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Summary

Transcriptomic and proteomic profiling classify bladder cancers into luminal and basal molecular subtypes, with controversial
prognostic and predictive associations. The complexity of published subtyping algorithms is a major impediment to
understanding their biology and validating or refuting their clinical use. Here, we optimize and validate compact algorithms
based on the Lund taxonomy, which separates luminal subtypes into urothelial-like (Uro) and genomically unstable (GU).
We characterized immunohistochemical expression data from two muscle-invasive bladder cancer cohorts (n=193, n=76)
and developed efficient decision tree subtyping models using 4-fold cross-validation. We demonstrated that a published
algorithm using routine assays (GATA3, KRTS5, pl6) classified basal/luminal subtypes and basal/Uro/GU subtypes with
86%—95% and 67%—86% accuracies, respectively. KRT14 and RBI are less frequently used in pathology practice but
achieved the simplest, most accurate models for basal/luminal and basal/Uro/GU discrimination, with 93%—96% and 85%—
86% accuracies, respectively. More complex models with up to eight antibodies performed no better than simpler two- or
three-antibody models. We conclude that simple immunohistochemistry classifiers can accurately identify luminal (Uro,
GU) and basal subtypes and are appealing options for clinical implementation. (J Histochem Cytochem 70:357-375, 2022)
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Introduction

Pioneering work performed by several groups has
characterized the genomic profiles of muscle-inva-
sive bladder cancer (MIBC), and the application of
unsupervised hierarchical clustering has revealed
molecular subtypes with distinct biological behaviors
and variation in clinical course.”® A newer mRNA-
based consensus subtyping scheme summarizes
these subtypes, and at the top hierarchical level
divides MIBCs into luminal-like and basal-like sub-
types, which represent divergent differentiation path-
ways for benign urothelial cells.>® However, the

complexity of transcriptomic profiling methods and
the variable sampling of tumor and stromal (benign
supportive orimmune) cells have hindered the devel-
opment of reliable and cost-effective molecular sub-
typing algorithms required to establish their clinical
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utility.” Immunohistochemistry (IHC) has emerged as
an appealing alternative to mRNA-based subtyping.
IHC captures most of the major subtypes and is resis-
tant to artifacts stemming from sample-to-sample vari-
ation in tumor and stromal content.”'° IHC assays are
routinely employed in surgical pathology labs provid-
ing an opportunity, should the need arise, to develop
simple, accurate, and clinically tractable algorithms to
identify biologically and clinically relevant subtypes.

Multiple studies have leveraged key biological
features of luminal and basal subtypes using IHC,
demonstrating high accuracy in identifying mRNA
subtypes.2®-15 For example, over the last three
decades, work on the Lund bladder cancer taxonomy
has progressed from an initial reliance on mRNA' to a
taxonomy defined solely by IHC subtypes reflecting
protein expression levels in cancer cells.?'* To identify
Lund IHC subtypes, a comprehensive panel of 24 key
IHC features was previously distilled into 13 core IHC
assays, which can be used to identify five main tumor-
cell-intrinsic subtypes in MIBC: genomically unstable
(GU), urothelial-like (Uro), basal/squamous cell car-
cinoma-like (basal/SCCL), mesenchymal-like (Mes-like),
and small cell/neuroendocrine-like (NE-like). These
IHC subtypes reflect the biological heterogeneity of
MIBC tumors, mediated by diverse pathogenic mech-
anisms. At the mRNA and protein expression levels,
luminal subtypes (Uro and GU) express markers
associated with luminal differentiation programming,
such as GATA-binding protein 3 (GATAS), forkhead
box A1 (FOXA1), and peroxisome proliferator-acti-
vated receptor gamma (PPARG)'®'"; however, Uro
and GU subtypes differ in the expression of retino-
blastoma protein (RB1), fibroblast growth factor
receptor 3 (FGFR3), cyclin D1 (CCND1), and cyclin-
dependent kinase inhibitor 2A (CDKN2A, which
encodes for the p16 protein)."%'*15 Conversely, the
basal subtype expresses basal urothelial markers,
such as keratin 5 (KRT5), keratin 14 (KRT14), epider-
mal growth factor receptor (EGFR), P-cadherin, and
CD44, in addition to markers associated with squa-
mous epithelial programs, such as desmocollin 2/3
(DSC2/3), desmoglein 3 (DSG3), desmoplakin (DSP),
and keratin 6 (KRT6).'8'” The distinction between the
two luminal subtypes, Uro and GU, is not universal
across all subtyping schemes but aligns with a recent
international consensus scheme,’® where the corre-
sponding subtypes are called luminal papillary and
luminal unstable, respectively. However, a clinically
tractable method for IHC subtyping would require a
much simpler algorithm with fewer antibody assays. To
our knowledge, no such method has been developed
to distinguish between Uro and GU subtypes.

