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PURPOSE To develop an artificial intelligence (Al)-based model for identifying patients with lymph node (LN)
metastasis based on digital evaluation of primary tumors and train the model using cystectomy specimens
available from The Cancer Genome Atlas (TCGA) Project; patients from our institution were included for
validation of the leave-out test cohort.

METHODS In all, 307 patients were identified for inclusion in the study (TCGA, n = 294, in-house, n = 13). Deep
learning models were trained from image patches at 2.5x, 5x, 10x, and 20x magnifications, and spatially
resolved prediction maps were combined with microenvironment (lymphocyte infiltration) features to derive
a final patient-level Al score (probability of LN metastasis). Training and validation included 219 patients
(training, n = 146; validation, n = 73); 89 patients (TCGA, n = 75; in-house, n = 13) were reserved as an
independent testing set. Multivariable logistic regression models for predicting LN status based on clinico-
pathologic features alone and a combined model with Al score were fit to training and validation sets.

RESULTS Several patients were determined to have positive LN metastasis in TCGA (n = 105; 35.7%) and in-
house (n = 3; 23.1%) cohorts. A clinicopathologic model that considered using factors such as age, T stage, and
lymphovascular invasion demonstrated an area under the curve (AUC) of 0.755 (95% CI, 0.680t0 0.831) in the
training and validation cohorts compared with the cross validation of the Al score (likelihood of positive LNs),
which achieved an AUC of 0.866 (95% Cl, 0.812 t0 0.920; P=.021). Performance in the test cohort was similar,
with a clinicopathologic model AUC of 0.678 (95% Cl, 0.554 to 0.802) and an Al score of 0.784 (95% ClI, 0.702
to 0.896; P = .21). In addition, the Al score remained significant after adjusting for clinicopathologic variables
(P=1.08 x 107°), and the combined model significantly outperformed clinicopathologic features alone in the
test cohort with an AUC of 0.807 (95% CI, 0.702 to 0.912; P = .047).

CONCLUSION Patients who are at higher risk of having positive LNs during cystectomy can be identified on
primary tumor samples using novel Al-based methodologies applied to digital hematoxylin and eosin—stained
slides.

JCO Clin Cancer Inform 4:367-382. © 2020 by American Society of Clinical Oncology

INTRODUCTION

Risk stratification is essential in determining the op-
timal treatment strategy for patients with bladder
cancer. Bladder cancer is broadly divided into two risk
groups based on invasion of the muscular wall
(muscularis propria) of the bladder: nonmuscle in-
vasive bladder cancer (NMIBC) and muscle invasive
bladder cancer (MIBC). In general, NMIBC is asso-
ciated with a relatively favorable long-term prognosis
compared with MIBC, which carries a worse prognosis
with up to 50% of patients developing disease
recurrence.l? For patients diagnosed with localized
MIBC, the mainstay of therapy is radical cystectomy

(RC) with pelvic lymph node (LN) dissection.® Al-
though RC achieves negative margins in up to 96% of
patients,* recurrence rates of up to 50% during follow-
up suggest that there are likely microscopic extra-
vesical tumor deposits present at the time of surgical
resection in a substantial portion of patients.® To
reduce recurrences after surgery, neoadjuvant che-
motherapy (NAC) has been administered using a four-
drug regimen containing methotrexate, vincristine,
doxorubicin, and cisplatin.® Although there have been
attempts to further risk stratify MIBC on the basis of
adverse or variant histology and clinical staging,” there
has not yet been widespread adoption of further risk
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CONTEXT

Key Objective

To evaluate whether the histologic appearance and features of primary tumors can be used to predict the metastatic potential
of disease at the time of surgical intervention using advanced artificial intelligence techniques. Here we investigate whether
digital pathology specimens from primary tumors from RC can be used to predict whether the patient will have positive LN
findings.

Knowledge Generated

Convolutional neural networks are able to learn distinct features within tumor specimens which, combined with microen-
vironmental features, are associated with increased likelihood of positive LNs, and these features are independent of known
clinicopathologic prognostic features.

Relevance

MIBC suffers from a lack of robust clinical and pathologic variables for stratification of patients with a high risk of recurrence
after surgery; the algorithm presented here could serve as an additional prognostic biomarker in this setting.

stratification approaches to cluster patients with MIBC into
higher and lower risk groups for selection of NAC before
surgical intervention. These pathologic features are typi-
cally identified on tissue acquired from transurethral re-
section of bladder tumor (TURBT) procedures and have
highly variable concordance with final RC findings in the
literature.2 Therefore, it would be ideal if prognostic
markers were developed that do not suffer from in-
terobserver variability and reflect the nature of final pa-
thology features at RC.

Traditionally, pathology slides undergo qualitative in-
terpretation and assessment by the pathologist to generate
a clinical report from which a small fraction of the in-
formation is used for clinical risk evaluation. Advances in
artificial intelligence (Al) techniques in computer vision
using deep convolutional neural networks (CNNs) have
allowed for the development of prognostic models that use
digital images of pathology slides that can evaluate the
entirety of the available image.® The theoretical hypothesis
of this work is that the histologic appearance of the primary
tumor contains information related to the metastatic po-
tential of that tumor. In this study, we tested this hypothesis
by developing an Al-based model for identifying patients
with LN metastasis based solely on evaluation of primary
tumors, and the model was trained by using digitized
cystectomy specimens available from The Cancer Genome
Atlas (TCGA) Project and validated in a separate test cohort
that included patients from our institution.

