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Deep learning-based model for prediction of early recurrence
and therapy response on whole slide images in non-muscle-
invasive bladder cancer: a retrospective, multicentre study
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Summary

Background Accurate prediction of early recurrence is essential for disease management of patients with non-muscle-
invasive bladder cancer (NMIBC). We aimed to develop and validate a deep learning-based early recurrence predictive
model (ERPM) and a treatment response predictive model (TRPM) on whole slide images to assist clinical decision
making.

Methods In this retrospective, multicentre study, we included consecutive patients with pathology-confirmed NMIBC
who underwent transurethral resection of bladder tumour from five centres. Patients from one hospital (Sun Yat-sen
Memorial Hospital of Sun Yat-sen University, Guangzhou, China) were assigned to training and internal validation
cohorts, and patients from four other hospitals (the Third Affiliated Hospital of Sun Yat-sen University, and Zhujiang
Hospital of Southern Medical University, Guangzhou, China; the Fifth Affiliated Hospital of Sun Yat-sen University,
Zhuhai, China; Shenshan Medical Centre, Shanwei, China) were assigned to four independent external validation
cohorts. Based on multi-instance and ensemble learning, the ERPM was developed to make predictions on
haematoxylin and eosin (H&E) staining and immunohistochemistry staining slides. Sharing the same architecture
of the ERPM, the TRPM was trained and evaluated by cross validation on patients who received Bacillus
Calmette-Guérin (BCG). The performance of the ERPM was mainly evaluated and compared with the clinical
model, H&E-based model, and integrated model through the area under the curve. Survival analysis was
performed to assess the prognostic capability of the ERPM.

Findings Between January 1, 2017, and September 30, 2023, 4395 whole slide images of 1275 patients were included
to train and validate the models. The ERPM was superior to the clinical and H&E-based model in predicting early
recurrence in both internal validation cohort (area under the curve: 0.837 vs 0.645 vs 0.737) and external validation
cohorts (area under the curve: 0.761-0.802 vs 0.626—0.682 vs 0.694-0.723) and was on par with the integrated model.
It also stratified recurrence-free survival significantly (p < 0.0001) with a hazard ratio of 4.50 (95% CI 3.10-6.53). The
TRPM performed well in predicting BCG-unresponsive NMIBC (accuracy 84.1%).

Interpretation The ERPM showed promising performance in predicting early recurrence and recurrence-free survival
of patients with NMIBC after surgery and with further validation and in combination with TRPM could be used to
guide the management of NMIBC.
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Research in context

Evidence before this study

We perform a PubMed search for relevant articles published in
any language from the database inception to Oct 30, 2024,
using the search string: (“artificial intelligence” OR “deep
learning” OR “machine learning”) AND (“recurrence” OR
“therapy response” OR “prognosis”) AND (“whole slide image”
OR “pathology image”). We reviewed the 97 search results
and identified 7 articles relevant to bladder cancer. Only 1
study developed an artificial intelligence model on
haematoxylin and eosin (H&E)-stained slides to detect
recurrence in non-invasive bladder cancer. However, this study
had limited clinical impact due to small sample size and
limited type of input data. No study has reported an artificial
intelligence model that uses both H&E and
immunohistochemistry stains for predicting recurrence and
therapy response in non-muscle-invasive bladder cancer.

Introduction
Bladder cancer (BCa) is the ninth most common cancer
globally.! Accounting for approximately 75% of newly
diagnosed BCa, non-muscle-invasive BCa (NMIBC) re-
curs frequently.? Despite transurethral resection of
bladder tumour (TURBT), NMIBC patients still have a
reported recurrence rate of 40% in 1 year,’ and over 20%
of recurrent patients would progress to muscle-invasive
BCa.* Patients with early recurrence were reported to
have more frequent recurrence, poorer cystectomy-free
survival, and overall survival than patients with late
recurrence.” NMIBC patients at high risk of early recur-
rence should be offered more aggressive management.

Guidelines, like European Association of Urology
(EAU) guidelines, recommended treatments, including
intravesical instillation and radical cystectomy, for
decreasing the recurrence, and follow-up for moni-
toring.*” However, approximately 30% of high-risk
NMIBC still relapsed in 2 years after the start of main-
tenance Bacillus Calmette-Guérin (BCG) therapy.® For
BCG-unresponsive patients, further intravesical BCG
may be useless.” In addition, the above managements
will reduce quality of life due to the side effects and
economic burden, especially radical cystectomy.' It is
therefore important to accurately stratify the NMIBC
patients based on their recurrence risk and treatment
response for an individualized strategy of treatment and
follow-up.

