biomedical image segmentation. Lect Notes Comput Sc (2015) 9351:234-41.
doi: 10.1007/978-3-319-24574-4_28

32. Paszke A, Chaurasia A, Kim S, Culurciello E. ENet: A deep neural network
architecture for real-time semantic segmentation. arXiv preprint arXiv (2016)
1606:02147. doi: 10.48550/arXiv.1606.02147

33. Romera E, Alvarez JM, Bergasa LM, Arroyo R. Erfnet: Efficient residual
factorized convnet for real-time semantic segmentation. IEEE T Intell Transp
(2018) 19(1):263-72. doi: 10.1109/Tits.2017.2750080

34. Badrinarayanan V, Kendall A, Cipolla R. Segnet: A deep convolutional
encoder-decoder architecture for image segmentation. IEEE Trans Pattern Anal
Mach Intell (2017) 39(12):2481-95. doi: 10.1109/TPAMI.2016.2644615

35. Liu S, Qi L, Qin HF, Shi JP, Jia JY. Path aggregation network for instance
segmentation. Proc Cvpr IEEE (2018) 8759-68. doi: 10.1109/Cvpr.2018.00913

36. Ni ZL, Bian GB, Zhou XH, Hou ZG, Xie XL, Wang C, et al. Raunet:
Residual attention U-net for semantic segmentation of cataract surgical
instruments. Lect Notes Comput Sc (2019) 11954:139-49. doi: 10.1007/978-3-
030-36711-4_13

37. Kamnitsas K, Ledig C, Newcombe VFJ, Simpson JP, Kane AD, Menon
DK, et al. Efficient multi-scale 3d cnn with fully connected crf for accurate brain
lesion segmentation. Med Image Anal (2017) 36:61-78. doi: 10.1016/
j.media.2016.10.004

38. Li LH, Wang ZG, Li X, Wei XZ, Adler HL, Huang W, et al. A new partial
volume segmentation approach to extract bladder wall for computer aided
detection in virtual cystoscopy. Pro BioMed Opt Imag (2004) 5(23):199-206.
doi: 10.1117/12.535913

39. Li LH, Liang ZR, Wang S, Lu HY, Wei XZ, Wagshul M, et al. Segmentation
of multispectral bladder Mr images with inhomogeneity correction for virtual
cystoscopy. Proc Spie (2008) 6916. doi: 10.1117/12.769914

40. Chi JW, Brady SM, Moore NR, Schnabel JA. Segmentation of the bladder
wall using coupled level set methods. I S BioMed Imaging (2011) 1653-6. doi:
10.1109/ISB1.2011.5872721

41. Garnier C, Ke W, Dillenseger JL. Bladder segmentation in mri images using
active region growing model. IEEE Eng Med Bio (2011, 5702-5. doi: 10.1109/
IEMBS.2011.6091380

42. Ma Z, Jorge RN, Mascarenhas T, Tavares JMRS. Novel approach to segment
the inner and outer boundaries of the bladder wall in T2-weighted magnetic
resonance images. Ann BioMed Eng (2011) 39(8):2287-97. doi: 10.1007/s10439-
011-0324-3

43. Chai XF, van Herk M, Betgen A, Hulshof M, Bel A. Automatic bladder
segmentation on cbct for multiple plan art of bladder cancer using a patient-
specific bladder model. Phys Med Biol (2012) 57(12):3945-62. doi: 10.1088/0031-
9155/57/12/3945

44. Han H, Li LH, Duan CJ, Zhang H, Zhao Y, Liang ZR. A unified em approach
to bladder wall segmentation with coupled level-set constraints. Med Image Anal
(2013) 17(8):1192-205. doi: 10.1016/j.media.2013.08.002

45. Xiao D, Zhang GP, Liu Y, Yang ZY, Zhang X, Li LH, et al. 3d detection and
extraction of bladder tumors Via Mr virtual cystoscopy. Int ] Comput Ass Rad
(2016) 11(1):89-97. doi: 10.1007/s11548-015-1234-x