METHODS
Patient Population and Slide Review

All available digital pathology slides (457 slides from 386
patients) derived from cystectomy specimens that were
stained with hematoxylin and eosin (H&E) were down-
loaded from the National Cancer Institute Genomic Data
Commons Data Portal (https://portal.gdc.cancer.gov/; ac-
cession date: November 5, 2018). The presence of LN
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metastasis (positive or negative), number of excised LNs,
and presence of variant histology on routine H&E exami-
nation were collected from surgical cystectomy pathology
reports available at the cBioPortal (http://www.cbioportal.
org). Clinical, demographic, and patient outcome data were
accessioned from publicly available TCGA outcomes re-
sources reported in Liu et al.’® Download instructions for
reproducibility are provided in the Appendix. T stages re-
ported in this study refer to pathologic T stage from cys-
tectomy. Of the variant histologies represented in the TCGA
cohort (Table 1), the following were classified as high risk:
neuroendocrine, micropapillary, and plasmacytoid. A
board-certified pathologist (G.T.B.) reviewed all diagnostic
slides for the presence and extent of tumor and manually
annotated tumor regions within the slide. Ninety-two pa-
tients were excluded from this study because of missing or
low-quality data (Appendix Fig Al). The number of slides
that were publicly available from the TCGA cohort varied;
a majority of patients had only one representative slide of
the tumor specimen (median, one slide per patient; range,
1-8 slides per patient). At model inference and evaluation,
only the first diagnostic slide for each patient (denoted DX1
in the TCGA cohort) was used in analysis, consistent with
previous studies using this data set.!!

For testing on an external cohort, 43 patients were iden-
tified from our local institution who underwent radical
cystectomy between 2013 and 2019. Of these patients, 30
were excluded on the basis of the aforementioned exclu-
sion criteria, availability of diagnostic slides for review and
digitization, or those undergoing more than two types of
neoadjuvant therapy. This study is compliant with local
institutional review board and Health Insurance Portability
and Accountability Act (HIPAA) guidelines. Although the
trained algorithm was applied to all slides from an individual
patient, only a single slide with the largest tumor burden
was used for statistical analysis to remain consistent with
the TCGA data set.
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TABLE 1. Clinical and Pathologic Characteristics of TCGA and In-House Patients

TCGA
Training and Validation
Cohorts Test Cohort In-House Cohort
Characteristic No. % No. % No. %
Sex
Male 161 74 54 72 12 92
Female 58 26 21 28 1 8
Race
White 180 82 63 84 10 77
African American 11 5 6 8 1
Asian 23 11 6 8 1
NA 5 2 — 1
Histologic grade
Low 12 3 2 3 —
High 206 94 73 97 13 100
Unknown 1 <1 — —
Smoking history
Lifelong nonsmoker 61 28 23 30 4 31
Current smoker 45 21 12 16 3 23
Reformed smoker 105 48 37 49 4 31
NA 8 4 3 4 2 15
Pathologic T stage
T2 66 30 22 29 2 15
T3 119 54 41 55 3 23
T4 34 16 12 16 8 62
Variant histology
Micropapillary 7 3 2 3 1 8
Neuroendocrine 3 — —
Plasmacytoid 1 <1 — —
Sarcomatoid 6 3 1 1 —
Squamous 46 21 10 13 5 38
Other 7 3 1 1 1 8
None specified 135 62 56 75 5 38
LvI
Not present 74 34 33 44 5 38
Present 106 48 B 44 8 62
NA BY 18 9 12 —
LN status
Negative (NO) 141 64 48 64 10 77
Positive (N1/N2) 78 36 27 36 3 23
Median No. of LNs examined (range) 21 (1-170) 17 (2-83) 27 (7-38)
Median No. of positive LNs (range) 3 (1-97) 2 (1-16) 2 (1-7)
Overall survival
Alive 122 56 85 47 —
Dead 97 44 40 58 —

(Continued on following page)
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TABLE 1. Clinical and Pathologic Characteristics of TCGA and In-House Patients (Continued)

TCGA

Training and Validation

Cohorts Test Cohort In-House Cohort
Characteristic No. % No. % No. %
Disease-specific survival
Alive 145 66 47 63 —
Dead 67 31 24 32 —
NA 7 3 4 5 —

NOTE. All pathologic variables (grade, T stage, variant histology, lymphovascular invasion) are reported from the cystectomy review.
Abbreviations: LN, lymph node; LVI, lymphovascular invasion; NA, not applicable; TCGA, The Cancer Genome Atlas.