Among the previous studies,”'""* the scoring models
of the Spanish Urological Club for Oncological

Added value of this study

In this multicentre study, we developed and validated a deep
learning-based model called the early recurrence predictive
model (ERPM) to predict early recurrence in non-muscle-
invasive bladder cancer, which used whole slide images of H&E
and immunochemistry stains. The ERPM showed satisfactory
and robust performance in cross-centre cohorts,
outperforming the clinical model, H&E-based model, and
integrated model.

Implications of all the available evidence

To our knowledge, this is the first study that used H&E and
immunochemistry stains to train and validate models to
predict early recurrence and therapy response in non-muscle-
invasive bladder cancer. By combining the two models, we
developed a novel system that can stratify the recurrence risk
and with further validation might instruct the postoperative
management of non-muscle-invasive bladder cancer.

Treatment (CUETO) and the European Organization for
Research and Treatment of Cancer (EORTC) are the
most widely used models to predict recurrence of
NMIBC. Both models comprise clinical and pathological
features, and are aimed at predicting the risk of early
and late recurrence. However, their capability was
proven to be insufficient by recent studies.'*'* Mateusz
Jobczyk et al. recalibrated the above models and showed
an improvement in predicting progression, whereas the
ability to predict recurrence remained inadequate.” This
was also reported by other studies, especially when
predicting the recurrence of high-grade NMIBC.'* There
is a high demand for a more efficient model to predict
post-TURBT recurrence of NMIBC.

In the past decade, artificial intelligence has shown
great potential in the diagnosis and prognosis of
tumours."”" Several machine-learning-based models
have been developed for predicting the recurrence of
NMIBC, but their performance varies with study co-
horts.**** Deep learning becomes a better choice for its
ability to model non-linear parameters and robustness
across large datasets.”” Marit Lucas et al. combined
digital haematoxylin and eosin (H&E) staining slides
with clinical data to develop a deep-learning-based
model to predict recurrence-free survival (RFS) of
NMIBC patients, but still showed moderate capability in
predicting early recurrence (area under the curve [AUC]
of 0.62)."* Generally, the above studies only used path-
ological features from H&E staining slides and got
insufficient performance. Previous studies have shown
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that immunohistochemistry (IHC) status was related to
the recurrence of BCa,”* such as P53 (TP53), CK20
(cytokeratin 20), Ki67 (MKI67), etc. By combining the
H&E and IHC stains, we hypothesized that we could
achieve a more precise prediction of early recurrence
and therapy response.

In this study, we developed an early recurrence
predictive model (ERPM) in NMIBC. We compared the
ERPM with conventional models and estimated its
ability to stratify RFS. Moreover, we explored its poten-
tial in predicting the response to BCG therapy in
NMIBC.

Methods

Participants

In this retrospective, multicentre study, we included
consecutive patients with NMIBC in five hospitals (Sun
Yat-sen Memorial Hospital of Sun Yat-sen University
[SYSMH]; The Fifth Affiliated Hospital of Sun Yat-sen
University [SYUFH]; Shenshan Medical Centre [SSMC];
Zhujiang Hospital of Southern Medical University [Z]H];
the Third Affiliated Hospital of Sun Yat-sen University
[SYUTH)) from January 1, 2017 to September 30, 2023.
The inclusion criteria were as follows: (1) receiving
TURBT and immediate postoperative installation of
chemotherapy. (2) NMIBC confirmed by pathological
diagnosis; (3) complete clinicopathological data; (4)
available H&E staining slides along with or without IHC
staining slides. The exclusion criteria were as follows: (1)
clinical suspicions of nodal or distant metastasis; (2)
concurrent other malignancies; (3) immediate RC after
the first TURBT; (4) endpoint (recurrence within 2 years
or RFS longer than 2 years) was not reached.

Ethics

This study has been approved by the Sun Yat-sen Me-
morial Hospital Institutional Review Board (number
SYSKY-2024-353-01) and the requirement for informed
consent was waived because of the observational design.

Procedures

The baseline characteristics of the patients, including
age, sex, prior recurrence status, number of tumours,
tumour size, T stage, concomitant carcinoma in situ
(CIS), histologic grade, and follow-up data, were
collected from medical record archives. T stage and
histologic grade were confirmed by pathologists based
on the AJCC/UICC 8th Edition TNM staging criteria
and the 2004/2016 WHO histological classification sys-
tem. Standard follow-up was defined as cystoscopy and
urinary cytology every 3—6 months for the first 2 years,
every 6 months for the following 3 years, and once a year
thereafter. Recurrence was pathologically confirmed by
the presence of BCa in the specimen from subsequent
TURBT or cystectomy after 3 months. The reappearing
BCa within 3 months was considered as the residual
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part of primary tumours. Early recurrence was defined
as recurrence within 2 years, due to the delayed effect of
intravesical therapy on recurrence.”” RFS was defined as
the period from the time they received the TURBT to
the time of recurrence, the last follow-up, RC, or
recurrence-free death.