Importantly, bladder cancer molecular subtypes
have been associated with different prognostic and
predictive outcomes.®24 Broadly, tumors of the basal
subtypes are aggressive and have been associated
with poor prognosis, whereas luminal subtypes have
been associated with improved survival.'*'® However,
the GU luminal subtype may represent an important
exception, demonstrating a worse prognosis compared
with its Uro (also luminal) counterpart.®'® Moreover,
among luminal tumors, those with genomic instability
have demonstrated better responses to neoadjuvant
chemotherapy and immunotherapy.?':?324 These pre-
dictive and prognostic associations highlight the poten-
tial value of distinguishing between Uro and GU luminal
subtypes to fulfill the clinical potential of molecular sub-
typing for defining appropriate treatment strategies.
However, there have also been contradictory findings
with respect to the prognostic implications of these
subtypes due to variable approaches to cohort assem-
bly, subtyping taxonomy, and molecular profiling
methodology. Thus, a robust IHC assay for molecular
subtyping could accelerate investigations to clarify
these clinical associations.

We recently proposed a compact Lund taxonomy
subtyping model using antibodies against GATA3,
KRT5, and p16 to identify basal, Uro, and GU sub-
types, which represent the three main MIBC subtypes
and comprise more than 90% of all MIBC cases.™
This panel utilized three readily available IHC assays
that are widely used in surgical pathology laborato-
ries (see Supplemental Table 1), suggesting a sim-
ple, cost-effective, and accessible algorithm for use
across clinical centers.?5-28 Furthermore, this model
proposes that the rare NE-like and Mes-like sub-
types demonstrate distinctive morphologies that
would trigger additional pathological review and are,
therefore, unlikely to require additional IHC stains.°
Recent work translated mRNA-based Lund subtypes
to IHC-based assays using 13 core IHC assays.”™
These data enable us to test the accuracy of this
three-antibody algorithm. To do so, we first character-
ized the expression patterns and the extent of overlap
among core IHC markers between the key Lund sub-
types (basal/Uro/GU). We initially determined the
accuracy of a three-antibody algorithm using GATA3,
KRT5, and p16. We then systematically analyzed the
performance of other simplified models using key IHC
assays, in addition to more complex models incorpo-
rating additional proteins. To further interrogate the
potential of these models for clinical use, we com-
pared quantitative image analysis data with protein
expression patterns that can be visually recognized
by a pathologist.
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Materials and Methods Table |. Antibodies and Dilutions.
IHC Staining, Score Calculations, and Subtype Marker Catalog No. Vendor  Dilution
Definitions FGFR3 #4574 Cell Signaling 1:40
This study was performed using previously published 2(2\)1('2; abs?sgzéa ébﬁa? i :f;gg
data (Lund 2012 and Lund 2017)."¢ Data assessed PPARG 22435 Ce ghaing :
. . L . . ell Signaling 1:400
mcludeq photomlcrogra_phlc images of tls_sue microar- CDHI M3612 Dako 1200
ray_sectlonsl s’[alned_6 with antibodies against key sut_)- CDH3 #610228 BD Biosciences  1:200
typing proteins: cyclin B1 (CCNB1), CCND1, cadherin TP63 IMG-80212 Imgenex 1:100
1 (CDH1), cadherin 3 (CDH3), CDKN2A (p16), chro-  rxra Sc-46659 Santa Cruz 1:100
mogranin A (CHGA), E2F transcription factor 3 (E2F3), CCNBI 1495-| Epitomics 1:100
epithelial cell adhesion molecule (EPCAM), FGFRS, CCNDI M3635 Dako 1:100
FOXA1, GATA3, KRT5, KRT14, keratin 20 (KRT20), = CDKN2A (plé) ##550834 BD Biosciences  1:50
neural cell adhesion molecule (NCAM1), PPARG, RB1, E2F3 MS-1063 Lab Vision 1:80
retinoid X receptor A (RXRA), synaptophysin (SYP), RBI #9309 Cell Signaling 1:100
tumor protein 63 (TP63), tubulin beta 2B class llb KRT 14 MS-115 Lab Vision 1:200
(TUBB2B), uroplakin 3 (UPK3), vimentin (VIM), or zinc KRT20 M7019 Dako 1:500
finger E-box binding homeobox 2 (ZEB2). Each tissue =~ KRT5 RM-2106 Lab Vision 1:200
microarray core was evaluated individually and was  UPK3 AlB-30180 Nordic Biosite 1:20
included for analysis if the core contained >50 cancer =~ CHGA M0869 Dako 1:100
cells. A maximum of two cores were available per sam- ~ EPCAM M325 Dako 1:40
ple, and one core was sufficient for subtype assign- ~ NCAMI NCL-L-CD56-504  Leica 1:50
ment if staining patterns were assessed for all IHC ~ SYP MO776 Dako 1:100
stains. When two cores were available, the IHC values ' BB2B LS-B4190-50 LifeSpan 1:200
were averaged between the two cores. The primary " MO0725 Dako . 1:200
ZEB2 61095 Active Motif 1:500