frontiersin.org


https://doi.org/10.3322/caac.21660
https://doi.org/10.1016/j.juro.2017.04.086
https://doi.org/10.1200/JCO.2015.65.9797
https://doi.org/10.1200/JCO.2015.65.9797
https://doi.org/10.1001/jama.2020.17598
https://doi.org/10.1007/BF03262330
https://doi.org/10.1016/j.eururo.2014.01.006
https://doi.org/10.3390/cancers13061396
https://doi.org/10.1007/s12272-019-01162-9
https://doi.org/10.1038/nature14539
https://doi.org/10.1038/s41591-018-0316-z
https://doi.org/10.1109/JBHI.2016.2636665
https://doi.org/10.1038/nbt.4233
https://doi.org/10.1038/s41588-018-0295-5
https://doi.org/10.1038/s41588-018-0295-5
https://doi.org/10.1016/j.media.2014.10.012
https://doi.org/10.1016/j.compbiomed.2021.104472
https://doi.org/10.1016/j.compbiomed.2021.104472
https://doi.org/10.1109/ISBI45749.2020.9098733
https://doi.org/10.1109/TMI.2009.2039756
https://doi.org/10.1109/JBHI.2013.2288935
https://doi.org/10.1109/TITB.2012.2200496
https://doi.org/10.1118/1.4944498
https://doi.org/10.1109/BMEiCON.2018.8609954
https://doi.org/10.1007/s11548-018-1733-7
https://doi.org/10.1002/mp.13326
https://doi.org/10.1002/mp.13438
https://doi.org/10.18383/j.tom.2016.00184
https://doi.org/10.1002/mp.13240
https://doi.org/10.1109/ISBI.2019.8759422
https://doi.org/10.1109/IST48021.2019.9010233
https://doi.org/10.1109/IST48021.2019.9010233
https://doi.org/10.1002/mp.15646
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.48550/arXiv.1606.02147
https://doi.org/10.1109/Tits.2017.2750080
https://doi.org/10.1109/TPAMI.2016.2644615
https://doi.org/10.1109/Cvpr.2018.00913
https://doi.org/10.1007/978-3-030-36711-4_13
https://doi.org/10.1007/978-3-030-36711-4_13
https://doi.org/10.1016/j.media.2016.10.004
https://doi.org/10.1016/j.media.2016.10.004
https://doi.org/10.1117/12.535913
https://doi.org/10.1117/12.769914
https://doi.org/10.1109/ISBI.2011.5872721
https://doi.org/10.1109/IEMBS.2011.6091380
https://doi.org/10.1109/IEMBS.2011.6091380
https://doi.org/10.1007/s10439-011-0324-3
https://doi.org/10.1007/s10439-011-0324-3
https://doi.org/10.1088/0031-9155/57/12/3945
https://doi.org/10.1088/0031-9155/57/12/3945
https://doi.org/10.1016/j.media.2013.08.002
https://doi.org/10.1007/s11548-015-1234-x
https://doi.org/10.3389/fonc.2022.930917
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Li et al.

46. Pinto JR. Tavares JMRS. a versatile method for bladder segmentation in
computed tomography two-dimensional images under adverse conditions. P I
Mech Eng H (2017) 231(9):871-80. doi: 10.1177/0954411917714294

47. Xu XP, Zhang X, Liu Y, Tian Q, Zhang GP, Yang ZY, et al. Simultaneous
segmentation of multiple regions in 3d bladder mri by efficient convex
optimization of coupled surfaces. Lect Notes Comput Sc (2017) 10667:528-42.
doi: 10.1007/978-3-319-71589-6_46

48. Nishiyama H, Habuchi T, Watanabe J, Teramukai S, Tada H, Ono Y, et al.
Clinical outcome of a Large-scale multi-institutional retrospective study for locally
advanced bladder cancer: A survey including 1131 patients treated during 1990-
2000 in Japan. Eur Urol (2004) 45(2):176-81. doi: 10.1016/j.eururo.2003.09.011

49. Babjuk M, Bohle A, Burger M, Capoun O, Cohen D, Comperat EM, et al.
Eau guidelines on non-Muscle-Invasive urothelial carcinoma of the bladder:
Update 2016. Eur Urol (2017) 71(3):447-61. doi: 10.1016/j.eururo.2016.05.041

50. Alfred Witjes J, Lebret T, Comperat EM, Cowan NC, De Santis M, Bruins
HM, et al. Updated 2016 eau guidelines on muscle-invasive and metastatic bladder
cancer. Eur Urol (2017) 71(3):462-75. doi: 10.1016/j.eururo.2016.06.020

51. Ge L, Chen Y, Yan C, Zhao P, Zhang P, A R, et al. Study progress of
radiomics with machine learning for precision medicine in bladder cancer
management. Front Oncol (2019) 9:1296. doi: 10.3389/fonc.2019.01296

52. Yang Y, Zou X, Wang Y, Ma X. Application of deep learning as a
noninvasive tool to differentiate muscle-invasive bladder cancer and non-
Muscle-Invasive bladder cancer with ct. Eur J Radiol (2021) 139:109666.
doi: 10.1016/j.ejrad.2021.109666

53. Zhang G, Wu Z, Xu L, Zhang X, Zhang D, Mao L, et al. Deep learning on
enhanced ct images can predict the muscular invasiveness of bladder cancer. Front
Oncol (2021) 11:654685. doi: 10.3389/fonc.2021.654685

54. Liu D, Wang S, Wang J. The effect of ct high-resolution imaging diagnosis
based on deep residual network on the pathology of bladder cancer classification
and staging. Comput Methods Programs BioMed (2022) 215:106635. doi: 10.1016/
j.cmpb.2022.106635