Slides of the resected tumour tissue in TURBT were
collected from the pathology department’s archive,
which were stained by H&E along with or without IHC
(including P53, CK20, and Ki67). The whole slide im-
ages (WSIs) were generated by a digital slide scanner
(SQS-40P, Shengqiang Technology, Shenzhen, China)
with 20 x magnification. We excluded low-quality slides
owing to improper staining or unremovable obstruction.
Patients from the south and north branches of SYSMH
were assigned to the ‘training cohort’ and the ‘internal
validation cohort’, respectively. Patients from ZJH,
SYUTH, SYUFH, and SSMC were assigned to four in-
dependent external validation cohorts.

The development of ERPM consisted of three
sequential stages. In the first stage, the WSIs were first
cropped into valid patches. Then, a pre-trained feature
extraction model was applied to extract the correspond-
ing features of the patches. All the extracted patch-level
features from the same case would be merged according
to the demand (H&E or H&E along with THC).

The ERPM is an ensemble model consisting of two
different sub-models. The sub-model mainly used the
multi-instance part of DSMIL (available at https://
github.com/binli123/dsmil-wsi), while the patch classi-
fication part of the output was modified from top1 to the
average of top N. The selection of hyperparameter was
accomplished through a handcrafted method and Neu-
ral Network Intelligence in a strategy of Tree-structured
Parzen Estimator. Being set different hyperparameters,
the two different sub-models were selected from two
different 5-fold cross-validation.

In the final stage, the merged features of one case
were input into two sub-models to obtain the bags pre-
diction confidence and the patches confidence. The top
1 patch’s confidence and the bags prediction confidence
were averaged to obtain the final prediction of the single
sub-model. The average of the prediction of two sub-
models is the final prediction of this case. More de-
tails about the training process are provided in the
Appendix (pp 2—4).

The H&E-based model shared the same network
architecture with the ERPM, while the only difference
was the training and validation data. It only used fea-
tures from H&E staining WSIs for training and valida-
tion. The variables used to construct clinical model and
integrated model were selected through LASSO (Least
Absolute Shrinkage and Selection Operator) regression
(Appendix p 4). Receiver operating characteristic (ROC)
curves, decision curve analysis (DCA), and calibration
curves were used to compare the performances of four
models.
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Survival analysis was also performed to estimate the
prognostic capability of the ERPM. The binary classifi-
cation of the ERPM was based on the cut-off value with
optimal Youden index. We conducted univariable and
multivariable Cox regression analysis in the training
cohort, and selected clinical factors with statistical sig-
nificance to build a Cox regression model (clinical Cox
model). The integrated Cox model was built by
combining the prediction of the ERPM and clinical Cox
model. The C indexes of four models (the ERPM, H&E-
based model, clinical Cox model, and integrated Cox
model) in each validation cohort were further compared.

To enhance the explainability of the ERPM, we
conduct comparisons between different combinations of
IHC stains by adjusting the strategy of merging data in
the first stage of the ERPM. We also extracted quanti-
tative features from the top1 patch through CellProfiler
(Version 4.2.6) and QuPath(Version 0.5.1), and
compared the above features between the high-risk and
low-risk groups defined by the ERPM (Appendix p 4).

Based on the architecture of ERPM, we developed a
treatment response predictive model (TRPM). We
included the BCG-naive patients treated by intravesical
BCG from SYSMH (training cohort and internal vali-
dation cohort of the ERPM). According to the US Food
and Drug Administration’s criteria,” the BCG-
unresponsive NMIBC included persistent or recurrent
CIS within 12 months of completion of adequate BCG
therapy, recurrent high-grade Ta/T1 tumour within 6
months of completion of adequate BCG therapy, and
high-grade T1 disease at the first evaluation following
BCG induction. Adequate BCG therapy is defined as at
least five of six doses of an initial induction course with
more than two additional doses in maintenance therapy
or a second induction course. The endpoints of patients
were defined as confirmed BCG-unresponsive NMIBC
or the last follow-up after 12 months since completion of
adequate BCG therapy. The patients who hadn’t reached
endpoints were excluded. The training process of the
TRPM was similar to the ERPM, and details are avail-
able in the Appendix (p 3).

