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A CT-based deep learning model predicts overall
survival in patients with muscle invasive bladder
cancer after radical cystectomy: a multicenter

retrospective cohort study

Zongjie Wei, MD?, Yingjie Xv, MD?, Huayun Liu, MM?®, Yang Li, MD?, Siwen Yin, MM®, Yongpeng Xie, MD?,
Yong Chen, MD°, Fajin Lv, MD®, Qing Jiang, MD*, Feng Li, MD**, Mingzhao Xiao, MD**

IRetrospective Cohort Study

Background: Muscle invasive bladder cancer (MIBC) has a poor prognosis even after radical cystectomy (RC). Postoperative\
survival stratification based on radiomics and deep learning (DL) algorithms may be useful for treatment decision-making and follow-
up management. This study was aimed to develop and validate a DL model based on preoperative computed tomography (CT) for
predicting postcystectomy overall survival (OS) in patients with MIBC.

Methods: MIBC patients who underwent RC were retrospectively included from four centers, and divided into the training, internal
validation, and external validation sets. A DL model incorporated the convolutional block attention module (CBAM) was built for
predicting OS using preoperative CT images. The authors assessed the prognostic accuracy of the DL model and compared it with
classic handcrafted radiomics model and clinical model. Then, a deep learning radiomics nomogram (DLRN) was developed by
combining clinicopathological factors, radiomics score (Rad-score) and deep learning score (DL-score). Model performance was
assessed by C-index, KM curve, and time-dependent ROC curve.

Results: A total of 405 patients with MIBC were included in this study. The DL-score achieved a much higher C-index than Rad-
score and clinical model (0.690 vs. 0.652 vs. 0.618 in the internal validation set, and 0.658 vs. 0.601 vs. 0.610 in the external
validation set). After adjusting for clinicopathologic variables, the DL-score was identified as a significantly independent risk factor for
OS by the multivariate Cox regression analysis in all sets (all P < 0.01). The DLRN further improved the performance, with a C-index of
0.713 (95% Cl: 0.627-0.798) in the internal validation set and 0.685 (95% ClI: 0.586-0.765) in external validation set, respectively.
Conclusions: A DL model based on preoperative CT can predict survival outcome of patients with MIBC, which may help in risk
stratification and guide treatment decision-making and follow-up management.
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Introduction the peripheral tissues of the bladder (stages T3 and T4), and it
. . accounts for about 25-30% of new cases of bladder cancer!>3!,

Bladder cancer is the 10th most common malignant tumor . . .
1j  Despite the rapid development of current treatment options for

worldwide, characterized by high morbidity and mortality
Muscle invasive bladder cancer (MIBC) refers to the depth of
tumor infiltration invading the muscularis propria (stage T2) or

bladder cancer, the prognosis for patients with MIBC remains
poor¥. The existing prognostic stratification methods are mainly
based on the established TNM tumor staging system!>®l,
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However, prognostic differences have been observed even in
patients with the same stage. Therefore, accurate prognostic risk
stratification of patients with MIBC would be helpful in guiding
therapeutic decision-making and developing follow-up strategies.