Image-Based Classification Pipeline

The entire image processing and classification pipeline is
shown in Figure 1. TCGA patients were randomly assigned
to the training cohort (50% [n = 146]), the validation cohort
(25% [n = 73]), or the testing cohort (25% [n = 751), and an
in-house cohort was added to the testing set (Fig 1B). Given
the large input size of digital pathology images, only regions
containing tumor from the bladder cystectomy specimens
were used. These regions were evenly divided into smaller
image patches for deep learning-based -classification.
Multiresolution probability maps were constructed to allow
for spatially resolved predictions from all deep learning
models and were combined with microenvironmental
features (burden and spatial organization of lymphocyte
infiltration) to derive a final patient-level Al score, which
represents the likelihood of a patient having positive LN
status at the time of surgery. These procedures were then
applied to the patients in the test cohort. Full details are
provided in the Appendix.

Stain normalization and patch extraction. For each digital
slide, images were read in at a 4:1 ratio from apparent 40x
magnification digital images to allow for whole-slide image
processing.'?'3 Image preprocessing included stain nor-
malization, background artifact removal, and stain decon-
volution using previously published methods.**!® Region
selection was determined by fitting a minimum number of
non-overlapping regions that fully contained pathologist
annotations. Within each region, 1, 4, 16, and 64 patches
were mapped corresponding to 300 x 300 pixel images at
magnifications of 2.5x, bx, 10x, and 20x, respectively. The
same coordinates were used to guide extraction of 576
images of 100 x 100 pixels at an effective 20x resolution
from the original H&E images for estimating the presence of
lymphocyte infiltration using the algorithm of Saltz et al.}'1®

Patch-based classification learners. Four different models
using ResNet-101 architecture were trained from patches
at 2.5x, bx, 10x, and 20x magnifications, respectively,
using fast.ai library (https://github.com/fastai/fastai) with
weighted cross-entropy loss. Augmentation techniques that
included orientation and intensity were applied randomly
during training to reduce overfitting patient-specific and
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slide-specific characteristics. Final training conditions are
included in the Appendix and Appendix Table Al. At de-
ployment, the corresponding output (probability of being
LN positive) was saved for each patch image at every
resolution. For lymphocyte classification, publicly available
code and model weights were downloaded from Saltz
et al,'* and consistency in results from our preprocessing
methods compared with those in the original study were
confirmed (Appendix Fig A2). This model was applied to
the slides for all patients, and the probability of containing
a lymphocyte was saved for each patch.

Post-processing and patient-based classification learner.
Given that all patches were extracted within known co-
ordinates, the final result is a multiresolution prediction
map in which every pixel represents the average probability
of LN status across deep learning models. A simplified
majority vote score was calculated as the burden of tumor
patches with probability greater than 50% for LN positivity
across individual models. The final score was derived from
high-risk clusters (ie, high probability) that were identified
with density-based spatial clustering of applications with
noise (DBSCAN) using starting conditions derived from
varying probability thresholds and extraction of metrics
related to size, number, density, and distance between
clusters and lymphocytes (Fig 1A). A full description is
presented in the Appendix and Appendix Table A2. An
adaptive boosting classification ensemble of decision trees
(AdaBoost!’) was fit using 10-fold cross validation within
combined training and validation cohorts (Fig 1). Variable
selection'® and training conditions are detailed in the
Appendix. Classification performance was determined by
cross-validation out-of-bag estimates for the training and
validation cohorts and was then applied to testing cohorts.
Classification outputs were saved as binary (yes/no LN
positive) and continuous (range, O-1), which is referred to
as the Al score hereafter. All post-processing and AdaBoost
classifications were developed in MATLAB (R2018b; www.
mathworks.com).'®

Statistical Analysis

The accuracy of Al-based models was reported for patch-
level and patient-level results in each cohort. The final Al
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FIG 1. (A) Deep learning workflow. After tumor regions were annotated by a pathologist, patches of equal size were extracted across four resolutions for
training the patch-based convolutional neural network application (ResNet-101). Spatial referencing of patch location and relative size (compared with
highest resolution) allowed for construction of multiresolution probability maps from convolutional neural network outputs. These probability maps were used
to define high-risk regions based on various probability thresholds as input to density-based spatial clustering of applications with noise (DBSCAN) and
combined with lymphocyte infiltration maps for input to a machine learning-based classifier. (B) Training, validation, and testing schema. For patch-based
deep learning, training and validation cohorts were kept separate. For patient-based machine learning, training and validation sets were combined, and 10-
fold cross validation was used in model development. For clinicopathologic-based logistic regression analysis, training and validation cohorts were combined.
Al, artificial intelligence; LN, lymph node; TCGA, The Cancer Genome Atlas; TIL, tumor-infiltrating lymphocytes.

score, reflecting the probability of LN positivity (range, 0-1),
was used to derive the area under the curve (AUC). The
accuracy, specificity, sensitivity, and positive predictive value
reported in the combined training and validation sets are the
binary out-of-bag predictions in 10-fold cross validation.

A multivariable logistic regression model for prediction of
LN status based on clinicopathologic features was de-
veloped after univariable assessment. Variables with known
clinical significance and those with significant association
with LN status were fit using backward Akaike information
criterion. A combined model that included the Al score was
added to the multivariable model and fit to the training and
validation sets. Both multivariable models were applied to
test sets. The classification performance of the logistic
regression model was reported by the AUC and evaluated
using the pROC package in R.