Statistics

All statistical analyses and data visualization were per-
formed using R software (Version 4.3.1) and Prism 9
(GraphPad Software). The glmnet package and stats
package were used to select relevant clinical factors and
build the clinical as well as the integrated model. The
ROC curve, calibration curves, DCA, and area under the
curve (AUC) were employed to evaluate the perfor-
mance of the models (pROC package, rmda package,
and rms package). The Delong test was used to compare
the two ROCs. The Kaplan-Meier method, log-rank test,
C index, and Cox proportional hazards model were used
to estimate the prognostic capability of the ERPM (sur-
vival package and survminer package). Shapiro—Wilk
test was used to test the distribution of the values for

normality. Mann—-Whitney U test was used to analyse
non-normally distributed data, and Student’s t-test was
used to test normally distributed data for continuous
variables. The chi-square test was used to test categorical
variables. One-way ANOVA and Dunnett’s test were
used when comparing more than two groups with
normal distribution. All statistical tests were two-sided
and p < 0.05 was considered statistically significant.

Role of the funding source

The funders of the study had no role in the study design,
data collection, data analysis, data interpretation, or
writing of the report.

Results

Between January 1, 2017, and September 30, 2023, 1620
consecutive patients received TURBT and immediate
postoperative installation of chemotherapy, and were
pathology-confirmed NMIBC (Fig. 1). We included 1275
patients, and excluded 345 patients based on the pre-
defined exclusion criteria. 572 patients were assigned
to the training cohort, 133 patients were assigned to the
internal validation cohort, and 570 patients were
assigned to four external validation cohorts. Table 1
shows the baseline characteristics of participants.
There were no missing data in all five cohorts. A total of
1,135,413 image patches were generated from 4395
WSIs of 1275 patients to train and validate the models.

In Lasso regression, sex, T stage, histologic grade,
concomitant CIS, number of tumours, tumours size,
and prior recurrence were selected to construct the
clinical model (Appendix p 5). The prediction of the
ERPM was added to these factors to develop the inte-
grated model.

As is shown in Fig. 2A, the ERPM achieved the best
AUC (0.837, 95% CI 0.757-0.918) in the internal vali-
dation cohort, which is significantly higher than the
clinical model and H&E-based model (Delong test,
p < 0.0001 and p < 0.01, respectively). The calibration
plot of all models in the internal validation cohort is
presented in Fig. 2B. The Brier scores of four models
were 0.173 (ERPM), 0.197 (HE-based model),
0.219(Clinical model), and 0.162 (Integrated model).
DCA plot indicated that the ERPM gained greater net
benefit than other models over the most range of
threshold probability (Fig. 2C). Fig. 2D-I and
Supplementary Fig. S2 (Appendix p 6) show robust
performances of the ERPM in four external validation
cohorts, outperforming H&E-based model and clinical
model. There is no statistically significant difference
between the ERPM and the integrated model in every
validation cohort.

We further assess the prognostic capability of the
ERPM. Patients were stratified into “high risk” and “low
risk” groups (training cohort 322 vs 250, internal vali-
dation cohort 87 vs 46, and external validation cohorts
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1620 patients had transurethral resection of bladder tumor and
pathologically comfirmed NMIBC from five hospitals

Exclusion:
20 had concurrent upper tract urothelial carcinoma or metastasis
15 had immediate radical cystectomy after first TURBT
292 hadn't reached the endpoint
7 improper staining
11 unremovable obstruction of slides

1275 patients had transurethral resection of bladder tumor and
pathologically comfirmed NMIBC from five hospitals

' !

570 patients from SYSTH, SYSFH, ZJH, 705 patients from SYSMH used for Subset of patients with BCG therapy from
and SSMC used for external validation trainning and internal validation SYSMH: 271 patients

' l

Four external validation cohorts

SYSTH: 91 patients Trainning cohort Internal validation cohort
SYSFH: 210 patients
ZIH: 205 patients 572 patients from south branch of SYSMH 133 patients from north branch of SYSMH

SSMC: 64 patients

A 4
Development and validation of an artificial intelligence model for Devel of an artificial intelli model for prediction of BCG-
prediction of early recurrence of NMIBC unresponse patients

Bras H

%h %ﬁﬁ _% Q Feature extraction — { H&E-based

| ), X model

B —
H&E stain |
Features
] TRP
______ Eeatu:es
] ', Clinical factors \|
@ 1 Age 1
— 1 Sex 1 P
= . T stage | Clinical
~ | Histological grade : model
Prior recurrence |
1 Number of tumours |

\ Tumoursize 7
~ -

Integrated
model

v LASSO regression

Fig. 1: Flowchart of the study. (A) Flowchart of included patients. (B) Framework of our study. NMIBC = non-muscle-invasive bladder cancer.
TURBT = transurethral resection of bladder tumour. SYSMH = Sun Yat-sen Memorial Hospital of Sun Yat-sen University. SYSFH = The Fifth
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SYSMH training SYSMH validation SYSFH validation ZJH validation SYSTH validation SSMC validation
cohort (N = 572) cohort (N = 133) cohort (N = 210) cohort (N = 205) cohort (N = 91) cohort (N = 64)