Computed tomography (CT) is commonly used for the diag-
nosis and staging of bladder cancer, but the results are usually
based on the experience of radiologist with low interobserver
consistency!”"*], Radiomics, a novel quantitative image analysis
method, can provide a noninvasive tool for identifying the biolo-
gical behavior of tumors by automatically extracting and analyzing
high-throughput quantitative data from medical images (e.g. CT,
MRI, or positron emission tomography (PET))”®\. Radiomics has
proven to be promising in the automatic diagnosis and prognostic
prediction of colorectal tumors!'?!, hepatocellular carcinoma' 12,
breast lesions™®! and some other diseases. With the development of
computer vision, deep learning (DL) can automatically extract
deeper and more comprehensive features and develop model from
raw images through multilevel convolution!** ¢!, In contrast to
radiomics, DL does not require radiologists to manually label
region of interest (ROI) regions and explicitly specify rules of
features. DL has even achieved excellent performance in medical
image analysis tasks for various tumors for nearly a decade!'”~""!,
In addition, many studies have also found that attention-based
convolutional neural network (CNN), which can focus the net-
work’s attention on objects of interest, can achieve advanced
performance in many tasks?%?!l. These technological advances in
image analysis show promise in identifying tumor categories, dif-
ferentiating pathological grades, predicting treatment efficacy, and
may be helpful in risk stratification of patients with MIBC using
preoperative enhanced CT and clinical data. Recently, radiomics
and DL technologies based on CT and MRI have been shown to be
useful in predicting muscular infiltration****!] tumor grade!**,
and postoperative recurrence!”***! in bladder cancer. However,
few studies have focused on survival prediction, which is very
important for decision-making on treatment options. These pre-
vious studies were single-center studies and just relied on hand-
crafted radiomics features®28l. To the best of our knowledge,
there is currently no validated DL model based on preoperative
enhanced CT image for predicting overall survival (OS) outcome in
patients with MIBC.

The aims of this study were to develop and validate an atten-
tion-based DL model to predict OS in patient with MIBC using
preoperative CT images. In addition, we constructed a deep
learning radiomics nomogram (DLRN) to further enhance the
efficacy of the model by integrating deep learning score, radio-
mics score, and clinicopathological factors.

Patients and methods

Patients

This study was approved by the Ethics Committee of our insti-
tutions, and the requirement for informed consent was waived.
The study was registered on the ClinicalTrials.gov network. This
study has been reported in line with the strengthening the
reporting of cohort studies in surgery (STROCSS) (Supplemental
Digital Content 1, http://links.lww.com/JS9/B907) criteria>!
and in according to the Declaration of Helsinki.

We retrospectively analyzed the data of patients who under-
went radical cystectomy with pathologically confirmed MIBC
from four independent hospitals. The inclusion criteria were (1)

HIGHLIGHTS

e We developed and validated an attention-based deep
learning (DL) model to predict overall survival in patient
with muscle invasive bladder cancer using preoperative
computed tomography images.

e The proposed DL model showed promising performance
and outperformed classic handcrafted radiomics model.

e A deep learning radiomics nomogram (DLRN), integrating
DL-score, radiomics score, and clinicopathological factors,
achieved better performance.

pathologically confirmed MIBC; (2) underwent radical cystect-
omy; (3) contrast-CT scans available within 2 weeks before sur-
gery. The exclusion criteria were (1) received neoadjuvant
chemotherapy; (2) pathologically confirmed nonurothelial car-
cinoma; (3) with other malignant neoplasms; (4) missing CT data
or poor image quality; and (5) incomplete clinical and follow-up
data. Finally, a total of 317 patients were enrolled in this study
from center 1 and center 2 between June 2011 and June 2022.
These patients were then randomly divided into a training set
(n=221) and an internal validation set (n=96) by a 7:3 ratio for
model construction. In external validation set, we retrospectively
included 88 MIBC patients from center 3 and center 4 between
October 2013 and August 2020. A flowchart of study population
selection process is shown in Figure 1A. Clinical and pathological
data were collected from the electronic medical record, including
age, sex, history of NMIBC status, number of tumors, pathologic
T stage, pathologic N stage, pathological grade, and lympho-
vascular invasion. Pathologic tumor staging was performed
according to the American Joint Committee on Cancer Staging
Manual (8th edition).

In this study, the primary endpoint was OS, defined as the time
from surgery to death from any cause. Postoperative follow-up
was performed according to the international guidelines for
bladder cancer'®>°!. The overall workflow of this study is sum-
marized in Figure 1.

Image collection and preprocess

The CT scan images were downloaded from Picture Archiving
and Communication Systems (PACS) and saved as the original
Digital Imaging and Communications in Medicine (DICOM)
format. The nephrographic phase (NP) CT images, the most
common imaging for tumor identification in bladder cancer, was
chosen for subsequent analysis. The details of the CT image
acquisition parameters for the different centers are shown in
Supplementary Table S1 (Supplemental Digital Content 2, http://
links.lww.com/JS9/B908).

