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Study Need and Importance: A significant propor-
tion of patients with high-risk nonmuscle-invasive
bladder cancer (HR-NMIBC) will experience poor
outcome despite optimal management. Biomarkers
may allow urologists to identify patients most likely
to recur or progress, helping guide clinical decision-
making. We developed and validated artificial
intelligence—based histologic assays that extract inter-
pretable features from digitized pathology images of
HR-NMIBC derived from routine transurethral resec-
tion of bladder tumor to predict the risk of recurrence,
progression, cystectomy, and development of bacillus
Calmette-Guérin (BCG)—unresponsive disease.

What We Found: Cases (n = 944) of HR-NMIBC
were accrued across 12 institutions internationally
and were used in development and external validation
cohorts (development: 303, validation: 641, median
follow-up: 36 months). In the validation cohort, “high
recurrence risk” cases had inferior high-grade
recurrence-free survival vs “low recurrence risk”
cases (HR, 2.08, P < .0001; part A of Figure). “High
progression risk” patients had poorer progression-free
survival (HR, 3.87, P < .001; part B of Figure) and
higher risk of cystectomy (HR, 3.35, P < .0001) than
“low progression risk” cases. Cases harboring the BCG-
unresponsive disease signature had a shorter time to
development of BCG-unresponsive disease than cases
without the signature (HR, 2.31, P < .0001). Artificial
intelligence assays provided predictive information
beyond clinicopathologic factors.

Limitations: Notable limitations include the retrospec-
tive study design and heterogeneity in BCG regimens.
Interpretation for Patient Care: In an age of BCG
shortages, these biomarkers could help identify pa-
tients least likely to benefit from BCG. Determina-
tion of high progression risk may aid in counseling
regarding cystectomy. These biomarkers may also
facilitate optimal selection of patients for intravesical
BCG vs alternative chemotherapy or novel regimens.
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Figure. A, Recurrence risk (RR) model identifies patients at high
(RR-High) and low (RR-Low) risk of high-grade recurrence (HR,
2.08; 95% Cl, 1.80-2.40; P < .0001). High-grade recurrence-free
survival (hgRFS) is censored at 2 years. B, The progression risk
(PR) model identifies patients at high (PR-High) and low (PR-Low)
risk of progression to muscle invasion (HR, 3.87; 95% Cl, 2.75-5.44;
P < .001). Progression-free survival (PFS) was censored at 5 years.
TURBT indicates transurethral resection of bladder tumor.
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Purpose: There are few markers to identify those likely to recur or progress after
treatment with intravesical bacillus Calmette-Guérin (BCG). We developed and
validated artificial intelligence (Al)-based histologic assays that extract interpret-
able features from transurethral resection of bladder tumor digitized pathology im-
ages to predict risk of recurrence, progression, development of BCG-unresponsive
disease, and cystectomy.

Materials and Methods: Pre-BCG resection-derived whole-slide images and clinical
data were obtained for high-risk nonmuscle-invasive bladder cancer cases treated
with BCG from 12 centers and were analyzed through a segmentation and feature
extraction pipeline. Features associated with clinical outcomes were defined and tested
on independent development and validation cohorts. Cases were classified into high or
low risk for recurrence, progression, BCG-unresponsive disease, and cystectomy.

Results: Nine hundred forty-four cases (development: 303, validation: 641, median
follow-up: 36 months) representative of the intended use population were included
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(high-grade Ta: 34.1%, high-grade T1: 54.8%; carcinoma in situ only: 11.1%, any carcinoma in situ: 31.4%). In the
validation cohort, “high recurrence risk” cases had inferior high-grade recurrence-free survival vs “low recur-
rence risk” cases (HR, 2.08, P < .0001). “High progression risk” patients had poorer progression-free survival
(HR, 3.87, P < .001) and higher risk of cystectomy (HR, 3.35, P < .001) than “low progression risk” patients. Cases
harboring the BCG-unresponsive disease signature had a shorter time to development of BCG-unresponsive
disease than cases without the signature (HR, 2.31, P < .0001). Al assays provided predictive information
beyond clinicopathologic factors.

Conclusions: We developed and validated Al-based histologic assays that identify high-risk nonmuscle-invasive
bladder cancer cases at higher risk of recurrence, progression, BCG-unresponsive disease, and cystectomy,
potentially aiding clinical decision making.