Age, years 62.00 (55.00,71.00) 65.00 (56.00,72.00) 67.00 (58.00,72.00) 66.00 (57.00,74.00) 67.00 (57.00,73.00) 64.00 (57.00,73.00)
Sex

Female 87 (15.2%) 27 (20.3%) 35 (16.7%) 39 (19.0%) 11 (12.1%) 7 (10.9%)

Male 485 (84.8%) 106 (79.7%) 175 (83.3%) 166 (81.0%) 80 (87.9%) 57 (89.1%)
Number of tumours

Single 282 (49.3%) 110 (82.7%) 103 (49.0%) 160 (78.0%) 69 (75.8%) 34 (53.1%)

Multiple 290 (50.7%) 23 (17.3%) 107 (51.0%) 45 (22.0%) 22 (24.2%) 30 (46.9%)
Tumour size

>3 cm 159 (27.8%) 34 (25.6%) 48 (22.9%) 41 (20.0%) 19 (20.9%) 22 (34.4%)

<3 m 413 (72.2%) 99 (74.4%) 162 (77.1%) 164 (80.0%) 72 (79.1%) 42 (65.6%)
Tumour stage

T1 212 (37.1%) 61 (45.9%) 104 (49.5%) 44 (21.5%) 21 (23.1%) 16 (25.0%)

Ta 353 (61.7%) 70 (52.6%) 100 (47.6%) 160 (78.0%) 69 (75.8%) 46 (71.9%)

Tis 7 (1.2%) 2 (1.5%) 6 (2.9%) 1 (0.5%) 1 (1.1%) 2 (3.1%)
Tumour grade

High grade 356 (62.2%) 97 (72.9%) 120 (57.1%) 69 (33.7%) 40 (44.0%) 24 (37.5%)

Low grade 204 (35.7%) 35 (26.3%) 86 (41.0%) 131 (63.9%) 49 (53.8%) 38 (59.4%)

PUNLMP 12 (2.1%) 1 (0.8%) 4 (1.9%) 5 (2.4%) 2 (2.2%) 2 (3.1%)
Concomitant CIS

No 566 (99.0%) 127 (95.5%) 201 (95.7%) 203 (99.0%) 89 (97.8%) 62 (96.9%)

Yes 6 (1.0%) 6 (4.5%) 9 (4.3%) 2 (1.0%) 2 (2.2%) 2 (3.1%)
Prior recurrence

No 445 (77.8%) 115 (86.5%) 144 (68.6%) 162 (79.0%) 77 (84.6%) 58 (90.6%)

Yes 127 (22.2%) 18 (13.5%) 66 (31.4%) 43 (21.0%) 14 (15.4%) 6 (9.4%)
EAU risk stratification

Low 146 (25.5%) 29 (21.8%) 39 (18.6%) 93 (45.4%) 38 (41.8%) 20 (31.3%)

Intermediate 150 (26.2%) 34 (25.6%) 55 (26.2%) 62 (30.2%) 23 (25.3%) 15 (23.4%)

High 261 (45.6%) 64 (48.1%) 111 (52.9%) 49 (23.9%) 29 (31.9%) 26 (40.6%)

Very high 15 (2.6%) 6 (4.5%) 5 (2.4%) 1 (0.5%) 1 (1.1%) 3 (4.7%)
Recurrence

No 400 (69.9%) 88 (66.2%) 113 (53.8%) 113 (55.1%) 63 (69.2%) 32 (50.0%)

Yes 172 (30.1%) 45 (33.8%) 97 (46.2%) 92 (44.9%) 28 (30.8%) 32 (50.0%)
Early recurrence

No 442 (77.3%) 93 (69.9%) 119 (56.7%) 125 (61.0%) 66 (72.5%) 44 (68.8%)

Yes 130 (22.7%) 40 (30.1%) 91 (43.3%) 80 (39.0%) 25 (27.5%) 20 (31.2%)

RFS, months 37.00 (26.00,48.00) 26.00 (21.00,39.00) 27.00 (13.00,45.00) 34.00 (13.00,48.00) 29.00 (22.00,36.00) 26.00 (14.00,30.00)

Data are n (%) or median (IQR). SYSMH = Sun Yat-sen Memorial Hospital of Sun Yat-sen University. SYSFH = The Fifth Affiliated Hospital of Sun Yat-sen University. ZJH = Zhujiang Hospital of Southern
Medical University. SYUTH = The Third Affiliated Hospital of Sun Yat-sen University. SSMC = The Medical Centre of Shenshan. PUNLMP = Papillary Urothelial Neoplasms of Low Malignant Potential.

CIS = carcinoma in Situ. EAU = European Association of Urology. RFS = recurrence-free survival.

Table 1: Baseline characteristics of the training and validation cohorts.