All reported P values are two-sided, and P < .05 was used
to determine statistical significance. Statistical analyses
were conducted using R software version 3.4.1 (http://
www.r-project.org/). All code used for model develop-
ment and statistical analysis is publicly available at https://
github.com/NIH-MIP/BLCA_LNprediction.git.

JCO Clinical Cancer Informatics

RESULTS

The final cohort consisted of 294 patients from the TCGA
cohort and 13 patients from the in-house cohort; 105 pa-
tients from the TCGA cohort and 3 patients from the in-house
cohort had positive LN metastasis at the time of surgery.
Patient demographics are listed in Table 1. There were no
statistically significant differences between TCGA patient
samples used for the training and validation cohorts com-
pared with those left out in the test cohort (Appendix Table
A3). For multivariable analysis, a final model was con-
structed by using the following input variables: age, disease
stage, presence of high-risk histology, lymphovascular in-
vasion (LVI), and number of LNs excised (Table 2). After
backward Akaike information criterion selection, the final
multivariable model included age, T stage, and the presence
of LVI. Using this model for predicting LN status resulted in
an AUC of 0.755 (95% Cl, 0.680 to 0.831) in the combined
training and validation cohorts (Table 3). When applied to the
testing cohort, the performance of the multivariable model
decreased to an AUC of 0.678 (95% Cl, 0.554 to 0.802).

By combining features extracted from both multiresolution
prediction maps and lymphocyte infiltration maps (Fig 1A),
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TABLE 2. Logistic Regression Model for Association of Clinical and Pathologic Variables With LN Status in the Training and Validation Cohorts

Univariable Multivariable

Characteristic OR 95% ClI P OR 95% ClI P
Age, years 1.03 1.01 to 1.06 .012 1.03 1.00 to 1.06 .106
Sex

Female Reference

Male 1.07 0.57 t0 2.03 834
Race

White Reference

Asian 0.22 0.05 to 0.67 .018

African American 0.33 0.051t0 1.31 .159
Smoking status

Current Reference

Reformed 2.06 0.96 to 4.67 .071

Nonsmoker 1.51 0.64 to 3.67 .355
Stage

T2 Reference Reference

T3/T4 3.01 1.5510 6.18 .002 2.53 1.14 to 5.97 .027
Grade

High Reference

Low 1.07 x 107 Oto 3.1 x 10* 982
High-risk variant histology

Not present Reference

Present 5.26 1.47 to 24.6 .017
LVI

Not present Reference Reference

Present 6.16 29610 139 3.42 x 10 541 25510124 250 x 10°°
No. of excised LNs examined 1.01 1.00 to 1.02 113

NOTE. Each variable is reported in the univariable analysis. The final multivariable model included age, T stage, and lymphovascular invasion

(LVI).
Abbreviations: LN, lymph node; OR, odds ratio.

the Al score (likelihood of LN positivity) achieved an AUC of
0.866 (95% Cl, 0.812 t0 0.920) in the training and validation
cohorts and 0.784 (95% Cl, 0.702 to 0.896) in the test cohort
(Fig 2; Table 3). The Al score remained significant when it
was included in the multivariable logistic regression model
with clinicopathologic variables (odds ratio, 6.36; 95% ClI,
3.66 to 12.1; P = 1.08 x 107°), which significantly out-
performed clinicopathologic features alone in the hold-out
test cohort with an AUC of 0.807 versus 0.678 (P = .047;
Table 3). On its own, the Al model achieved 82.6% specificity
with 71.4% positive predictive value for the combined training
and validation cohorts (cross-validated out-of-bag pre-
dictions) and 84.5% specificity with 66.7% positive predictive
value in the test cohort (Appendix Table A4). Specifically,
accuracy was 84.6% on the patient level and accuracy was
71.1% on the slide level within the in-house test cohort.

Slide images from a representative true-positive patient
from the test cohort are shown in Figure 3. In assessing the
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relationship of the Al score to known adverse pathologic
features, binary classification by Al score was significantly
associated with the presence of high-risk variant histology
in both training and testing cohorts (¥ test P=.019 and P=
.044, respectively). In the training set, the Al score binary
classification was significantly associated with LVI (x? test
P = .0005), likely reflecting the correlation of each to LN
status. In the test set, no association between Al score and
LVI was observed (32 test P = 1).

Results pertaining to patch-based training and perfor-
mance at the individual magnification level and at com-
bined magnification levels are presented in the Appendix.
The overall Al score generalized better in the test cohort
compared with the simplified majority vote score in which
AUCwas0.762 (95% Cl, 0.6621t0 0.862; P=.24) in the test
cohort (Appendix Table Ab). Post-processing of multi-
resolution prediction maps and lymphocyte infiltration
maps revealed that the fraction of lymphocyte-positive
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TABLE 3. AUC Performance of Clinicopathologic Logistic Regression, Al Score, and Combined Clinicopathologic + Al Score Models

Model Performance (AUC)

Clinicopathologic

Clinicopathologic

Model Al Score Model + Al Score Model Comparison (P)
Cohort AUC 95% CI AUC 95% ClI AUC 95% ClI Clinical v Al Clinical vClinical + Al Al v Clinical + Al
Training and 0.755 0.6801t00.831 0.866 0.812100.920 0.888 0.8351t00.941 .021 8.69 x 10 .031
validation
Test 0.678 0.5541t00.802 0.784 0.683t00.885 0.807 0.702t00.912 .208 .047 392

NOTE. Significance testing of pairwise differences in area under the curve is reported, and P < .05 is accepted as significant.
Abbreviations: Al, artificial intelligence; AUC, area under the curve.

regions in the tumor area that were positive by the majority
vote method was significantly lower than the fraction of
lymphocyte-negative regions in tumor area that were
negative by the majority vote method (Wilcoxon signed-rank
P=3.66 x 1079).