Key Words: artificial intelligence, bladder cancer, progression, recurrence

NonmuscLE-INVASIVE bladder cancer (NMIBC) repre-
sents 70% of bladder cancers. Per the National
Comprehensive Cancer Network, AUA, and Euro-
pean Association of Urology (EAU) management
guidelines, standard-of-care treatment of high-risk
NMIBC (HR-NMIBC) involves transurethral resection of
bladder tumor (TURBT) followed by intravesical bacillus
Calmette-Guérin (BCG) or radical cystectomy in those
harboring the highest-risk features.'*

Despite treatment, HR-NMIBC is associated with
5-year recurrence and progression rates of approx-
imately 50% and 20%, respectively.! BCG intoler-
ance drives treatment discontinuation in 8% of
patients.® Coupled with BCG supply shortages and
ongoing evaluation of alternative first-line thera-
pies, the identification of patients most likely to
benefit from BCG is critical.>” There are limited
means of predicting risk of recurrence or progres-
sion after TURBT and BCG therapy in HR-NMIBC.
Meanwhile, artificial intelligence (AI) has demon-
strated the capability to quantify morphological
features in pathology and harness these data to

prognosticate outcomes and predict treatment
response in other cancers.®?

In this multicenter study, we describe the develop-
ment and validation of a deep learning—based Al model,
termed the computational histology Al (CHAI) plat-
form, that analyzes digital whole-slide images (WSIs)
derived from routine pre-treatment TURBT specimens
of BCG-naive HR-NMIBC and identifies patients at
high or low risk of post-BCG high-grade recurrence,
progression, development of BCG-unresponsive disease
(BUD), and cystectomy.

METHODS

Study Population

Institutional review board approval was obtained at each
of the 12 participating academic centers. Methodology and
findings were reported per REMARK guidelines.'® Clini-
copathologic data from BCG-naive patients (18 years and
older) with primary or recurrent HR-NMIBC per AUA
criteria diagnosed between 2000 and 2022 were acquired.?
Patients underwent initial TURBT =+ restaging TURBT,
followed by intravesical BCG. The initial TURBT-derived
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pathologic specimen was evaluated by board-certified
genitourinary pathologists at each center. Hematoxylin
and eosin (H&E) slides (>1 per case) representative of the
pathologic diagnosis were selected by genitourinary pathol-
ogists and converted to digital WSIs at 40x magnification.
WSIs were centrally reviewed by a pathologist for quality
and diagnostic accuracy. Exclusion criteria included inade-
quate pathologic tissue; induction/maintenance treatment
with non-BCG intravesical agents after TURBT; and pres-
ence of muscle-invasive, node-positive, or metastatic disease.

The study population was stratified into a development
cohort (5 centers) for model development and an external
validation (EV) cohort (7 centers).!!

Clinical and Pathologic Features

Clinicopathologic data and BCG treatment details were
acquired. When possible, patients were treated with 6
weekly doses of BCG as an induction course, followed by 3
weekly maintenance doses at 3 months and then every 6
months for 3 years. Adequate BCG was defined per the
International Bladder Cancer Group (IBCG) and Food
and Drug Administration (FDA) as receipt of at least 5 of
6 doses of an induction course followed by either (1) > 1
maintenance course (2/3 doses) or (2) > 2 of 6 doses of a
reinduction course.'? Disease recurrence was established
through cystoscopy with pathologic confirmation. Gener-
ally, cystoscopy was performed approximately every 3
months for 2 years and then every 6 months through 5
years. Clinical outcomes were recorded.

Study End Points

The primary end points were high-grade recurrence-free
survival (hgRFS) and progression-free survival (PFS).
Progression was defined by muscle invasion (>T2 stage).'?
Secondary end points were cystectomy-free survival (CFS)
and time to BUD. Recurrence, progression, and cys-
tectomy end points and time to follow-up were calculated
from time of initial TURBT. BUD was defined per IBCG
and FDA as (1) persistent/recurrent CIS alone or with
recurrent Ta/T1 disease within 12 months of completion of
adequate BCG therapy or (2) recurrent high-grade Ta/T1
disease within 6 months of completion of adequate BCG
therapy or (3) T1 high-grade disease at first evaluation
after a course of induction BCG.'2 For all time-to-event end
points, the start time was the date of initial TURBT. Pa-
tients were censored at the earliest of “date of death,” “date
of last follow-up,” or “2 years from initial TURBT” (hgRFS
and BUD end points) and “5 years from initial TURBT”
(PFS and CFS end points).