antibodies and conditions are summarized in Table 1.
IHC subtype assignment was previously deter-
mined by calculating a definition score, using 13 key
IHC features to assign samples to Uro, basal, GU,
NE-like, and Mes-like subtypes.” IHC expression was
reported using an intensity scale (0—3), a percentage
scale (percentage positive tumor cells, 0-9, in bins of
10%), or both. For CCNB1, RB1, and TP63, the inten-
sity was disregarded, and only the percentage of posi-
tive tumor cells was reported (range: 0-9). For all
remaining features, the intensity alone (range: 0-3), or
the intensity multiplied by the percentage of positive
cells (range: [0-3] x [0-0.9] = 0-2.7), was reported.
The Lund group’’ used these scores to calculate
definition scores and assign tumor-cell phenotypes as
described in Table 2. Briefly, the highest positive score
(>0.6) for any of the Mes-like, basal/SCC-like, and Sc/
NE-like subtype definitions classified these cases. For
scores <0.6, a case is classified as Uro/UroB if the defi-
nition score is >0.6. If the case definition score is <0.6,
it is defined as genomically unstable (this phenotype is,
thus, defined as the opposite as that for Uro/UroB).
These tumor-cell phenotypes were used in the current
study as class labels in all subsequent analyses.

Cohort Description and Data Scaling

Data were available for a total of 327 MIBC samples,’”
including 193 samples with complete expression data

for all 24 proteins. The patient characteristics of the
samples used are detailed in Table 3. Adequate out-
come information was available for the 2017 cohort,
including 163 patients treated with curative intent. Due
to the small number of Mes-like and Sc/NE-like tumors
(n=16), model-building was restricted to subtypes for
which adequate statistical power was available. A total
of 177 samples of basal, Uro, and GU subtypes from
the 2017 Lund dataset” were included and used for
further analysis. Descriptions of the evaluation and the
original scaling of proteins are described in Table 4
and Supplemental Fig. 1. As previously described,
samples were classified as one of five KRT5 expres-
sion patterns or proximity scores (all, diffuse, multiple
layers, one-layer, or no staining). KRT5 score values
were calculated as the proximity score multiplied by
the percentage of positively stained tumor cells,’™ as
summarized in Table 4 and Supplemental Fig. 1. All
expression values were scaled to yield a tumor-cell
score (TCS), ranging from 0 to 1, for subsequent sta-
tistical analysis. Scores for each protein were normal-
ized to the range maximum, as indicated in Table 4.

Data Summary

Statistical analysis was performed in R version 4.1.0.
Supervised hierarchical clustering and Spearman
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Table 2. Cellular Phenotypes of Advanced Bladder Cancer
Were Defined by Calculating Definition Scores as Outlined by
the Lund group.'”

Subtype Definition score calculation
Uro/UroB CCNDI+, FGFR3+, RBI+, pl6—
Genomically unstable ~ CCND |-, FGFR3—, RBI—, pl6+
Mes-like VIM+, ZEB2+, EPCAM-, E-Cad-
Basal/SCC-like KRT5+, KRT 14+, GATA3—, FOXAI-
Sc/NE-like TUBB2B+, EPCAM+, E-Cad—, GATA3-

Abbreviations: Uro, urothelial-like; Mes, mesenchymal; SCC, squamous
cell carcinoma; NE, neuroepithelial; CCNDI, cyclin DI; EPCAM,
epithelial cell adhesion molecule; E-cad, E-cadherin; FGFR3, fibroblast
growth factor receptor 3; FOXAI, forkhead box Al; GATA3,
GATA-binding protein 3; KRTS, keratin 5; KRT 14, keratin 14; RBI,
retinoblastoma protein; TUBB2B, tubulin beta 2B class lIb; VIM,
vimentin; ZEB2, zinc finger E-box binding homeobox 2.