The ROI of the tumor were manually segmented on NP CT
images by a urological radiologist with 5 years of experience via
the ITK-SNAP software (version 3.6.0, http://www.itksnap.org).
All ROIs were examined by a senior radiologist with more than
15 years of experience in image processing for bladder cancer.
The two-dimensional (2D) slice with the largest tumor on z-axis
was selected as the input data per patient. All images were filtered
with a window of [-50, 150] HU. We cropped the bounding box
focused on the tumor with an expansion of five pixels at the outer
edge of the ROIs. Then, all cropped images were resized to
224 %224 and the pixel values were normalized to [0, 1]. To
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Figure 1. The overall workflow of this study. The detail flowchart of patient recruitment process (A). The schematic diagram of CBAM-based convolutional neural
network architecture, and the architecture of CBAM is shown in the lower left corner (B). CBAM, convolution block attention module; DL, deep learning; GAP, global
average pooling layer; MLP, multilayer perception; ROI, region of interest; ROC, receiver operating characteristic.

improve the performance of the model and prevent network
overfitting, random data augmentation methods, including flip-
ping, rotating and scaling, were used in the training set.

DL model architecture

To develop a DL model for predicting OS of bladder cancer, a
convolutional neural network (CNN) of pretrained ResNet-50
architecture was applied as a backbone network. A convolutional
block attention module (CBAM) was added behind the last
convolutional layer to improve the model’s perceptual ability of
the tumor region®!!. CBAM consists of channel and spatial
attention modules that help to enhance the feature representation
of different channels and extract critical information about dif-
ferent locations in space, respectively. The more details of
ResNet-50 and CBAM can be found in Supplementary Material
(Supplemental Digital Content 2, http:/links.lww.com/]JS9/

B908). Then, the feature maps of the CT images were obtained by
global average pooling. A series of multilayer perceptron (MLP)
with a hidden layer of 256 neurons, activation function (ReLU)
layer and batch normalization layer constituted the top layer of
the neural network. The output layer consisted of only one neu-
ron, which served as a prognostic risk score for the patient.

The DL model was trained on a Nvidia GeForce RTX 3090
GPU with the Pytorch framework. The weights and biases of the
model were initialized using the weights of the pretrained model
from ImageNet. To calculate the difference in survival risk
between patients during optimization, we customized the loss
function based on Cox partial likelihood, inspired by the
DeepSurv model®2!, Further details about the loss function can be
found in the Supplementary Materials (Supplemental Digital
Content 2, http:/links.lww.com/JS9/B908). For the training
stage, the initial learning rate was initially set to 0.0001 and
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The baseline clinical characteristics of patients in three sets.

Characteristic All patients (n=405) Training set (n=221) Internal validation set (n=96) External validation set (n=88) P

Age 0.719
<65 years 184 (45.4%) 104 (47.1%) 43 (44.8%) 37 (42.0%)
> 65 years 221 (54.6%) 117 (52.9%) 53 (55.2%) 51 (58.0%)

Sex 0.123
Female 45 (11.1%) 22 (10.0%) 8 (8.3%) 15 (17.0%)
Male 360 (88.9%) 199 (90.0%) 88 (91.7%) 83 (83.0%)

History of NMIBC 0.066
No 333 (82.2%) 186 (84.2%) 82 (85.4%) 65 (73.9%)
Yes 72 (17.8%) 35 (15.8%) 14 (14.6%) 23 (26.1%)