Al Model Development

The first component of model development was image
feature extraction performed by cell and tissue models after
cell and tissue segmentation.’* Deep learning segmentation
models were trained with 80:20 development:internal vali-
dation splits using a data set of 370,000 nuclei (62 million
um? of tissue area) from the development cohort. AUC was
evaluated to assess segmentation performance. To train
these models, board-certified pathologists—each with 7 to 8
years of experience—segmented nuclei and tissue regions
from initial TURBT-derived WSIs in the development cohort
(Figure 1). Slide visualization software (QuPath) was used
for segmentation and classification annotations. To fine-tune

RIGHTS L

immune cell detection, H&E slides with paired immunohis-
tochemistry (CD68) were used to identify ground-truth cell
classifications. Using Al model predictions, 600 features
measuring tumor microenvironment characteristics were
calculated, including features indicative of tumor aggres-
siveness, nuclear and cellular pleomorphism, mitotic activ-
ity, and immune infiltration.

The second component was predictive model develop-
ment. Cox proportional hazards (CPH) regression was
used to identify key image features strongly associated
with each clinical outcome. Separate signatures based on
the resulting continuous linear predictor from the CPH
regression models were developed for hgRFS, PFS, and
time to BUD. WSIs from each case were analyzed for
predictive model development. Cutoffs for each linear
predictor were selected to allow dichotomization into
high-risk and low-risk groups for hgRFS (RR-high, RR-
low), PFS (PR-high, PR-low), and presence of BUD
signature (BUD+, BUD-). Positive and negative groups
of patients were defined as 30:70, 10:90, and 30:70 based
on the target of a 2-fold difference in each clinical end
point between high-risk and low-risk groups. The PFS
model was used for identification of high/low risk of cys-
tectomy. For additional model development details, see
Supplementary Materials (https://www.jurology.com).

Al Model Validation

The predefined models for recurrence, progression, and
BUD and associated cutoffs were locked before external
validation. Each case in the validation cohort consisted of
> 1 WSI derived from the initial TURBT and correlative
clinical data. The outcomes of cases identified as high-risk
and low-risk of high-grade recurrence, progression,
development of BUD, and cystectomy were compared.

Statistical Analysis
Analyses were performed to identify clinical differences
between the development and independent EV cohorts.
Medians and IQRs for each continuous clinical charac-
teristic were provided along with P values derived from
(Welch) unequal variance ¢ tests for the equality of means.
Counts and proportions for binary clinical characteristics
and P values derived from 2-sample tests for equality of
proportions with continuity correction were provided.
The performance of each predefined AI model was
assessed using multivariable CPH regression models and
corresponding likelihood ratio (LR) % statistics to test the
null hypothesis that the HR for each (binary) AI model
was not equal to 1. A prespecified P value < .05 was
considered significant. Multivariable CPH regression an-
alyses and LR tests were performed to test the hypothesis
that the AI model provided predictive value beyond
standard clinical covariates and the European Organiza-
tion for Research and Treatment of Cancer (EORTC) 2016
and EAU 2021 risk models.!®® No adjustment for mul-
tiplicity of testing the recurrence-free survival (RFS),
PFS, time to BCG unresponsiveness, and CFS end points
was made. Plots of the nonparametric maximum likeli-
hood Kaplan-Meier estimates of survival stratified by the
predefined low-risk and high-risk groups and associated
log-rank tests for each clinical end point are provided.
RFS and PFS end points were censored at 2 and 5 years,
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1,180 patients with NMIBC treated with

TURBT and intravesical BCG
236 cases excluded
114 not AUA HR-NMIBC
47 not BCG naive
75 absent whole-slide images

944 patients with BCG naive high-risk
NMIBC for final analysis

l l

303 in Development Cohort l | 641 in External Validation cohort

Figure 1. Allocation of an international, multi-institutional study population across developmental and validation cohorts. Nine hundred
forty-four patients treated for high-risk (HR) nonmuscle-invasive bladder cancer (NMIBC) with transurethral resection of bladder tumor
(TURBT) and intravesical bacillus Calmette-Guérin (BCG) across 12 institutions were allocated across 2 cohorts: development cohort (5
centers, 303 patients) and an international external validation cohort (7 centers, 641 patients).

respectively. In the EV cohort, missing data were imputed models (history of recurrence, size of tumor, and focality)
to allow for application of the EORTC 2016 (number of based on additive regression, bootstrapping, and predic-
tumors and history of recurrence) and EAU 2021 risk tive mean matching. Complete case analyses using

Table. Patient Characteristics Across the Development and Validation Cohorts

Development cohort (n = 303)  External validation cohort (n = 641)  Development vs validation cohort (P value)