DISCUSSION

Recurrence rates remain high for patients undergoing
radical cystectomy after diagnosis of localized MIBC, in
which current prognostication and treatment selection
remains highly dependent on tumor staging, grading, and
the presence of variant histologic features.'® These features
are often limited or inconsistently reported.?® Thus, there is
an urgent need for improved prognostication for patients
with bladder cancer. In this study, we demonstrated the
ability of deep learning algorithms to identify pathologic
features within primary tumors associated with metastatic
spread to LNs. Within this novel approach, we demon-
strated that the combination of deep learning predictions

with microenvironmental features results in a robust Al-
based method that significantly improves prognostication
compared with clinicopathologic features. This Al approach
is not subject to observer variability, which demonstrates
consistent mapping to the risk of LN metastasis that
generalized well to a leave-out test cohort of 88 patients
from 22 centers.

Classification of tumors into risk groups based on histologic
characterization is a key part of clinical risk stratification in
multiple types of cancers such as Gleason scoring in
prostate cancer or Fuhrman grading in clear cell renal cell
carcinoma.2t?2 Here, expert pathologists used experience-
based knowledge to define specific morphologic features to
create risk groups, which are often subsequently retro-
spectively validated against patient outcomes. With our Al
approach, CNNs learn the imaging characteristics of a tu-
mor that are most strongly associated with LN spread.
Current literature supports the notion that CNNs could have
the capacity to learn unique features at each magnification
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FIG 2. Receiver operating characteristic curves for (A) combined training and validation cohorts and (B) test cohort. In the training and validation cohorts,
artificial intelligence (Al) score is reported for out-of-bag predictions from 10-fold cross validation. In both cases, the clinicopathologic + Al model significantly
outperformed the clinicopathologic model alone.
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Pathologist Tumor Segmentation Multiresolution Prediction Map

Lymphocyte Prediction Map

2.5x 5x

Whole-Slide Image

FIG 3. Representative example slides from a true-positive patient from an independent test set. Tumor regions from the whole slide image annotated
by the pathologist were fed into each pretrained convolutional neural network for 2.5x, 5x, 10x, and 20x magnifications. All were averaged for
a multiresolution prediction map and combined with a lymphocyte prediction map for machine learning—based classification.

level of digital pathology slides.?>2* Here, we trained sep-
arate models at multiple resolutions and spatially aggre-
gated them to generate a tumor-level probability map. We
found that the CNNs learned features known to be asso-
ciated with poor prognosis, such as high-risk variant his-
tologies. Given the improved prognostic performance of the
Al approach over using standard clinicopathologic vari-
ables, we suggest that the Al approach learned unique
features associated with the potential for LN spread not
reported or described in traditional clinical workflow. Fur-
thermore, this approach achieved similar performance
results when applied to an independent albeit small in-
house cohort.

A unique aspect of this study was the evaluation of tumor-
level prognosis in the setting of substantial intratumor
heterogeneity.?> The multiresolution probability maps
created from CNN outputs demonstrated heterogeneity in
the distribution of high-risk features defined as high
probability areas. Furthermore, the information learned
directly from the H&E slides was more predictive when
combined with information from the tumor microenviron-
ment (tumor-infiltrating lymphocytes). Of the twenty-six
highly predictive features selected for use in the ma-
chine learning-based ensemble classifier, eight accounted
for the presence and burden of infiltrating lymphocytes.
The spatial distribution of tumor-infiltrating lymphocytes on
H&E images was shown to have prognostic importance in
multiple tumor types in the original publication of the

374 © 2020 by American Society of Clinical Oncology

algorithm used in this study.!! Independent studies that
evaluated certain populations of lymphocytes by immu-
nohistochemistry have already demonstrated more favor-
able prognosis in patients with high lymphocyte density at
cystectomy.?®?” Taken together, our data demonstrate that
the presence of any lymphocyte on H&E staining (ie, not
distinguished by phenotype) significantly improved dis-
crimination of patient samples with high versus low met-
astatic potential when combined with output from deep
learning—based algorithms, indicating that the complex
effect of microenvironmental features on prognosis can be
learned from Al-based systems.