Number of tumors 0.294
Single 249 (61.5%) 134 (60.6%) 55 (57.3%) 60 (68.2%)
Multiple 156 (38.5%) 87 (39.4%) 51 (42.7%) 28 (31.8%)

pT stage 0.849
T2 268 (66.2%) 148 (67.0%) 64 (66.7%) 56 (63.7%)
T3 104 (25.7%) 50 (22.6%) 25 (26.0%) 26 (29.5%)
T4 33 8.1%) 23 (10.4%) 7 (7.3%) 6 (6.8%)

pN stage 0.403
NO/Nx 355 (87.8%) 194 (87.8%) 87 (90.6%) 74 (84.1%)
>N1 50 (12.3%) 27 (12.2%) 9 (9.4%) 14 (15.9%)

Pathological grade 0.446
Low 29 (7.2%) 16 (7.2%) 9 (9.4%) 4 (4.5%)
High 376 (92.8%) 205 (92.8%) 87 (90.6%) 84 (95.5%)

Lymphovascular invasion 0.734
Absent 319 (78.8%) 177 (80.1%) 75 (78.1%) 67 (76.1%)
Present 86 (21.2%) 44 (19.9%) 21 (21.9%) 21 (23.9%)

Median 0S, months 53.0 (45.5-60.5) 54.4 (39.9-68.8) 58.0 (42.4-73.5) 48.3 (37.9-58.6) 0.588

08, overall survival; pN, pathological N stage; pT, pathological T stage.

decayed to half when the C-index of the internal validation set did
not improve further for 10 consecutive times. The model was
trained for a maximum of 50 epochs using the Adam optimizer
with a batch size of 32 and the early stopping’s patience of 20.
The model with the highest C-index in the validation was finally
selected. Finally, the heatmaps of suspicious regions were gener-
ated using a gradient-weighted class activation map (Grad-CAM)
to visualize significant lesion regions identified by the model!33!,

Radiomics and DLRN model construction

Radiomics features were extracted from the 3D ROIs of each
patient’s CT images using the Pyradiomics package (version 2.2.0) in
Python. In the training set, radiomic features were selected by using
inter and intra-correlation coefficients (ICCs) analysis, univariate
Cox analysis, spearman rank correlation test and least absolute
shrinkage and selection operator (LASSO) Cox regression. The
radiomics score (Rad-score) was calculated by combining the selected
features and corresponding weights in multivariate Cox regression
analysis. More details of radiomics features extraction and radiomics
score construction can be found in Supplementary Material
(Supplemental Digital Content 2, http:/links.lww.com/JS9/B908).

Univariate Cox regression analysis was used to assess the
relationship between clinicopathological characteristics and OS
in the training set. Combining independent clinicopathological
factors, Rad-score and DL-score, a multivariate Cox propor-
tional risk regression was used to develop a DLRN.

Statistical analysis

Harrell’s consistency index (C-index), time-dependent receiver
operating characteristic (ROC) analyses were used to assess and
test the prognostic performance of the proposed models in all
cohorts. The optimal cut-off point for prognostic score was cal-
culated using X-tile software in the training set, and patients were
risk stratified into high-risk and low-risk group. Kaplan—-Meier
survival analysis and the log-rank test were performed to assess
the difference in prognosis between two groups. Subgroup ana-
lyses were performed to determine the relationship between the
two groups and subgroups defined by sex, age, history of NMIBC
status, number of tumors, pathologic T stage, pathologic N stage,
pathological grade, and lymphovascular invasion status. The
Cox proportional hazards model was used for univariate and
multivariate analysis. Calibration curves were used assess the
agreement between predicted outcomes of nomogram and actual
outcomes.

Continuous variables were presented as the median and
interquartile range (IQR), and categorical variables were pre-
sented as frequencies and percentages. Comparisons of baseline
differences were conducted using y* test for categorical variables
and one-way ANOVA for continuous variables, respectively.
Data analyses were performed using R (version 4.1.2; R
Foundation for Statistical Computing; https://www.r-project.
org) and the SPSS software (version 23.0; SPSS Inc.). All analyses
were considered statistically significant with a two-sided
P-value <0.05.
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The performance of models in predicting OS in MIBC patients.