Table 3. Patient Characteristics of Lund 2012 and 2017
Datasets.

Lund 2012 (n=76) Lund 2017 (n=177)

Variable n (%) n (%)
Age at MIBC diagnosis
<50 0 (0) 1 (0.5)
50-60 9(12) 19 (1)
60-70 27 (36) 74 (42)
70-80 17 (22) 72 (41)
>80 23 (30) 11 (6)
Gender
Male 55 (72) 134 (76)
Female 21 (28) 43 (24)
Patient highest stage
T2 72 (95) 175 (99)
T3 3(4) I (0.5)
T4 I (1) 1 (0.5)
IHC subtype
Basal 25 (33) 41 (23)
Uro Il (14) 82 (46)
GU 40 (53) 54 (31)
Median OS NA 41.1%

Abbreviations: GU, genomically unstable; IHC, immunohistochemistry;
MIBC, muscle-invasive bladder cancer; NA, data not available; OS,
overall survival.

*Median OS is calculated for 163 patients for which clinical data were
available.

correlation analyses were performed to visualize the
expression patterns of 24 proteins across all 193 sam-
ples. To identify groupings of similar samples, we per-
formed principal components analysis (PCA) and
visualized the results using the “FactoMineR” package.
In the PCA, the expression patterns of the 24 available
proteins were used as features to identify basal, Uro,

and GU samples (n=177). To select proteins (features)
for use as a subtype classifier, a series of binary
receiver operating characteristic (ROC) curve analy-
ses were performed for each of the 24 proteins using
the “pROC” package in the R environment. All survival
analyses were completed in R using the survival,
survminer, and ggsurvplot packages.

Model-building

Decision tree model-building was conducted using the
rpart package. Decision tree models in rpart were ini-
tially restricted to GATA3, KRT5, and p16 to assess the
performance of these antibodies in classifying luminal/
basal or Uro/GU/basal subtypes. Next, all 24 protein
features were analyzed in rpart, and the simplest
model(s) with the highest accuracy was assessed. All
decision trees were specified as classification trees
using a complexity parameter (cp) of 0.05 to prevent
overfitting. The robustness of models was assessed by
comparing the performance of trained models against
their accuracy when applied to a separate validation
set. Four-fold cross-validation with uniformly distrib-
uted training (75%) and validation (25%) sets was
used to determine the dominant tree structure, which
was defined as the model structure that emerged most
frequently during cross-validation (Supplemental Figs.
2 and 3). Accuracy was reported rather than balanced
accuracy due to low sample numbers in the basal sub-
type, which overweighs classification inaccuracy.

To assess the extent to which constraining models
to 2 or 3 proteins reduced their accuracy, we employed
a multiclass decision tree that incorporated a larger
number of proteins using the “sklearn” and “graphviz”
libraries in python. The dataset was split into training
(75%) and validation (25%) datasets. To train the
model and prevent overfitting, we followed a stratified
K-fold cross-validation (K = 10) approach. The bal-
anced accuracy of the mean and the standard error of
the mean (SEM) were used to evaluate model perfor-
mance. Optimal tree depth was determined by running
K-fold cross-validation (K = 5). The “entropy” score was
considered a measure of impurity in the binary classi-
fication. Performance metrics (recall, precision, and
F1 scores) were determined. The precision score indi-
cates a measure of how many correct positive class
predictions are made (true positives / true positives +
false positives). Recall (sensitivity) indicates the num-
ber of correct positive class predictions made by a
classifier (true positives / true positives + false nega-
tives). The F1 score is the weighted average of preci-
sion and recall scores.
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Table 4. Original Scoring of IHC Features and Scaling Across Datasets.