The clinical application of this work may have an impact
when applied to TURBT specimens for selecting patients
most likely to benefit from NAC. A prospective trial of NAC +
RC versus RC alone demonstrated improved survival for
patients treated with NAC + RC.® However, meta-analysis of
NAC showed that the overall survival benefit for NAC was
only 5%.' These trials were performed without sub-
stratifying patients with MIBC into risk groups; thus, the
results of these trials may be diminished by the inclusion of
low-risk patients who would not have developed recurrence
with observation alone. To address the need for further
stratification, previous studies have used clinical and
pathologic variables to substratify MIBC into low-risk and
high-risk groups and have proposed that low-risk patients
may forego NAC.?® This strategy is based on the association
between adverse outcomes and advanced clinical T stage,
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hydronephrosis, and adverse variant pathologic features
(LVI, micropapillary features, or neuroendocrine features).?®
However, clinical T stage is frequently discordant with
pathologic T stage,?**° and the presence of variant features
varies widely (7% to 81%) among reported series.® Validation
of the approach used in this study in TURBT specimens may
motivate physicians to use it as a prognostic marker in efforts
to stratify patients before surgery.

This study has several important limitations. Although this
methodology was developed in a heterogeneous data set,
all of the specimens were cystectomy specimens. An in-
dependent test set was created to model evaluation, but it
consisted mainly of TCGA patients because of the limited
availability of patients from our own institution (n = 13).
Within this in-house subset, accuracy remained high with
11 of 13 correctly classified. Deep learning algorithms are
highly prone to overfitting, especially when trained on small
data sets. Although our algorithms were trained on only 146
patients, each model was trained from thousands of patches
per resolution (Appendix Table Al). We used techniques
such as pretrained weights, stain normalization, and image
augmentation to avoid overfitting. However, overall evalua-
tion was still limited to patient-level analysis and therefore
requires further validation in external populations.
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APPENDIX

DATA SOURCE AND DOWNLOAD PROCEDURES FOR
STUDY REPRODUCIBILITY

Digital Pathology Images

Central access site: portal.gdc.cancer.gov

® Select “repository”

e Under “File” Filter options select:

® Data Type — Slide Image

® Experimental Strategy — Diagnostic Slide

e Under “Cases” Filter options select Primary Site — Bladder
® Download manifest file

® Follow instructions from NCI GDC on downloading and using the
GDC Transfer Tool: https:/docs.gdc.cancer.gov/Data_Transfer_
Tool/Users_Guide/Getting_Started/

Pathology Reports
Central access site: https://www.cbioportal.org/

® Query — “Bladder/Urinary Tract” — “Bladder Cancer (TCGA,
PanCancer Atlas)”

® Direct link to study: https://www.cbioportal.org/study/clinicalData?
id=blca_tcga_pan_can_atlas_2018

e |ndividual patients can be searched/selected within “Clinical
Data” Tab

Patients with bladder

urothelial
carcinoma
from TCGA
PanCancer study
(n=411)

Patients with
scanned images
available on NCI
GDC Data Portal

(n = 386)
Excluded Reasons (n=92)
Pure small cell (n=3)
Carcinoma in situ (n=23)
TURBT specimen (n=1)
——  No lymph node staging information (n =79)
in pathology report
Damaged slide/poor quality (n=5)
specimen
Slide from other organ (n=1)

Final study cohort
(total slides = 318)
(n =294)

FIG A1. Final study selection. GDC, Genomic Data Commons; NCI,
National Cancer Institute; TCGA, The Cancer Genome Atlas; TURBT,
transurethral resection of bladder tumor.

JCO Clinical Cancer Informatics

Clinical End Point Data

Central access site: https:/gdc.cancer.gov/about-data/publications/
pancanatlas

® Download file under “TCGA-Clinical Data Resource (CDR) Outcome”

® Corresponding publication: https://www.cell.com/cell/fulltext/S0092-
8674(18)30229-0

Patch Extraction and Stain Normalization

For digital slides, images were read in at a 4:1 ratio from apparent 40x
magnification (effective 10x magnification) digital images to allow for
whole-slide image processing.'>* Staining was normalized to an in-
dependent reference specimen not included in the data cohort using
the Macenko method.” Background artifacts and ink markings were
removed and the background intensity was set before deconvolution of
the 3-channel image using hematoxylin and eosin stains and the
Ruifrok and Johnson method.® All stain normalization and color
deconvolution was implemented by using the Stain Normalization
Toolbox for MATLAB (https://warwick.ac.uk/fac/sci/dcs/research/tia/
software/sntoolbox/).

All patches were derived in reference to 1,200 x 1,200 pixel regions
at 10x magnification, with the number of regions determined by
fitting the minimum number of non-overlapping regions that fully
contained the pathologist’'s annotations. Within each of these
reference regions, patch images were extracted at four separate
image resolutions. The reference 1,200 x 1,200 region was
resampled to a single 300 x 300 image (1/4 original size) corre-
sponding to effective 2.5x magnification, four 300 x 300 images (1/
2 original size) corresponding to effective 5x magnification, and
sixteen 300 x 300 images (no resampling) corresponding to 10x
maghnification. Coordinates of the reference region at 10x magni-
fication were mapped to 40x magnification coordinates (4,800 x
4,800 pixels) to allow for extraction of sixty-four 300 x 300 images
at 20x effective magnification, for which background artifacts and
stain deconvolution were applied in reference to the corresponding
region. The same coordinates were used to guide extraction of 576
images of 100x100 pixels at effective 20x resolution from the
original (non-normalized, non-deconvolved) hematoxylin and eosin
image for estimation of lymphocyte infiltration using the methods of
Saltz et al.*1°