Age, median (IQR), y 71 (64-79) 70 (64-77) 29
Sex, No. (% male) 248 (81.8) 519 (81.0) 75
Race, No. (%) < .001

White 271 (89.4) 440 (68.6)

Black 9 (29 48 (7.5)

Hispanic 5 (1.7) 51 (8.0

Asian 10 (3.3 11 (1.7)

Other 2 (07) 4 (08)

Unknown 6 (2.0) 87 (13.8)
Never smoker, No. (%) 93 (30.7) 205 (32.0) 77
Disease status, No. (%) < .001

Primary 226 (74.6) 408 (63.7)

Recurrent 19 (6.3 108 (16.8)

Unknown 58 (19.1) 125 (19.5)
Re-TURBT, No. (%) 130 (42.9) 261 (40.7) 52
T stage, No. (%) 02

Ta 122 (40.3) 199 (31.1)

Tis 27 (89 78 (12.2)

T 154 (50.8) 362 (56.7)
Focality, No. (%) 61

Multifocal 139 (45.9) 301 (47.0)

Unknown 19 (6.3) 48 (7.5)
CIS, No. (%) 102 (33.7) 194 (30.3) 29
Variant histology, No. (%) 30 (99 29 (45) < .001
Adequate BCG, No. (%) 202 (66.7) 426 (66.5) 95
BCG unresponsive, No. (%) 48 (15.8) 101 (15.8) 97
High-grade recurrence at 2 y, No. (%) 88 (29.0) 202 (31.5) 44
Progression to muscle invasion at 5y, No. (%) 23 (7.6) 51 (8.0) .85
Progression per IBCG at 5y, No. (%) 42 (13.9) 84 (13.1) 75
Radical cystectomy, No. (%) 40 (13.2) 78 (12.2) .65

Abbreviations: BCG, bacillus Calmette-Guérin; CIS, carcinoma in situ; IBCG, International Bladder Cancer Group; TURBT, transurethral resection of bladder tumor.

Pvalues represent univariate comparisons between the development cohort and external validation cohort. In the external validation cohart, T stage distribution was pTis alone (12.2%), pTa
(31.1%), and pT1 (56.7%) with concomitant CIS present in 30.3% of cases. Adequate BCG was administered in 66.3% of cases, and 15.8% had BCG-unresponsive disease. High-grade
recurrence, progression, and cystectomy rates were 31.5%, 13.9%, and 13.1%, respectively. Groups were compared using Wilcoxon rank-sum test, Fisher exact test, and Pearson % test.
Bolded text represents statistically significant P values (P < .05) when comparing the development and validation cohorts.
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Figure 2. Multivariable Cox proportional hazards regression analysis to determine the strength of association of clinicopathologic factors
with high-grade recurrence-free survival (hgRFS) and progression-free survival (PFS) in the development cohort and the relative
contribution of these factors to survival risk vs the artificial intelligence model. A, Focality, specifically the presence of multiple
tumors on initial transurethral resection of bladder tumor, was significantly associated with hgRFS (HR, 1.9; 95% Cl, 1.21-3.1; P =
.006). B, Presence of T1 stage disease at initial transurethral resection of bladder tumor was associated with PFS (HR, 4.22; 95% Cl,

1.36-13.1; P = .01).

casewise deletion were performed for comparative pur-
poses. See Supplementary Material (https:/www.
jurology.com) for additional analysis details.

Statistical analysis was performed using R v4.2.0 (R
Foundation, Vienna, Austria).

RESULTS

Cohort Characteristics

A total of 1180 BCG-naive patients with primary or
recurrent NMIBC treated with TURBT and BCG
were identified across 12 centers. After application of
inclusion/exclusion criteria, 944 cases were analyzed
(development cohort, n = 303; EV cohort, n = 641;
Figure 1).

The development and EV cohorts had median
follow-up times of 45.8 and 32.0 months, respec-
tively. Clinicopathologic features are summarized in
the Table. The EV cohort differed statistically from
the development cohort in racial distribution, fewer
primary and more recurrent NMIBC, less Ta dis-
ease, and reduced variant histology.

Al Models Benefit From the Addition of
Clinicopathologic Factors

To identify factors that could improve Al model
performance (Figure 2), multivariable CPH regression
and LR 2 statistics were performed to determine the
association of clinicopathologic factors with hgRFS
and PF'S in the development cohort. Multifocality was
significantly associated with hgRFS (LR P value =
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.006) and T1 stage associated with PF'S (LR P value =
.01; Figure 2, A and B) suggesting these factors may
be highly prognostic of hgRFS and PFS. No other
clinical factors were significantly associated with
clinical end points.