287 vs 283) based on the classification defined by the
ERPM. In the Kaplan—Meier analysis of each cohort,
patients in high-risk group had shorter RFS than pa-
tients in low-risk group (Fig. 3A-C and Appendix p 8,
log-rank test, p < 0.0001). Through the univariable and
multivariable Cox regression analysis in the training
cohort, T stage (T1), histologic grade (high grade), and

prior recurrence were selected to construct clinical and
integrated Cox models (Appendix p 13). Fig. 3D-E
shows the multivariable Cox regression analysis in
training and validation cohorts (hazard ratio [HR] 4.50
[3.10-6.53], 6.53 [4.86-8.79], respectively), demon-
strating that the prediction of the ERPM is the inde-
pendent prognostic factor. In the validation cohorts, the

Affiliated Hospital of Sun Yat-sen University. ZJH = Zhujiang Hospital of Southern Medical University. SYUTH = The Third Affiliated Hospital of
Sun Yat-sen University. SSMC = The Medical Centre of Shenshan. ERPM = Early Recurrence Predictive Model. H&E = Hematoxylin and Eosin.
BCG = Bacillus Calmette-Guérin. TRPM = Treatment Response Predictive Model. LASSO = least absolute shrinkage and selection operator.
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Fig. 2: Performance of models in validation cohorts. (A-C) ROC curves (A), calibration plot (B), and DCA plot (C) of different models in
predicting early recurrence in internal validation cohort. (D-G) ROC curves of the ERPM (D), integrated model (E), H&E-based model (F), and
clinical model (G) in four external validation cohorts. (H and 1) Calibration plot (H) and DCA plot (1) of different models in predicting early
recurrence in overall external validation cohort. AUC = area under the curve. Cl = confidence interval. ERPM = Early Recurrence Predictive Model.
H&E = Haematoxylin and Eosin. SYSFH = The Fifth Affiliated Hospital of Sun Yat-sen University. ZJH = Zhujiang Hospital of Southern Medical
University. SYUTH = The Third Affiliated Hospital of Sun Yat-sen University. SSMC = The Medical Centre of Shenshan.

ERPM achieved significantly higher C indexes than the
clinical Cox model and H&E-based model (0.715-0.80 vs
0.596-0.714, p < 0.05; 0.715-0.80 vs 0.654-0.717,
p < 0.001), and still showed no significant difference be-
tween the ERPM and the integrated Cox model (Fig. 3 F).
We further assess its clinical utility by predicting RFS
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(Appendix p 9).

in different EAU risk groups in validation cohorts.
The result shows that the ERPM can significantly
stratified recurrence risk in every EAU risk group

To understand how IHC assists in prediction, we
included 362 patients with all three IHC stains from
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Fig. 3: Survival analysis in validation cohorts. (A-C) Kaplan-Meier survival curves for recurrence free survival between high risk and low risk
patients defined by the ERPM in training, internal validation and external validation cohorts. p values were calculated through the log-rank test.
(D and E) HR of RFS for patients stratified by clinical factors and the ERPM in training and validation cohorts using multivariable Cox regression
analysis and forest plot. (F) The C indexes of the ERPM, H&E-based model, clinical Cox model, and integrated Cox model in 5 validation cohorts.
The comparison of C index was assessed by One-way ANOVA and Dunnett’s test. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.
TURBT = transurethral resection of bladder tumour. HR = hazard ratio. ERPM = Early Recurrence Predictive Model. H&E = Haematoxylin and
Eosin. RFS = recurrence free survival. HG = high grade. PUNLMP = papillary urothelial neoplasm of low malignant potential.

validation cohorts, and used the ERPM to make pre-
dictions based on the different combinations of THC
stains. The result shows that the P53 stain can signifi-
cantly enhance the predictive capability of model, and

the combination of all three IHC stains achieves the best
performance (Fig. 4A). For 239 patients from validation
cohorts who only have H&E stain, the AUC of the
ERPM is significantly higher than H&E-based model’s
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Fig. 4: Explainability of the ERPM. (A) Comparisons between different combinations of H&E and IHC stains in 362 patients. p values were
calculated through Delong test. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. (B) AUCs of the ERPM and H&E-based model on patients
with H&E stains only. p values were calculated through Delong test. (C) Example of heatmaps of H&E WSIs and the original input along with IHC
stains from high risk (upper) and low risk (lower) patients predicted by the ERPM. (D) The top 10 most relevant features were identified based
on their statistical difference between patients from high risk and low risk. AUC = area under the curve. ERPM = Early Recurrence Predictive
Model. H&E = Haematoxylin and Eosin. IHC = immunochemistry. WSIs = whole slide images.