2017 2012

IHC feature Original assessment Scaling Original assessment Scaling

CCNBI Perc. /9 - -

CCNDI Perc. x Intensity .7 - -

CDHI Perc. x Intensity 2.7 Intensity Values could not be scaled
to equivalent

CDH3 Perc. x Intensity 2.7 - -

CDKN2A(p16) Intensity 13 - -

CGHA Intensity /3 - -

E2F3 Perc. x Intensity 2.7 - -

EPCAM Perc. x Intensity .7 - -

FGFR3 Intensity 3 - -

FOXAI Intensity 3 - -

GATA3 Perc. x Intensity .7 - -

KRTI14 Perc. x Intensity .7 Intensity Values could not be scaled
to equivalent

KRT20 Intensity 3 - -

KRT5 Perc. x Intensity + staining pattern Perc. x - -

according to basal cell layer localization pattern/2.7

NCAMI Perc. x Intensity 2.7 - -

PPARG Perc. x Intensity .7 Intensity Values could not be scaled
to equivalent

RBI Perc. 9 9 -

RXRA Perc. x Intensity 2.7 Intensity Values could not be scaled
to equivalent

SYP Perc. x Intensity 2.7 - -

TP63 Perc. 9 - -

TUBB2B Intensity /3 - -

UPK3 Intensity 3 - -

VIM Perc. x Intensity .7 - -

ZEB2 Intensity 3 - -

Abbreviations: Perc., percentage; x, multiplication of indicated values; —, staining assessment did not differ between the two studies. CCNBI, cyclin
Bl; CCNDI, cyclin DI; CDHI, cadherin |; CDH3, cadherin 3; CDKN2A (p|6), cyclin-dependent kinase inhibitor 2A; CGHA, chromogranin A; E2F3,
E2F transcription factor 3; EPCAM, epithelial cell adhesion molecule; FGFR3, fibroblast growth factor receptor 3; FOXAI, forkhead box Al; GATA3,
GATA-binding protein 3; KRTS, keratin 5; KRT 14, keratin 14; KRT20, keratin 20; NCAMI, neural cell adhesion molecule |; PPARG, peroxisome
proliferator-activated receptor gamma; RBI, retinoblastoma protein; RXRA, retinoid X receptor alpha; SYP, synaptophysin; TP63, tumor protein 63;
TUBB2B, tubulin beta 2B class IIb; UPK3, uroplakin 3; VIM, vimentin; ZEB2, zinc finger E-box binding homeobox 2.

Results

Visualizing Protein Expression, Quantifying
Redundancy, and ldentifying Subtype-defining
Features

Characterizing Expression Patterns. Initially, we visualized
the interaction between protein expression patterns
and IHC subtypes and quantified the redundancy
between IHC features. Using supervised hierarchical
clustering of all MIBC samples (n=193), we visualized
the expression of 24 IHC features across three sub-
types (basal/Uro/GU). We observed the expected
associations between subtypes and key molecular fea-
tures (Fig. 1A). Luminal (Uro and GU) tumors showed

distinctly high expression levels of GATA3, EPCAM,
and FOXA1, whereas basal tumors showed the
enhanced expression of basal keratins, such as KRT5
and KRT14. Spearman correlation analysis of IHC
expression values quantified the extent of the overlap
between these features, which showed that protein
characteristic of luminal subtypes, such as GATAS3 and
FOXAT1, showed strong positive correlations (r = 0.6),
as did features of basal differentiation, such as KRT5
and KRT14 (r = 0.69) (Fig. 1B). Protein expression
also reflected underlying subtype-specific pathogenic
mechanisms. RB1 and p16 expression levels were
negatively correlated (r = —0.5), reflecting their epistatic
relationship in cell cycle regulation: The loss of either
tumor suppressor is sufficient to disable the G1-S cell
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cycle checkpoint.”?® This genomic circuitry is further
highlighted by positive correlations between RB1 and
CCND1 protein levels (r = 0.59) (Fig. 1B), as CCND1
activates RB1, indicating an intact RB1 pathway.”

We used PCA to reduce the dimensionality of the
protein expression data, which revealed samples clus-
tered according to subtypes. Overlap was observed
between subtypes, which was most extensive between
the two luminal subtypes, Uro and GU (Fig. 1C).
Interestingly, as previously demonstrated by mRNA
profiling of the “Urobasal b” phenotype,’ the basal
cluster overlapped more strongly with the Uro subtype
than with the GU subtype. These observations high-
light the redundant functions of several proteins in
molecular subtyping and suggest an opportunity to
build more compact classifiers using fewer features.