1-years AUC

3-years AUC

5 years AUC

0.674 (0.533-0.814
0.740 (0.618-0.862
0.767 (0.649-0.885
0.803 (0.698-0.907
0.661 (0.496-0.826
0.743 (0.565-0.921

0.792 (0.677-0.906
0.771 (0.564-0.978
0.689 (0.446-0.931
0.663 (0.438-0.886

0.715 (0.639-0.790
0.713 (0.636-0.791
0.771 (0.699-0.842
0.821 (0.758-0.883
0.611 (0.468-0.754
0.665 (0.536-0.793

0.716 (0.582-0.849
0.714 (0.598-0.830
0.621 (0.490-0.753
0.713 (0.592-0.833

0.690 (0.589-0.791
0.711 (0.607-0.815
0.752 (0.654-0.851
0.807 (0.712-0.903
0.686 (0.549-0.822
0.693 (0.540-0.847

0.815 (0.691-0.939
0.558 (0.396-0.720
0.651 (0.479-0.823
0.812 (0.688-0.937

Cohorts Models C-index
Training set Clinical model 0.668 (0.612—-0.723)
Rad-score 0.669 (0.610-0.724)
DL-score 0.727 (0.673-0.778)
Combined model 0.766 (0.718-0.813)
Internal validation set Clinical model 0.618 (0.531-0.706)
Rad-score 0.652 (0.566-0.741)
DL-score 0.690 (0.605-0.774)
Combined model 0.713 (0.627-0.798)
External validation set Clinical model 0.610 (0.470-0.698)
Rad-score 0.601 (0.493-0.694)
DL-score 0.658 (0.556-0.739)
Combined model 0.685 (0.586-0.765)

) ) )

( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )
0.740 (0.590-0.890) 0.693 (0.551-0.835) 0.778 (0.645-0.911)
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )
( ) ( ) ( )

0.843 (0.719-0.967 0.756 (0.637-0.873 0.754 (0.614-0.893

AUG, an area under the receiver operating characteristic curve; DL-score, deep learning score; OS, overall survival; Rad-score, radiomics score.

Results

Patient characteristics

The baseline clinical characteristics of patients are shown in
Table 1. Among these 405 patients enrolled in this study, the
median age was 67.0 years (IQR, 59.0-73.0), 360 (88.9%)
patients was men and 268 (66.2%) patients had pT2 stage. The
clinical characteristics were similar and no statistically significant
difference was observed in different sets. The median follow-up
period was 48.4 months (IQR, 34.6-68.1) in all patients. The
median OS were 54.4 months (95% CI: 39.9-68.8) in the training
set, 58.0 months (95% CI: 42.4-73.5) in the internal validation
set and 48.3 months (95% CI: 37.9-58.6) in the external vali-
dation set, respectively.

Performance of the DL model

We trained an attention-based DL model to predict OS after
radical cystectomy in MIBC patients using preoperative CT
images. The output of the model was used as deep learning
computed risk score (DL-score). The C-index of the DL-score
achieved 0.727 (95% CI: 0.673-0.778) in the training set,
0.690 (95% CI: 0.605-0.774) in the internal validation set,
and 0.658 (95% CI: 0.556-0.739) in the external validation
cohort (Table 2). The DL-score was able to accurately predict
1, 3, 5 years OS, with AUC of 0.740 (95% CI: 0.590-0.890),
0.693 (95% CI: 0.551-0.835) and 0.778 (95% CI:
0.645-0.911) in the internal validation set, and 0.663 (95%
CL: 0.438-0.890), 0.713 (95% CI: 592-0.833), and 0.812
(95% CI: 0.688-0.937) in the external validation set, respec-
tively (Fig. S1, Supplemental Digital Content 2, http:/links.
lww.com/JS9/B908). Patients were stratified into high-risk and
low-risk groups based on a DL-score with a cutoff value of
-0.06, which was obtained in the training set by X-tile soft-
ware. Patients in the high-risk group had worse OS compared
to the patients in the low-risk group in the train set [hazard
ratio (HR), 5.340 (95% CI: 3.542-8.050), P <0.0001], in the
internal validation set [HR, 4.744 (95% CI: 2.348-9.587),
P <0.0001], and in the external validation set [HR, 2.559
(95% CI: 1.374-4.767), P=0.0022] (Fig. 2A).