To increase prediction accuracy, the Al model for
hgRFS incorporated multifocality and the PFS
model incorporated T1 status. Using the x? propor-
tion test for clinical parameters, the AT model (%2
16.9) contributed 75.1% of the survival risk deter-
mination for hgRFS, whereas focality (x® 5.6)
contributed 24.9% of survival risk calculation. For
PFS risk, the AT model (2 4.6) contributed 54.8% of
model performance and presence of T1 disease pro-
vided 45.2% of performance. The CPH regression
models for hgRFS and PFS were used to identify
features associated with BUD and risk of cystectomy,
respectively.

In the development cohort, the EAU 2021 and
EORTC 2016 risk models showed poor prediction of
PFS and hgRFS, respectively, as previously re-
ported.!”!® Consequently, these risk models were not
incorporated into the AI models.

Performance of Al Models for hgRFS, PFS, BUD,
and CFS End Points in the External Validation
Cohort

The Al models for hgRF'S, PFS, BUD, and CFS were
tested in the EV cohort. The EORTC 2016 recur-
rence risk (RR) model (EORTC score 1-6) was not
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Figure 3. Kaplan-Meier curves demonstrating stratification of patients in the validation cohort into high-risk and low-risk groups for key
clinical outcomes by clinicopathologic risk scoring model or by artificial intelligence-enabled model. A, European Organization for
Research and Treatment of Cancer (EORTC) 2016 risk does not stratify patients for recurrence risk (RR; baseline: EORTC 3; EORTC 4
HR 1.66, 95% CI 1.09-2.54; EORTC 5 HR 1.35, 95% CI 1.16-1.57; EORTC 6 HR 2.02, 95% Cl 1.53-2.65; likelihood ratio P = .058). Model
instability is suggested by the survival plot for EORTC group 4 crossing over that for group 5. The HRs for recurrence-free survival
(RFS) for the ordinal EORTC groups were not monotonically increasing, suggesting a lack of trend. B, The RR model identifies
patients at high (RR-high) and low (RR-low) risk of high-grade (hg) recurrence (HR 2.08, 95% Cl 1.80-2.40; P < .0001). C, The
European Association of Urology (EAU) nonmuscle-invasive bladder cancer 2021 risk scoring tool identifies patients at very high,
high, and intermediate risk of progression (reference: EAU “high”; EAU “intermediate” HR 0.17, 95% CI 0.06-0.49; EAU “very high”
HR 1.51, 95% Cl 1.13-2.01; likelihood ratio P = .01). D, Comparatively, the progression risk (PR) model identifies patients at high
(PR-high) and low (PR-low) risk of progression to muscle invasion with greater separation of risk groups (HR 3.87, 95% Cl 2.75-5.44;
P < .001). E, The PR model was able to identify patients at high and low risk of cystectomy (HR 3.35, 95% Cl 2.51-4.47; P < .001).
F, Presence of the bacillus Calmette-Guérin—unresponsive disease (BUD) histologic signature (BUD+) portends a shorter time to
development of BUD than absence of the signature (BUD—) among cases receiving adequate bacillus Calmette-Guérin (HR 2.31, 95% ClI