(0.774 [95% CI 0.713-0.835] vs 0.720 [95% CI
0.653-0.787], p = 0.037; Fig. 4B), which indicates that
the ITHC stains may guide the model to focus on more
relevant features in training. To interpret the ERPM, we
visualized the focused region in H&E staining WSIs
through heat maps (Fig. 4C) and extracted relevant
features from the top 1 patch. The top 10 features with
statistical significance are listed in Fig. 4D. Except for
area shape, texture and intensity of nuclei and cells, the
density of each IHC stain is also significantly differed
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between low-risk and high-risk groups (p values of p53,
ck20, ki67 are <0.001, 0.016, 0.003, respectively).

To test whether the architecture of ERPM can be
applied in predicting the BCG unresponsive patients, we
developed the TRPM on the basis of the ERPM. 271
patients with intravesical BCG from SYSMH cohort
were included, and their characteristics are presented in
Appendix (p 15). After 5-fold cross-validation, the model
achieved an accuracy of 84.1%, a sensitivity of 69.0%,
and a specificity of 88.3%. Fig. 5A shows the confusion
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Fig. 5: Performance of the TRPM and workflow of novel risk stratification system. (A) Confusion matrix of the 5-fold cross validation from
the TRPM in 271 patients. (B) Predictions of the TRPM on Patients with progression. (C) Workflow of a novel system which stratifies patients
into low risk, high risk, and very high risk groups based on their risk of recurrence and BCG-unresponsive NMIBC. BCa = bladder cancer.
NMIBC = non-muscle-invasive bladder cancer. TURBT = transurethral resection of bladder tumour. H&E = Haematoxylin and Eosin. ERPM = Early
Recurrence Predictive Model. TRPM = Treatment Response Predictive Model. IHC = immunochemistry. BCG = Bacillus Calmette-Guérin.

RC = radical cystectomy.

matrix of the TRPM. Of the 58 BCG-unresponsive pa-
tients, 12 patients progressed and 5 patients showed
progression and metastasis after adequate intravesical
BCG, who were all correctly predicted by the TRPM
(Fig. 5B). It also significantly stratified the RFS with
p < 0.0001 (Appendix p 10). By combining the ERPM
and TRPM, we developed a novel system for stratifica-
tion of NMIBC patients, which stratified patients into
three groups and offered recommended management
for each group (Fig. 5C).

Discussion

To our knowledge, this is the first study to develop a
deep learning-based model for predicting early recur-
rence of NMIBC on H&E and IHC staining slides. The

ERPM achieved superior performance in cross-centre
cohorts, outperforming the conventional clinical model
and the H&E-based model. It also showed good prog-
nostic capability in predicting RFS. In the end, the
TRPM was developed to predict the response of BCG
therapy and showed promising performance.

The high incidence of recurrence and adverse im-
pacts of disease management make it hard to manage
NMIBC patients.” Conventional models (such as the
EORTC and CUETO models) and previous H&E-based
Al models were reported to have limited ability to pre-
dict early recurrence.*'*'** As conventional clinical
methods and H&E-based models still showed insuffi-
cient performance in our cohorts, the ERPM exhibited
superior capability in predicting early recurrence, indi-
cating the remarkable assistance provided by the IHC
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staining slides. Previous studies always took IHC stains
as a categorial variable (negative or positive, low or high,
etc.).”* However, IHC staining can provide additional
information of tumour and peripheral tissue,”* if the
inputs were WSIs. We selected the p53, Ki-67, and CK20
for their relations to the outcomes of NMIBC reported
by considerable studies.” Since each centre may adopt
different choices of THC to evaluate individual NMIBC,
the ERPM is designed to analyse combinations of H&E
and 0-3 IHC stains of each patient, which makes
further validation and application more practical. To be
noticed, there is unavoidable interobserver variability in
evaluating the clinical risk factors and pathological fea-
tures (including T stage, CIS, grade, etc.). As no sta-
tistically significant difference between the AUC values
of ERPM and integrated models, ERPM is an indepen-
dent prognostic factor of NMIBC and is spared affection
from the interobserver variability. Overall, ERPM ach-
ieves promising performance with the assistance of the
IHC stains in predicting early recurrence.