55. Taguchi S, Tambo M, Watanabe M, Machida H, Kariyasu T, Fukushima K,
et al. Prospective validation of vesical imaging-reporting and data system using a
next-generation magnetic resonance imaging scanner-is denoising deep learning
reconstruction useful? J Urol (2021) 205(3):686-92. doi: 10.1097/
JU.0000000000001373

56. Simonyan K, Zisserman A. Very deep convolutional networks for Large-
scale image recognition. arXiv preprint arXiv (2014) 1409:1556. doi: 10.48550/
arXiv.1409.1556

57. Huang C, Lv W, Zhou C, Mao L, Xu Q, Li X, et al. Discrimination between
transient and persistent subsolid pulmonary nodules on baseline ct using deep
transfer learning. Eur Radiol (2020) 30(12):6913-23. doi: 10.1007/s00330-020-
07071-6

58. Kleppe A, Skrede OJ, De Raedt S, Liestol K, Kerr DJ, Danielsen HE.
Designing deep learning studies in cancer diagnostics. Nat Rev Cancer (2021) 21
(3):199-211. doi: 10.1038/s41568-020-00327-9

59. He KM, Zhang XY, Ren SQ, Sun J. Deep residual learning for image
recognition. 2016 IEEE Conf Comput Vision Pattern Recognition (Cvpr) (2016)
770-8. doi: 10.1109/Cvpr.2016.90

60. Panebianco V, Narumi Y, Altun E, Bochner BH, Efstathiou JA, Hafeez S,
et al. Multiparametric magnetic resonance imaging for bladder cancer:
Development of vi-rads (Vesical imaging-reporting and data system). Eur Urol
(2018) 74(3):294-306. doi: 10.1016/j.eururo.2018.04.029

61. Yin M, Joshi M, Meijer RP, Glantz M, Holder S, Harvey HA, et al.
Neoadjuvant chemotherapy for muscle-invasive bladder cancer: A systematic

Frontiers in Oncology

11

10.3389/fonc.2022.930917

review and two-step meta-analysis. Oncologist (2016) 21(6):708-15. doi: 10.1634/
theoncologist.2015-0440

62. Witjes JA, Wullink M, Oosterhof GO, de Mulder P. Toxicity and results of
mvac (Methotrexate, vinblastine, adriamycin and cisplatin) chemotherapy in
advanced urothelial carcinoma. Eur Urol (1997) 31(4):414-9. doi: 10.1159/
000474499

63. World Health Organization. WHO handbook for reporting results of cancer
treatment . Geneva: World Health Organization. Available at: http://www.who.int/
iris/handle/10665/37200 (Accessed September 12, 2016).

64. Eisenhauer EA, Therasse P, Bogaerts J, Schwartz LH, Sargent D, Ford R,
et al. New response evaluation criteria in solid tumours: Revised recist guideline
(Version 1.1). Eur J Cancer (2009) 45(2):228-47. doi: 10.1016/j.¢jca.2008.10.026

65. Husband JE, Schwartz LH, Spencer J, Ollivier L, King DM, Johnson R, et al.
Evaluation of the response to treatment of solid tumours - a consensus statement of
the international cancer imaging society. Br ] Cancer (2004) 90(12):2256-60.
doi: 10.1038/s].bjc.6601843

66. Cha KH, Hadjiiski L, Chan HP, Weizer AZ, Alva A, Cohan RH, et al.
Bladder cancer treatment response assessment in ct using radiomics with deep-
learning. Sci Rep (2017) 7(1):8738. doi: 10.1038/s41598-017-09315-w

67. Wu E, Hadjiiski LM, Samala RK, Chan HP, Cha KH, Richter C, et al. Deep
learning approach for assessment of bladder cancer treatment response.
Tomography (2019) 5(1):201-8. doi: 10.18383/j.tom.2018.00036

68. Cha KH, Hadjiiski LM, Cohan RH, Chan HP, Caoili EM, Davenport MS,
et al. Diagnostic accuracy of ct for prediction of bladder cancer treatment response
with and without computerized decision support. Acad Radiol (2019) 26(9):1137-
45. doi: 10.1016/j.acra.2018.10.010

69. Hadjiiski L, Chan HP, Caoili EM, Cohan RH, Wei ], Zhou C. Auto-
initialized cascaded level set (Ai-cals) segmentation of bladder lesions on
multidetector row ct urography. Acad Radiol (2013) 20(2):148-55. doi: 10.1016/
j-acra.2012.08.012

70. Krizhevsky A. Learning multiple layers of features from tiny images [Master’s
thesis]. Toronto: University of Toronto (2009). Available at: http://www.cs.toronto.
edu/~kriz/learning-features-2009-TR.pdf.