1.89-2.82; P < .0001). CFS indicates cystectomy-free survival; PFS, progression-free survival; TURBT, transurethral resection of bladder tumor.
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Figure 4. Artificial intelligence model stratifies outcomes across patient subgroups in the validation cohort. A, Recurrence risk (RR)
artificial intelligence model performance is demonstrated across different population subgroups with HRs of 1.73 to 3.16 between
RR-high and RR-low groups. B, Progression risk (PR) artificial intelligence model performance is shown across population
subgroups with HRs of 2.35 to 11.82. C, Risk of cystectomy as determined by the PR model maintains performance across
subgroups with HRs of 1.99 to 12.22. D, Time to bacillus Calmette-Guérin—unresponsive disease (BUD) model performance is
sustained across subgroups with HRs of 1.67 to 3.46. E, Application of the RR artificial intelligence model to the subgroup of
patients treated with Food and Drug Administration-defined adequate bacillus Calmette-Guérin demonstrates continued
discriminatory performance between RR-high and RR-low cases (HR 2.23, 95% CI| 1.89-2.64; P < .0001). F, In the subgroup of
patients treated with adequate bacillus Calmette-Guérin, PR-high cases showed significantly poorer progression-free survival (PFS)
than PR-low cases (HR 3.24, 95% Cl 2.19-4.79; P = .008). Note that the sample size reported for the adequate bacillus Calmette-Guérin
cohort exceeds the number of cases reported in the external validation cohort for Table because cases that received adequate bacillus
Calmette-Guérin and those that had Food and Drug Administration-defined BUD were included. cis indicates carcinoma in situ; hgRFS,
hinh_nrada rarurrancofree survival; TURBT, transurethral resection of bladder tumor.
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Figure 5. Artificial intelligence models demonstrate predictive performance beyond and independently of clinicopathologic factors in the
validation cohort. The recurrence risk (RR) artificial intelligence model identified cases at high risk of high-grade recurrence-free survival
(hgRFS) independently of individual clinicopathologic features (HR 1.95, 95% Cl 1.40-2.70; P < .001; A) and of composite measures
including the European Organization for Research and Treatment of Cancer (EORTC) 2016 recurrence score (HR 2.0, 95% Cl 1.51-
2.70; P < .001; B). The progression risk (PR) artificial intelligence model identified patients at high risk of progression-free survival
(PFS) independently of individual clinicopathologic risk factors (HR 3.24, 95% CI 1.62-6.50; P < .001; C) and composite measures
including the European Association of Urology (EAU) 2021 risk scoring model for progression (HR 2.89, 95% CI 1.53-5.40; P < .001;

D). cis indicates carcinoma in situ.

significantly associated with hgRF'S in the EV cohort
(LR P = .058; Figure 3, A). The HRs for RFS for the
ordinal EORTC groups were not monotonically
increasing, suggesting a lack of trend. By contrast,
using the Al-based model, patients classified as RR-
high had significantly poorer hgRFS than RR-low
cases (HR, 2.08; 95% CI, 1.80-2.40; P < .0001). The
RR model identified approximately 6-fold more
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patients at high risk of recurrence vs EORTC group 6
(Figure 3, B). RR in RR-high vs RR-low cases was
25% vs 14%, 39% vs 23%, and 52% vs 28% at 6, 12,
and 24 months, respectively.

The EAU NMIBC 2021 progression risk model
stratified patients for PFS in the EV cohort (LR
P = .01; Figure 3, C) but was outperformed by the
PR model. PR-high patients had worse PFS than
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Figure 6. Artificial intelligence-derived segmentation accurately identifies specific cell and tissue types to generate clinically relevant
morphologic features. A, Area under the receiver operating characteristic curve of the cell segmentation model for different cell types
(using pathologist annotation as the ground truth) derived from the development cohort. B, Correlations of different tissue area
predictions by the model when a set of 23 slides derived from single-center data included in the validation cohort were scanned
with 8 different scanner models. Whole-slide images were obtained using Leica Aperio AT2, CS2, and GT450 models (Leica,
Weltzlar, Germany); 3D Histech Pannoramic 250 and 1000 models (3D Histech, Budapest, Hungary); and Hamamatsu S20 and S360
models (Hamamatsu Photonics, Shizuoka, Japan). C, Representative histologic image from a case in the validation cohort
illustrating the tissue segmentation model on a transurethral resection of bladder tumor sample.

PR-low (HR, 3.87; 95% CI, 2.75-5.44; P < .001;
Figure 3, D). PR-high patients had a higher risk of
cystectomy vs PR-low patients (HR, 3.35; 95% CI,
2.51-4.47; P < .001; Figure 3, E). BUD+ cases had
shorter time to development of BUD than BUD— cases
(HR, 2.31; 95% CI, 1.89-2.82; P < .0001; Figure 3, F).
Similar results were demonstrated between complete
case analysis and analysis of cases incorporating
imputed data. Al model performance was maintained
after adjusting for site-specific variations. Adjusted
HRs for the hgRFS, PFS, CFS, and BUD models were
2.10, 3.93, 3.05, and 2.21, respectively.

Al Models Are Significantly Associated With
Clinical Outcomes in Clinical Subgroups

To evaluate performance in populations encoun-
tered in clinical practice, Al models were applied to
patient subgroups stratified by -clinicopathologic
features (Figure 4, A-D). Recurrence and progres-
sion models maintained performance with HRs of
1.73 to 3.16 and 2.35 to 11.82, respectively.
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In cases receiving adequate BCG, the RR model
continued to identify patients at high/low risk of
recurrence (HR, 2.23; 95% CI, 1.89-2.64; P < .0001;
Figure 4, E) and the PR model differentiated cases at
high/low risk of progression (HR, 3.24; 95% CI, 2.19-
4.79; P = .008; Figure 4, F) suggesting that receipt of
adequate BCG does not affect performance.