Patch-Based Classification

Four different models using ResNet-101 architecture were trained
from patches at 2.5x, 5x, 10x, and 20x magnifications. All patches
were at an effective 300 x 300 image size from extraction and were
labeled according to patient lymph node (LN) status. Patches con-
taining less than 90%, 80%, 70%, and 70% of white space (de-
termined by proportion of normalized grayscale image > 0.8) for 2.5x,
5%, 10x, and 20x magnifications, respectively, were considered for
input. A weighted cross-entropy loss was applied at the time of patch-
level training to offset bias from the observed class imbalance at the
patient level. Data augmentation techniques, including image rotation,
flipping, warping, brightness, and contrast were applied randomly at
training time to reduce overfitting to patient-specific and slide-specific
characteristics. The final training parameters, including number of
epochs, learning rate, imbalance technique, and data augmentation
scheme, are included in Appendix Table Al. All models were trained
using fast.ai library (https:/github.com/fastai/fastai). After training was
completed, all models were deployed to all patches within training,
validation, and testing cohorts and the probability of being LN positive
was saved for each patch image at every resolution. For lymphocyte
classification, publicly available code and model weights were
downloaded from Saltz et al.° These models were applied to all 100 x
100 pixel images from all patient samples extracted during pre-
processing, and the probability of containing lymphocytes was saved
for each patch. Consistency in lymphocyte maps derived from the
preprocessing methods in this study versus the original study were
confirmed (Appendix Fig A2).
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Pathologist annotation

In-house implementation
probability map

Original paper
probability map (pink = TILs)

Original paper
binary map (red = TlILs)

FIG A2. Representative lymphocyte map from in-house implementation v the original publication. TILs, tumor-infiltrating

lymphocytes.

Post-Processing and Patient-Based Classification

Given that patches at all resolutions were derived spatially within
known coordinates from the original image, a multiresolution pre-
diction map was derived from all LN status classification and lym-
phocyte classification results. The final prediction maps were created
at 1/200 the size of original 40x apparent magnification image, such
that each lymphocyte prediction corresponded to a single pixel, each
effective 20x prediction corresponded to 3 x 3 pixel area, each 10x
prediction corresponded to a 6 x 6 pixel area, each 5x prediction
corresponded to a 12 x 12 pixel area, and each 2.5x prediction
corresponded to a 24 x 24 pixel area. Lymphocyte prediction maps
were derived separately from LN classification maps. For each LN
classification, maps of each resolution and per-pixel average pre-
diction across all resolutions were created. The final result is an image
in which every pixel represents the regional probability of LN status.

From the resultant pixel-based probability maps, high-risk clusters (ie,
high probability of LN positivity by classification algorithms) were
identified by using density-based spatial clustering of applications with

378 © 2020 by American Society of Clinical Oncology

noise (DBSCAN) implementation in MATLAB. Twelve different starting
conditions derived from varying threshold probability cutoffs within
various combinations of multiresolution probability maps. For each
condition, metrics related to the size, number, density, and distance
between clusters were extracted. In addition, distance between each
resultant cluster and lymphocyte-rich pixels was tabulated. Finally,
overall average probability of each resolution and total average across
all resolutions were calculated for each patient. In total, 716 elements
were extracted from representative slides for each patientin all cohorts.
A full description of probability map derivation, DBSCAN parameters,
and extracted features is provided in Appendix Table A2.

For image-based classification, an adaptive boosting classification
ensemble of decision trees (AdaBoost) was fit using 10-fold cross
validation within combined training and validation cohorts. Feature
selection was determined during each partition on the basis of pre-
dictor importance estimates from decision trees using all variables.
Within each partition, the top 20 important features were selected,
resulting in 40 unique variables selected across 10-folds. Any variables
selected as a top feature in more than one partition were considered for
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TABLE A1. Patch-Based Deep Learning Training Schemes and Performance

TCGA Patch-Based

Training Schemes Performance
No. of Training Validation Test Cohort
Patches Cohort (%) (%)
Negative  Positive White No. of Training Batch  Learning Weighted Loss

Magnification Class Class Restriction Epochs Size Rate Negative:Positive ACC F1 ACC F1
2.5x 11,875 6,677 90 3 45 3.0x10° 1:1.05 66.7 446 644 564
5% 43961 24919 80 50 45 1.0x10° 1.05:1 645 50.1 627 535
10x 168,586 95,964 70 32 80x10° 1.75:1 68.7 39.1 619 356
20x 664,754 379,404 70 32 10x10° 2:1 63.1 279 588 299

NOTE. For training of patch-based classifiers, each patch was assigned a label based on the lymph node status of the patient.
Abbreviations: ACC, accuracy; F1, F1 score; TCGA, The Cancer Genome Atlas.

final model inclusion (n = 26), in which the final model was trained by
repeating 10-fold cross validation selecting 15 features using an in-
teraction test for variable selection.!* The final model was trained by
using a maximum of three splits, a learning rate of 0.001, 4,000
learning cycles, and a 1.382 misclassification cost for false positives.
Classification performance was determined by out-of-bag estimates