DL-score was statistically independent of potential
confounders

We then assessed the association between DL-score and OS out-
comes in patients with MIBC using univariate and multivariate
Cox models. From the results of univariate Cox regression ana-
lysis, age, pathological T stage, pathological N stage, Rad-score,
and DL-score were significantly associated with OS in the training
set (Table S2, Supplemental Digital Content 2, http:/links.lww.
com/JS9/B908). The results of multivariate Cox regression ana-
lysis demonstrated that, adjusting for clinicopathologic variables
(age, pathologic T stage, and pathologic N stage), DL-score
remained an significantly independent prognostic factor of OS in
the training set (P <0.001), internal validation set (P=0.001),
and external validation set (P=0.002) (Fig. 2B and Table S3,
Supplemental Digital Content 2, http://links.lww.com/JS9/B908).

DL-score performance in different subgroups and model
interpretability

The subgroup analysis showed significant differences in OS between
high and low-risk group in all subgroups defined by sex, age, history
of NMIBC status, numbers of tumor, pathologic T stage, pathologic
N stage, pathological grade, and lymphovascular invasion (all
P<0.01) (Fig. 3A). Additionally, even in the subgroups identified by
the Rad-score, the DL-score was able to accurately identify high-risk
and low-risk patients (Fig. 3B). Furthermore, the OS of patients with
pT2 stage in the subgroup of DL-score defined high-risk was sig-
nificantly shorter compared with that patients with pT3 or pT4 stage
in low-risk [HR, 2.194 (95% CI: 1.383-3.479), P <0.001] (Fig. S2,
Supplemental Digital Content 2, http:/links.lww.com/JS9/B908).
The OS of patients with pNO or Nx stage in the subgroup of DL-
score defined high-risk was significantly shorter compared with that
patients with pN1 or pN2 or pN3 stage in low-risk (HR, 2.18 [95%
CI, 1.087-4.371], P=0.024) (Fig. S3, Supplemental Digital Content
2, http:/links.lww.com/JS9/B908).

The risk score distribution computed by the DL model and the
gradient-weighted class activation map of the original image are
shown in Figure 4. The red area was mainly focused on the basal
part and the whole tumor area, implying that the DL model
focuses on these areas to extract valuable information.
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Figure 2. Kaplan—Meier curves shown survival difference between high-risk group and low-risk group stratified by DL-score in the training cohort (A), internal
validation set (B) and external validation set (C). Forest plots of the multivariable Cox regression analysis of DL-score in the training cohort (D, internal validation set

(E) and external validation set (F).

DL-score outperformed Rad-score and clinical model

Twelve radiomics features were screened to build the radiomics
score (Rad-score) (Fig. S4, Supplemental Digital Content 2, http://
links.lww.com/JS9/B908). The Kaplan—-Meier curves and time-
dependent ROC curves according to the Rad-score in the train-
ing, internal validation and external validation set are shown in
Figure S5 (Supplemental Digital Content 2, http:/links.lww.com/
JS9/B908) and Figure S6 (Supplemental Digital Content 2, http://
links.lww.com/JS9/B908). The clinical model was built by
combing age, pathologic T stage, and pathologic N stage using
multivariate Cox regression analyses. The Rad-score exhibited a
higher C-index (0.652, 95% CI: 0.566-0.741) than clinical
model (0.618, 95% CI: 0.531-0.706) in internal validation set,
but was still much lower than DL-score (0.690, 95% CI:
0.605-0.774) (Table 2). However, the C-index of Rad-score in
the external wvalidation set was only 0.601 (95% CIL:
0.493-0.694), which was slightly lower than the clinical model
(0.610, 95% CI: 0.470-0.698). Compared with DL-score, the
Rad-score and clinical model had a much lower time-dependent
AUC at 5 years, ranging from 0.651 (95% CI: 0.479-0.823) to
0.693 (95% CI: 0.540-0.847) and 0.558 (95% CI: 0.396-0.720)
to 0.686 (95% CI: 0.549-0.822) in validation set, respectively
(Fig. S7, Supplemental Digital Content 2, http:/links.lww.com/
JS9/B908).