Clarifying Subtype-defining Features. To identify and quantify
which IHC features are the most informative for building
compact classifiers, we used the area under the ROC
curve (AUC) analysis to rank the associations of
individual proteins with the luminal/basal classes
and with individual Lund subtypes (basal/Uro/GU).
We identified KRT14, KRT5, CDH3, FOXA1, GATAS,
PPARG, RB1, CCND1, CDKN2A (p16), FGFRS3,
and TP63 as the most effective protein features for
classifying subtypes, as all yielded AUCs above 80%
(Table 5). As expected, key proteins that were previ-
ously selected as defining tumor-cell phenotypes’
achieved the highest accuracies. For example, in dis-
criminating between basal and luminal subtypes, the
basal keratins were associated with the highest accura-
cies of 94.39% (95% confidence interval [CI]: 91%—
97%) for KRT5 and 94.11% (95% CI: 89%—99%) for
KRT14 (Table 5). The most accurate protein features for
discriminating between Uro and GU subtypes were
RB1 (92.62%, 95% Cl: 87%—98%), CCND1 (92.62%,
95% Cl: 87%—98%), and p16 (92.62%, 95% Cl: 87%—
98%) (Table 5).

Importantly, several proteins were highly correlated
with each other (Fig. 1B), in addition to a given sub-
type, and could individually identify either basal
(KRT14, KRT5) or luminal (CDH3, FOXA1, and GATA3)
tumors with high accuracy. These observations of pro-
tein expression redundancies suggested that an accu-
rate subtype classification model could be built based
on fewer protein features. The ranked accuracies of all
24 proteins are presented in Supplemental Table 2.

Determining the Most Parsimonious Models to
Accurately Identify Subtypes

Basal/Luminal Classification Using GATA3 and KRT5. We
focused initially on the performance of a previously

proposed model,’® which incorporates GATAS,
KRT5, and p16 to discriminate basal and luminal
subtypes. Others have reported that the combination
of GATAS3 and KRT5 can identify basal and luminal
subtypes with more than 90% accuracy.'®'* Using
available Lund datasets of samples subtyped using
both mRNA expression and IHC analysis,"” we
explored the utility of GATA3 and KRT5 for top-level
basal/luminal classification. The 4-fold cross-valida-
tion of a decision tree classifier using uniformly dis-
tributed training sets (n=133) identified a dominant
tree structure with three branches that used GATAS,
followed by KRT5 (Fig. 2A, Supplemental Fig. 2).
The tree is initially split by GATAS3 expression, with
high GATA3 expression (TCS > 0.21) identifying
luminal cases. Among samples with low GATAS3
expression, a separate branch is created according
to KRT5 expression, which is high for basal cases
and low in a second subset of luminal cases (Fig. 2A).
Across the trees with this dominant structure, a
threshold of 0.21 was consistently chosen for GATAS,
whereas KRT5 demonstrated a range of thresholds,
from 0.09 to 0.34, with high resulting accuracies
in separate validation sets (Supplemental Fig. 2,
Supplemental Table 3). We then sampled iteratively
across 100 random validation sets to determine the
KRT5 threshold with the highest resulting accuracy.
The tested thresholds included those provided by the
resulting dominant trees (e.g., 0.09, 0.16, 0.34), as
well as any intermediate values within 0.05 incre-
ments. Using these 100 validation sets, we calculated
the mean accuracy for each threshold and visualized
the distribution of accuracies (Table 6). For the range
of KRT5 thresholds between 0.09 and 0.34, luminal/
basal classification rates remained highly accurate,
at 93% to 94%.

To further test the classification accuracy of this
model, we trained the model using the 2017 Lund
cohort” and validated the model using a separate Lund
2012 cohort.! This resulted in the same tree structure
of GATA3 followed by KRT5, with similar thresholds
(0.21 and 0.099, respectively) and an accuracy of 91%
(95% ClI: 82%—96%) (Fig. 2A). As a result, we con-
cluded that GATA3 and KRT5 could classify MIBC
samples into luminal and basal subtypes with >90%
accuracy (Table 7).

Uro, GU, and Basal Subtype Classification Using GATA3, KRTS5,
and pl6. Next, we assessed the ability of p16 to iden-
tify Uro and GU subsets among luminal tumors by
adding p16 to the GATA3 and KRT5 model. Similar to
the basal/luminal classification analysis, we used the
2017 Lund cohort” (n=177) as a training set and an
additional MIBC Lund cohort' (2012 cohort, n=76) as a
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Table 5. Ranked Performances of the Top 10 Proteins for Identifying Subtypes in the ROC Analysis.