In survival analysis, we demonstrated the important
prognostic value of the ERPM. ERPM’s predictions
significantly stratified the RFS across two risk groups
defined by the ERPM. It indicates that the ERPM can
also evaluate the recurrence risk after 2 years. According
to EAU’s prognostic factor risk groups for NMIBC, it is
recommended that, after 2 years, intermediate and low-
risk patients receive cystoscopy annually, while high-risk
patients receive cystoscopy and cytology every 6 months
up to 5 years.® However, the recurrence rate after 2 years
cannot be ignored.” Since the strong prognostic capa-
bility of the ERPM, we recommend that high-risk pa-
tients predicted by the ERPM should take extra
surveillance during two cystoscopies, such as radiology,
and cytology. Meanwhile, 63 patients with false positive
prediction actually relapsed after 2 years. A review
conducted an evidence synthesis and found that both
inadequate and adequate intravesical BCG would delay
the recurrence of NMIBC patients.”” Therefore, we
inferred that ERPM may actually make correct pre-
dictions, but the real outcome was influenced by post-
operative therapies. In the future, we will include more
centres and better categorize patients to eliminate the
interference of different treatments on predictions. Be-
sides, according to the EAU guidelines, stratification of
EAU risk groups is based on the probability of pro-
gression to muscle-invasive disease.® The ERPM can
further stratify patients in each EAU risk group signifi-
cantly, helping patients at high risk of recurrence adjust
their strategies of therapy and follow-up (Appendix p 11).
Patients who were predicted to be at high risk of recur-
rence by the ERPM could be offered more aggressive
management, while the rest can follow the original
management of their EAU risk groups. This needs to be
further validated, especially in group with few patients
like very high-risk group.
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According to the performance of ERPM on different
combinations of H&E and IHC stains, the use of P53
significantly improved the capability of the model and
the combination of H&E along with 3 IHC stains was
superior to any other combination. Therefore, we rec-
ommended combination of these three IHC satins
should be routinely used in the pathologic workflow of
NMIBC. Furthermore, the features that differed most
between the risk groups stratified by the ERPM were
quantified and distinguished, including the density of
each THC stain, which emphasized the importance of
three THC stains again. Meanwhile, the density of P53
and Ki67 positivity were significantly higher in high
recurrence risk group, suggesting that our model may
make predictions based on tumour malignancy and rate
of proliferation.

BCG-unresponsive NMIBC is reported to have a low
likelihood of responding to further BCG treatment.” For
non-responders, repeated BCG instillation may be
harmful for putting them in danger of recurrence and
progression. Y Lotan et al. developed artificial
intelligence-based histologic assays, and successfully
predict recurrence, progression, BCG unresponsive
disease, and cystectomy across an international cohort
of patients with high-risk NMIBC.” In addition to the
high-risk group, there are patients in the intermediate-
and very high-risk groups who have received intravesical
BCG. The TRPM is designed to identify non-responders
from intermediate-, high- and very high-risk groups
before the postoperative treatment and prevent them
from receiving inappropriate treatments. It performed
well in our cohort with an accuracy of 84.1%, and pre-
dicted the BCG-unresponsive patients with progression
precisely with accuracy of 100%. After TURBT, imme-
diate RC instead of intravesical BCG may significantly
improve the outcomes of BCG-unresponsive patients
with progression, which highlight the function of the
TRPM. By combining the ERPM and the TRPM, we aim
to create a novel system that can stratify the recurrence
risk and instruct the disease management of NMIBC
patients. The workflow of our system is shown in
Fig. 5C. The ERPM will screen for the patients with a
low risk of recurrence, labelled as the “low risk” group.
The rest patients will be subsequently classified by the
TRPM into “high risk” and “very high risk” groups.
Guided by our novel risk stratification system, low-risk
patients can be offered moderate follow-up plans,
while high-risk patients should receive BCG therapy in
addition. Very high-risk patients are predicted to be
BCG-unresponsive and need more aggressive treatment
to prevent the recurrence as well as progression, such as
RC or enrolment in clinical trials assessing new treat-
ment strategies.® Frequent follow-up monitoring is also
needed to detect the recurrence early and re-plan the
therapy in time. However, our system hasn’t considered
the risk of progression, which need further study.
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Our study has some limitations. First, this study was
retrospective and included cohorts from 5 centres in
China. The inclusion and exclusion criteria were strictly
implemented, which further reduced the number of
cases, especially in EAU high- and very-high risk group.
More cohorts from prospective studies or other ethnic-
ities are needed to confirm the model’s capability and
generalizability. Second, we only chose three IHC
markers (P53, Ki67, CK20) based on the reported asso-
ciation between these markers and relapse, as well as
their routine use in clinic. However, other markers may
also contribute to prediction, such as programmed death
1 (PD-1) and programmed death ligand 1 (PD-L1),** CK5/
6 and CD44,” etc. Further study will discover the pre-
dictive role of other markers on the recurrence of NMIBC
and integrate them into ERPM. Third, the explainability
of our models needs further enhancement. Although we
tried explaining the models by the biological meanings of
[HCs, other key features and the interactions between the
features remained unclear. Fourth, the risk of progres-
sion to muscle-invasive BCa is another important factor
guiding postoperative management of NMIBC. In the
future, we will further improve the model to measure
both the risk of recurrence and progression to achieve a
more accurate stratification of patients.

In conclusion, we developed and validated a deep
learning-based model for predicting early recurrence
and therapy response of NMIBC, which has promising
potential in improving postoperative management.
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