Performance of the DLRN

The DLRN was built by integrating DL-score, Rad-score, and
clinicopathologic risk factors for independently prediction of OS
in a training cohort (Fig. 5A). The DLRN achieved superior
prognostic prediction performance compared with single-mod-
ality model, with a C-index of 0.713 (95% CI: 0.627-0.798) in
the internal validation set and 0.685 (95% CI: 0.586-0.765) in
the external validation set. The ROC curve at 1, 3, and 5 years are
shown in Figure 5B. There was good agreement between the
nomogram estimations and actual observation in the training,
internal validation, and external validation set (Fig. 5C).

Discussion

In this multicenter study, we proposed a DL model based on
attention mechanism to predict OS in MIBC patients after radical
cystectomy through preoperative CT images. Furthermore, DL
model outperformed classic handcrafted radiomics model and
clinicopathologic feature-based model. Our results suggest that
DL computed risk scores can provide added prognostic value
beyond traditional clinicopathologic features. Traditionally, more
aggressive radical cystectomy and pelvic lymph node dissection or
in combination with neoadjuvant chemotherapy are the mainstay
of treatment for MIBC. In recent years, with the advancements in
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Figure 3. HR of OS for all patients according to the DL-score in different subgroup (A). Kaplan—Meier survival analysis for OS of the DL-score in the subgroups

stratified by Rad-score (B). HR, hazard ratio.

immunotherapy and targeted therapeutic agents, there are more
available treatment options for MIBC patients. Personalized
treatment decisions and follow-up management are mainly based
on patients’ prognostic risk stratification. However, most current
prognostic models are primarily based on established TNM

tumor staging system without taking into account other risk
factors such as imaging and genetic information!*>*!,

Radiomics can provide noninvasive tools to identify tumor
biological behavior by extracting and analyzing high-throughput

quantitative data from medical images. In recent years, an
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Figure 4. The risk score distribution computed by the DL model, and some representative examples of original CT images, cropped input CT images and
corresponding gradient-weighted class activation maps. The Grad-CAM results shown that the attention-based deep learning model highly focused on the basal

part of tumor and the whole tumor area in the images.

increasing number of radiomics models based on CT or MRI
have been utilized to predict OS and progression-free survival in
patients with BCa. Zhang et al.l*®! constructed radiomics sig-
nature from diffusion-weighted imaging (DWI) images to predict
progression-free survival (PFS) in MIBC patients and radiomics
signature alone achieved a C-index of 0.612 in the test data set. In
another study, the combination of radiomics features extracted
from tumor and lymph node regions and clinical parameters to
predict OS in bladder cancer patients achieved a mean area under
the ROC curve of 0.785 integrated over 1 to 7 years after RCI*8],
Our study found that radiomics model based on handcrafted
radiomics features was able to predict OS in MIBC patients, with
comparable predictive performance to previous studies [C-index
0f 0.652 (95% CI: 0.566-0.741) in the internal validation set and
0.601 (95% CI: 0.493-0.694) in the external validation set].
However, handcrafted radiomics features, limited by preselection
of morphological and textural features, may not capture all useful
information from radiological images.

DL, an advanced machine learning technique, can directly
extract more comprehensive and in-depth information from raw
images and build end-to-end predictive models. DL shows a pro-
mising future in predicting tumor grade, treatment response, and
prognosis among many kinds of tumors!*”*%!, However, few stu-
dies have directly compared DL models with traditional radiomics
models. Our study found that DL computed risk scores out-
performed traditional handcrafted radiomics model and can further

differentiate high-risk and low-risk patients from subgroups clas-
sified by radiomics model. More importantly, the prognosis in
MIBC patients with high TNM stage may not always be worse
than that in patients with low stage. In this study, DL model can
accurately identify patients with favorable prognosis in high stage
disease and worse prognosis in low stage disease. This suggests that
DL algorithms can extract prognostic information from enhanced
CT images, which complements clinical prognostic features.