Al Models Demonstrate Predictive Performance
Beyond and Independently of Clinicopathologic
Factors

Multivariable CPH regression for hgRFS was per-
formed comparing the (full) main-effects model with
the Al predictor for RFS and clinicopathologic fea-
tures vs the (reduced) main-effects model excluding
the Al predictor. A P value for the corresponding LR
+? statistic for the (binary) AI model was considered
significant. The RR model identified cases at high/
low risk of hgRF'S independently of individual clini-
copathologic features (HR, 1.95; 95% CI, 1.40-2.70;
LR P < .001). Similarly, the AI model for hgRFS
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provided predictive information beyond the EORTC
2016 model (HR, 2.0; 95% CI, 1.51-2.70; LR P < .001;
Figure 5, A and B).

The PR model identified patients at high/low risk
of PFS independently of individual clinicopathologic
risk factors (HR, 3.24; 95% CI, 1.62-6.50; LR P <
.001) and the EAU 2021 progression model (HR,
2.89; 95% CI, 1.53-5.4; LR P < .001; Figure 5, C and
D). Neither the EORTC 2016 nor EAU 2021 model
independently discriminated patients at high risk of
recurrence or progression, respectively.

Al Models Are Robust to Slide Scanner Model and
Magnification

At the cell and tissue levels, relative to the ground
truth of pathologist annotation, the image feature
extraction AI model generated AUC values of 0.98
and 0.99 for segmentation and classification tasks,
respectively (Figure 6, A). Robustness of the image
feature extraction model was evaluated by corre-
lating model predictions across different scanner
and magnification configurations. The AI model
demonstrated high correlation at 20x and 40x
magnification (r = 0.99, P < .001) and across 8
digital scanner models (P < .001; Figure 6, B). This
generalizability was robust for predicted nuclei
counts, and high correlation across configurations
was demonstrated for individual cell types. Seg-
mentation of a representative WSI is illustrated
(Figure 6, C).

DISCUSSION

In this study, we developed and validated Al-based
histologic assays that analyzed pretreatment
TURBT-derived WSIs from a multicenter cohort of
HR-NMIBC spanning 12 international academic
centers. These assays accurately identified cases
with an elevated risk of recurrence, progression,
development of BUD, and cystectomy.

The identification of patients with HR-NMIBC
unlikely to respond favorably to intravesical BCG
is an unmet need that may facilitate more effective
therapy selection and clinical trial enrollment. To
date, there is no accurate, reproducible, and conve-
nient means to identify patients more likely to recur
or progress with BCG therapy.!® Indeed, clinical
risk prediction tools including the EORTC and Club
Urologico Espanol de Tratamiento Oncologico
(CUETO) risk calculators significantly overestimate
the risks of recurrence and progression in BCG-
treated patients likely because of their develop-
ment cohorts that lacked BCG-treated patients in
the former and used an abbreviated BCG mainte-
nance course in the latter.'®2%22 In bladder cancer,
Al-based WSI analysis has been used to grade dis-
ease, to predict the likelihood of positive lymph
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nodes from analysis of the primary tumor histology,
and to prognosticate overall survival 232

This is the first study of 4 Al-driven histologic
assays developed on the CHAI platform for deter-
mining risk of (1) recurrence, (2) progression, (3)
BUD, and (4) cystectomy in HR-NMIBC. To miti-
gate the risk of overfitting, we describe the external
validation of model performance. The Al-enabled
assays identified patients with a 2.1, 3.9, 2.3, and
3.4-fold higher risk of recurrence, progression,
BUD, and cystectomy, respectively.

Both the RR and PR Al-enabled models stratified
patients into high-risk and low-risk groups inde-
pendently of individual clinicopathologic features
and of EORTC and EAU risk models. Indeed, the
EORTC 2016 and EAU 2021 models demonstrated
poorer predictive ability in identifying patients at
high risk of recurrence and progression, respec-
tively, than the RR and PR Al-enabled assays. In
the EAU model, this poorer predictive ability may
be because the development cohort for the model
excluded cases treated with intravesical BCG
potentially compromising prognostic capability in
BCG-treated patients.'®