Uro vs. Basal GU vs. Basal Uro vs. GU
Rank Feature AUC [95% Cl] Feature AUC [95% CI] Feature AUC [95% CI]
| CK5 94.39 [91.25-97.52] CK5 95.87 [91.81-99.93] RBI 92.62 [87.17-98.06]
2 KRT14 94.11 [88.87-99.35] KRT14 93.93 [88.63-99.22] CCNDI 90.11 [85.15-95.07]
3 CDH3 93.01 [89.05-96.98] CDH3 93.74 [89.02-98.47] plé 87.15 [80.93-93.37]
4 GATA3 91.46 [86.92-96.01] FOXAI 89.48 [83.26-95.69] TP63 81.68 [73.93-89.44]
5 FOXAI 91.32 [87.25-95.39] GATA3 89.11 [82.05-96.17] FGFR3 78.11 [70.4-85.82]
6 PPARG 90.69 [87.03-94.35] EPCAM 88.98 [82.61-95.35] CCNBI 71.86 [63.33-80.39]
7 EPCAM 85.49 [79.75-91.23] TP63 88.3 [81.27-95.34] PPARG 64.16 [54.19-74.13]
8 CDHI 77.26 [69.27-85.25] PPARG 86.45 [79.99-92.91] RXRA 63.45 [53.94-72.96]
9 KRT20 77.2 [72.47-81.93] KRT20 79.38 [72.41-86.35] UPK3 62.45 [55.04-69.87]
10 VIM 71.15 [61.72-80.58] CCNDI 77.17 [67.54-86.8] E2F3 62.13 [52.42-71.84]

Abbreviations: 95% Cl, 95% confidence interval; AUC, area under the receiver operating characteristic curve; CCNBI, cyclin BI; CCNDI, cyclin
D1; CDHI, cadherin |; CDH3, cadherin 3; CK5, cytokeratin 5; E2F3, E2F transcription factor 3; EPCAM, epithelial cell adhesion molecule; FGFR3,
fibroblast growth factor receptor 3; FOXALI, forkhead box Al; GATA3, GATA-binding protein 3; GU, genomically unstable; KRT 14, keratin 14;
KRT20, keratin 20; p16, cyclin-dependent kinase inhibitor 2A; PPARG, peroxisome proliferator-activated receptor gamma; RBI, retinoblastoma
protein; ROC, receiver operator characteristic; RXRA, retinoid X receptor alpha; TP63, tumor protein 63; UPK3, uroplakin 3; Uro, urothelial-like;

VIM, vimentin.

validation set. The resulting tree demonstrated four
branches (Fig. 2B, Supplemental Fig. 3). The first node
separated tumors positive for GATA3 into the luminal
branch, followed by the detection of high p16 expres-
sion to distinguish GU from Uro tumors. This tree sug-
gested that tumors with low GATA3 and KRT5
expression should be classified as GU, whereas
KRT5-positive tumors that are negative for GATA3 are
classified as basal. The accuracy of the dominant
model using GATA3, KRT5, and p16 was 78% (95%
Cl: 67%—86%) in the validation set. Importantly, using
this approach revealed similar thresholds for GATA3
(0.21) and KRT5 (0.099) as the previous basal/luminal
classification model and the initial cross-validation,
indicating that these thresholds are likely robust (Fig. 2B,
Supplemental Table 4). Therefore, we concluded that
the use of all three antibodies could classify MIBC
samples into basal/Uro/GU subtypes with approxi-
mately 78% accuracy (Table 7).

Clinical Outcomes Using Parsimonious Subtype
Classification Models

The clinical significance of subtyping has been previ-
ously investigated in a variety of cohorts, so we next
investigated whether overall survival was significantly
different based on the basal/luminal and basal, Uro
and GU classification models established above. In
accordance with the original mRNA subtyping data,
the log-rank p value for overall survival was not signifi-
cant when stratified by basal/luminal (Fig. 3A) or basal/
Uro/GU (Fig. 3B).

A
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—|
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@ @ @D
:
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KRTS | p16 |
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| | |
& (o) (o) Q)

Figure 2. Decision tree classifiers using GATA3, KRT5, and pl6
to identify luminal-basal and urothelial-like (Uro), genomically
unstable (GU), and basal subtypes. (A) Identification of luminal
and basal subtypes using GATA3 and KRT5. (B) Identification
of basal, Uro, and GU subtypes using GATA3, KRTS5, and plé6.
Abbreviations: GATA3, GATA-binding protein 3; KRTS5, keratin
5; pl6, cyclin-dependent kinase inhibitor 2A.
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Table 6. KRT5 Accurately Distinguishes Luminal From Basal
Tumors Across a Range of Staining Intensity Thresholds.

KRTS5 threshold Mean accuracy (across 100 test sets, n=44)

0.093 0.944
0.099 0.944
0.15/0.16 0.938
0.20 0.938
0.25 0.934
0.30 0.934
0.34/0.35 0.934

Abbreviation: KRTS5, keratin 5.