71. Shen D, Wu G, Suk HI. Deep learning in medical image analysis. Annu Rev
BioMed Eng (2017) 19:221-48. doi: 10.1146/annurev-bioeng-071516-044442

72. Dolz J, Gopinath K, Yuan ], Lombaert H, Desrosiers C, Ben Ayed I.
Hyperdense-net: A hyper-densely connected cnn for multi-modal image
segmentation. IEEE Trans Med Imaging (2019) 38(5):1116-26. doi: 10.1109/
TMI.2018.2878669

73. Wang L, Nie D, Li G, Puybareau E, Dolz J, Zhang Q, et al. Benchmark on
automatic 6-Month-Old infant brain segmentation algorithms: The iseg-2017
challenge. IEEE Trans Med Imaging (2019) 38(9):2219-30. doi: 10.1109/
TMI.2019.2901712

74. Stahlschmidt SR, Ulfenborg B, Synnergren J. Multimodal deep learning for
biomedical data fusion: A review. Brief Bioinform (2022) 23(2):bbab569.
doi: 10.1093/bib/bbab569

75. Yosinski J, Clune J, Bengio Y, Lipson H. How transferable are features in
deep neural networks ? Adv Neur In (2014) 27.

76. Choi W, Porten S, Kim S, Willis D, Plimack ER, Hoffman-Censits J, et al.
Identification of distinct basal and luminal subtypes of muscle-invasive bladder

cancer with different sensitivities to frontline chemotherapy. Cancer Cell (2014) 25
(2):152-65. doi: 10.1016/j.ccr.2014.01.009

77. Robertson AG, Kim J, Al-Ahmadie H, Bellmunt J, Guo G, Cherniack AD,
et al. Comprehensive molecular characterization of muscle-invasive bladder cancer.
Cell (2017) 171(3):540-56.e25. doi: 10.1016/j.cell.2017.09.007

frontiersin.org


https://doi.org/10.1177/0954411917714294
https://doi.org/10.1007/978-3-319-71589-6_46
https://doi.org/10.1016/j.eururo.2003.09.011
https://doi.org/10.1016/j.eururo.2016.05.041
https://doi.org/10.1016/j.eururo.2016.06.020
https://doi.org/10.3389/fonc.2019.01296
https://doi.org/10.1016/j.ejrad.2021.109666
https://doi.org/10.3389/fonc.2021.654685
https://doi.org/10.1016/j.cmpb.2022.106635
https://doi.org/10.1016/j.cmpb.2022.106635
https://doi.org/10.1097/JU.0000000000001373
https://doi.org/10.1097/JU.0000000000001373
https://doi.org/10.48550/arXiv.1409.1556
https://doi.org/10.48550/arXiv.1409.1556
https://doi.org/10.1007/s00330-020-07071-6
https://doi.org/10.1007/s00330-020-07071-6
https://doi.org/10.1038/s41568-020-00327-9
https://doi.org/10.1109/Cvpr.2016.90
https://doi.org/10.1016/j.eururo.2018.04.029
https://doi.org/10.1634/theoncologist.2015-0440
https://doi.org/10.1634/theoncologist.2015-0440
https://doi.org/10.1159/000474499
https://doi.org/10.1159/000474499
http://www.who.int/iris/handle/10665/37200
http://www.who.int/iris/handle/10665/37200
https://doi.org/10.1016/j.ejca.2008.10.026
https://doi.org/10.1038/sj.bjc.6601843
https://doi.org/10.1038/s41598-017-09315-w
https://doi.org/10.18383/j.tom.2018.00036
https://doi.org/10.1016/j.acra.2018.10.010
https://doi.org/10.1016/j.acra.2012.08.012
https://doi.org/10.1016/j.acra.2012.08.012
http://www.cs.toronto.edu/~kriz/learning-features-2009-TR.pdf
http://www.cs.toronto.edu/~kriz/learning-features-2009-TR.pdf
https://doi.org/10.1146/annurev-bioeng-071516-044442
https://doi.org/10.1109/TMI.2018.2878669
https://doi.org/10.1109/TMI.2018.2878669
https://doi.org/10.1109/TMI.2019.2901712
https://doi.org/10.1109/TMI.2019.2901712
https://doi.org/10.1093/bib/bbab569
https://doi.org/10.1016/j.ccr.2014.01.009
https://doi.org/10.1016/j.cell.2017.09.007
https://doi.org/10.3389/fonc.2022.930917
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Deep learning in bladder cancer imaging: A review
	Introduction
	Methods
	Deep learning in bladder cancer segmentation
	Deep learning in bladder cancer diagnosis and staging
	Deep learning in bladder cancer treatment assessment
	Challenges and future directions
	For data
	For algorithm
	For application

	Conclusions
	Author contributions
	Funding
	References 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