The RR and PR models integrated multifocality
and presence of T1 disease, respectively, as clinical
features that enhanced performance beyond purely
Al-based histologic analysis. Nevertheless, most of
the predictive performance was derived from Al-
based histologic analysis. The resulting assays
sustained performance across patient subgroups
including smoking history, T stage, focality, and
presence of CIS. Critically, the RR and PR models
demonstrated no performance degradation (HR, 2.2
and 3.2, respectively) in a subgroup receiving
adequate BCG therapy despite the known improve-
ment in survival outcomes with adequate BCG.2¢
This is important because existing risk calculators
such as EAU 2021 overestimate progression risk in
patients receiving adequate BCG.%2

The CHAI platform leverages existing clinical
workflows by analyzing digitized H&E-stained diag-
nostic slides from pre-BCG TURBT specimens. By
better understanding an individual’s risk of recurrence,
progression, developing BUD, and cystectomy—before
the initiation of intravesical BCG therapy—clinicians
are armed with nuanced data to help guide treatment
selection and patient counseling regarding alternative
treatment approaches, such as intravesical chemo-
therapy.?” For example, presence of the BUD
biomarker signature or stratification into the PR-high
group may prompt clinicians to try efficacious salvage
treatments in patients who recur on BCG and who
decline radical cystectomy.?®?° This may also have
important implications when novel therapies or ther-
apeutic combinations become available because the
risk/benefit balance could be influenced by the
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availability of tools to identify cases less likely to
benefit from BCG alone. Pretreatment risk stratifica-
tion may have implications for tumor surveillance
regimens. The robustness of the CHAI platform to
differences in scanner models widely used across
academia and private practice enhances potential
generalizability.

Our study has limitations. Although the CHAI
platform was validated on a large international
cohort intended to reproduce real-world heteroge-
neity in disease presentation and treatment,
optimal validation would use a prospective clinical
trial to mitigate confounding and bias. There was
notable heterogeneity in the duration of BCG
treatment with 66% receiving FDA/IBCG-defined
“adequate BCG.” Although this may be represen-
tative of real-world challenges because of BCG
intolerance or drug supply shortages, heterogene-
ity in treatment may confound disease outcomes.
However, the cohort size likely mitigated some of
the potential confounding as further evidenced by
the stability of model performance between the
development and validation cohorts. Not all pa-
tients who were pT1 wunderwent re-TURBT,
potentially confounding oncologic outcomes in this

CONCLUSIONS

An Al-based approach was used to identify digital
pathology signatures of adverse oncologic outcomes,
and the resulting Al-based histology assays devel-
oped and validated across an international cohort of
HR-NMIBC cases. The assays analyze pre-BCG
TURBT specimens and can identify patients with
HR-NMIBC who are at elevated risk of recurrence,
progression, development of BUD, and cystectomy
independently of clinicopathologic features. The
CHAI platform may facilitate patient counseling and
treatment selection in patients with HR-NMIBC.
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EDITORIAL COMMENT

High-risk (HR) nonmuscle-invasive bladder cancer
(NMIBC) is associated with higher risk of recurrence
and progression compared with NMIBC. Bacillus
Calmette-Guérin (BCG) is commonly used as first-line
therapy and has been shown to reduce recurrence
and progression in patients with HR-NMIBC.! Pre-
dicting response to BCG after transurethral resection of
bladder tumor is crucial to avoid delays in surgery de-
cisions and to conserve resources, especially considering
current BCG shortages. In this multicenter study,
Lotan et al developed and validated artificial intelli-
gence (Al)-based histologic assays to predict recur-
rence, progression, BCG-unresponsive disease, and
cystectomy in patients with HR-NMIBC treated with
BCG.? Using whole-slide pathology images from 944
cases (303 development, 641 validation) across 12 cen-
ters, features were extracted to identify clinical outcome
markers. In the validation cohort, “high recurrence
risk” patients had significantly worse recurrence-free
survival compared with “low recurrence risk” cases
(HR, 2.08; P < .0001). Similarly, “high progression risk”

patients had poorer progression-free survival (HR, 3.87,;
P < .001) and a higher likelihood of cystectomy (HR,
3.35; P < .001). Patients with the BCG-unresponsive
disease signature experienced a more rapid onset of
BCG-unresponsive disease compared with those
without the signature (HR, 2.31; P < .0001).? The novel
Al assays provided predictive information beyond
traditional clinicopathologic factors, offering valuable
insights for improving clinical decision-making in HR-
NMIBC management. In addition, from an Al
research perspective, the study’s large, multicenter
population and their ability to identify pathology fea-
tures associated with adverse oncologic outcomes are
critical for translational Al practice. Further validation
of this prognostic Al model in larger cohorts will be key
to confirming its clinical utility.
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