JCO Clinical Cancer Informatics

during cross validation. The final model was then applied to testing
cohorts. Classification outputs were saved as binary (yes/no for LN
positive) and continuous (classification fit: range, O-1 probability of LN
positivity), which is referred to as the artificial intelligence (Al) score.
The image-based classifier was developed in MATLAB (R2018b, www.
mathworks.com) using Statistics and Machine Learning Toolbox.
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TABLE A2. Features Selection for Use in Machine Learning Classifier

Source Image Threshold Variable

Average (2.5x + bx + 10x + 20x) 0.4 Total cluster area/tumor area
Average (2.5x + bx + 10x + 20x) 0.5 Total cluster size

Average (2.5x + bx + 10x + 20x) 0.5 Total cluster area/tumor area
Average (2.5x + 5x + 10x + 20x) 0.6 Total cluster size

Average (2.5x + bx + 10x + 20x) 0.6 Total cluster area/tumor area
Product (2.5% + 5x + 10x + 20x) 0.05 Total cluster size

Binary (2.5x + 5x + 10x) 1 Total cluster area/tumor area
Binary (2.5x + 5x + 10x) 2 Total cluster size

Binary (2.5x + 5x + 10x) 2 Total cluster area/tumor area
Average (2.5x + bx + 10x) 0.4 Total cluster area/tumor area
Average (2.5x + 5x + 10x) 0.4 Median probability for all clusters
Average (2.5x + bx + 10x) 0.5 Total cluster area/tumor area
Average (2.5x + 5x + 10x) 0.5 Maximum cluster median
Average (2.5x + 5x + 10x) 0.5 Median probability for all clusters
Average (2.5x + 5x + 10x) 0.6 Total cluster area/tumor area
Binary (2.5x + 5x + 10x) + TIL 0.5 Maximum cluster median

Binary (2.5x + 5x + 10x) + TIL 0.5 Median probability for all clusters
Binary (2.5x + 5x + 10x) + TIL 0.5 Average probability across all clusters
Average (2.5x + bx + 10x) + TIL 0.5 Total cluster area/tumor area
Average (2.5x + bx + 10x) + TIL 0.75 Total cluster area/tumor area
Average (2.5x + bx + 10x) + TIL 0.75 Maximum cluster median
Average (2.5x + bx + 10x) + TIL 0.75 Median probability for all clusters
Average (2.5x + 5x + 10x + 20x) v TIL 0.4 Burden (Al) + burden (TIL)

Abbreviations: Al, artificial intelligence; TIL, tumor-infiltrating lymphocytes.
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TABLE A3. y? Test for Differences in Clinical and Pathologic Demographics of Training and Validation Versus Testing Cohorts

Training and Test Cohort x? Test
Characteristic Validation Cohorts (TCGA + in-house) P
Sex 9012
Male 161 66
Female 58 22
Race 5151
White 180 63
African American 11
Asian 23
Histologic grade .3563
Low 12 2
High 206 86
Unknown
Smoking history 7514
Lifelong nonsmoker 61 27
Current smoker 45 15
Reformed smoker 105 41
Pathologic T stage .7189
T1/T2 66 24
T3/T4 153 64
High-risk variant histology .7563
Not present 208 85
Present 11 3
LVI .3632
Not present 74 38
Present 106 41
Abbreviations: LVI, lymphovascular invasion; TCGA, The Cancer Genome Atlas.
TABLE A4. Machine Learning Classifier Performance in Training and Validation Versus Testing Cohorts
Cohort ACC (%) SENS (%) SPEC (%) PPV (%) TP TN FP FN
Training and validation (out-of-bag predictions) 77.5 70.5 82.6 71.4 55 119 22 23
Test (TCGA + in-house) 76.1 60 84.5 66.7 18 49 9 12
TCGA only 74.7 63.0 81.3 65.4 17 39 9 10
In-house only 84.6 333 100 100 1 10 0 2
Test (in-house only), by slide 71.1 10 96.3 90.9 1 26 1 10

NOTE. All performance metrics for the training and validation cohorts are reported for out-of-bag predictions from 10-fold cross validation.
Testing cohorts are further broken down into The Cancer Genome Atlas (TCGA) v in-house samples, which are subsequently reported as
patient-level and slide-level metrics.

Abbreviations: ACC, accuracy; FN, false negatives; FP, false positives; PPV, positive predictive value; SENS, sensitivity; SPEC, specificity; TN,
true negatives; TP, true positives.
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TABLE AS5. Machine Learning Performance of Simple Al v Final Al Score
Model Performance (AUC)

Simplified Al Final Al .
Model Comparison P
Cohort Score 95% ClI Score 95% ClI (clinical v DL)
Training/validation 0.8660 0.815 t0 0.917 0.8664 0.812 to 0.920 .968
Test 0.7621 0.662 to 0.862 0.7839 0.702 to 0.896 .240

NOTE. Simplified Al score is determined as the burden of tumor with probability greater than 50% for lymph node positivity separately in 2.5x,
bx, and 10x models, also referred to as the majority-vote method.
Abbreviations: Al, artificial intelligence; AUC, area under the curve; DL, deep learning.
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