In a previous study, a combined model incorporating DL fea-
tures, radiomics features, and clinical factors was built to predict
survival after radical surgery for bladder cancer'?”!. However, the
study’s patient cohort was relatively small and included only a
single medical center. Notably, like many previous studies, this
study constructed a binary classification to predict survival
prognosis, which would have lost much useful survival infor-
mation. Survival prediction research, which differs from tradi-
tional classification tasks, need to use both survival status and
survival time information due to the presence of censored data. In
the present study, we used ResNet-50 as the network backbone
for feature extraction, which has been widely used in other
medical tasks. We then customized the loss function based on
Cox partial likelihood, and constructed an end-to-end DL models
to predict survival outcome. Previous studies suggested that
attentional mechanisms, such as squeeze-and-excitation (SE)
module and CBAM, may improve the prediction performance of
convolutional neural networks?%?!!, Our results found that the
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Figure 5. The deep learning radiomics nomogram (DLRN), integrating DL-score, Rad-score, age, pathological T stage and pathological T stage, was developed in
the training set (A). Time-dependent ROC curve at 1, 3, and 5 years was used to assess the prognostic performance of DLRN in the training, internal validation and
external validation set (B). The calibration curve showed good agreement between the nomogram estimations and actual observation in the training, internal
validation and external validation set (C).

CBAM-based DL model outperformed the traditional radiomics In the current literature, tumor grading, depth of tumor infil-
model and clinical model in predicting postcystectomy prognosis.  tration, lymph node status, histological variation, and clinical
The results suggest that CT-based DL algorithms might have a  features have been identified as important predictors of OS after
predictive value in the outcome prediction of patients with MIBC. ~ radical cystectomy. Previous studies have shown that the
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inclusion of additional prognostically relevant factors may con-
tribute to the construction of a more robust model***”!, In this
study, a combined model was developed by combining clin-
icopathological factors, Rad-score, and DL-score through
nomogram and achieved best efficacy. Considering the advanced
age of most bladder tumor cases, comorbidity and performance
assessment holds significant importance in guiding treatment
decisions and predicting survival outcomes®®!. Future artificial
intelligence models may consider incorporating these factors,
such as Age-adjusted Charlson Comorbidity Index, Preoperative
Score to Predict Postoperative Mortality, and the American
Society of Anesthesiologists (ASA) score.

This study has several limitations. Firstly, although our model
was validated in an independent external cohort, all included
patients were from the same region in southwest China. In addi-
tion, all data were collected retrospectively with small sample sizes,
which inevitably introduces selection bias and hidden confounders.
Therefore, a large prospective cross-regional and cross-national
data are needed for future validation. Moreover, the study could
not evaluate the impact of neoadjuvant therapy on OS due to the
exclusion of this patient subgroup. Secondly, we only selected the
largest section image of the tumor as input data to the DL model,
which may lose some important three-dimensional morphological
information inside the tumor. Thirdly, manual delineation of tumor
areas requires professional radiologists and the results were highly
influenced by subjective experience. In the future, we will investi-
gate the application of automated segmentation techniques and
newer DL models in bladder cancer. Fourthly, future studies may
consider incorporating other prognostic factors, such as genetics
and pathologic data, to improve the model’s prognostic predictive
ability for patients with MIBC.

Conclusion

In conclusion, we developed and validated a preoperative CT-
based DL model to predict OS of MIBC patients who underwent
radical cystectomy. The DLRN model showed better perfor-
mance after combining DL-score, Rad-score, and clin-
icopathological factors. Our model can assist clinicians to risk
stratify MIBC patients and may be helpful in guiding persona-
lized treatment decision-making process and follow-up strategies.
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