Table 7. Performance of Simple Classifiers.

Basal/Luminal Uro/GU/Basal

KRT 4
93%—96%

KRT 14 +RBI
85%86%

(79%-99%) (71%-94%)
Best validated ~ GATA3 + KRT5  GATA3 + KRT5 + pl6
model 91% 78%

(82%-96%) (67%—86%)

Best simplified
model

Abbreviations: GATA3, GATA-binding protein 3; GU, genomically
unstable; KRTS, keratin 5; KRT 14, keratin 14; pl6, cyclin-dependent
kinase inhibitor 2A; RBI, retinoblastoma protein; Uro, urothelial-like.

Optimizing Decision Tree Models for Parsimony
and Accuracy

Basal/Luminal Classification Using KRT 4. We next expanded
our model-building to determine which of the 24 IHC
features could generate the simplest model with
improved classification accuracy. Using the same
4-fold cross-validation method on uniform training and
validation sets, we identified a dominant tree structure
that separated two branches using only KRT14
(threshold = 0.69) (Fig. 4A). This tree classified tumors
with high KRT14 expression (TCS > 0.69) as basal,
whereas tumors with low KRT14 expression (TCS <
0.69) were classified as luminal. Interestingly, this
KRT14 threshold (0.69) was identical across all train-
ing cross-validation iterations and, therefore, did not
require additional bootstrapping to optimize the
thresholds with the highest accuracy. Throughout
cross-validation iterations, the accuracy of this model
remained high, ranging from 93% to 96% (95% CI:
0.79%-0.99%). We were unable to test the accu-
racy of this dominant tree structure in independent
validation sets (2017 cohort) due to differing KRT14
assessment methods between the 2012 cohort,
which assessed intensity only and the 2017 cohort,
which assessed intensity and percent positive cells."”
However, these findings suggested that KRT14 can

provide more accurate identification of basal and
luminal subtypes than KRT5, and additional testing is
warranted to identify the overall accuracy of KRT14
across multiple cohorts.

KRT 14 and RB for Classifying Basal, Uro, and GU Subtypes. As
described above, we continued model-building by
examining all 24 IHC features to identify the simplest
model for identifying the three dominant MIBC sub-
types (basal, Uro, and GU). Several models used only
two proteins, KRT14 (threshold = 0.64) followed by
RB1 (threshold = 0.28), and achieved accuracies of
85% 10 86% (95% CI: 0.71%—-0.94%) (Fig. 4B, Table 7).
This model classified tumors with high KRT14 protein
expression as basal, whereas low KRT14 expression
was classified as luminal. Luminal tumors were then
subdivided into Uro and GU subtypes based on the
positive and negative expression of RB1, respectively.
KRT14 was assessed differently in the 2017 and 2012
cohorts,!” preventing the further examination of these
models in independent validation sets. However, the
promising accuracies of these simplified models using
KRT14 and RB1 suggest that these proteins may
serve as useful subtyping features.

Do Additional Protein Features Improve
Subtyping?

To determine whether applying constraints on the
number of features significantly reduced the accuracy
of subtyping, we removed those constraints and built
models including up to eight proteins. To assess which
IHC features could be added to improve classification
accuracy, we generated multiclass decision tree clas-
sifiers optimized to identify basal, Uro, and GU tumors.
For feature selection, we considered proteins with
AUC values >80% for the classification of samples into
basal, Uro, or GU subtypes. Using these more expan-
sive parameters, the most accurate decision tree incor-
porated KRT5, KRT14, GATA3, FOXA1, EPCAM, TP63,
RB1, and CCND1 into four decision nodes (Fig. 5), in
which each decision node corresponds to a branch in
the tree. Following 10-fold stratified cross-validation,
this model achieved a balanced accuracy of 85.6% +
0.07% in the training set. When applied to the vali-
dation set, the accuracy decreased slightly to 82%
(Table 8). Thus, adding more proteins did not improve
the accuracy compared with the previously identified
parsimonious models. The performance metrics of the
model are summarized in Table 8, which shows that
the model achieved the highest precision (1.00) for the
identification of the GU subtype but with limited sensi-
tivity (0.64). F1 scores, representing the weighted
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Figure 3. Kaplan—Meier survival analyses. (A) Overall survival of muscle-invasive bladder cancer (MIBC) patients stratified by luminal
(blue) or basal (red) immunohistochemistry (IHC) subtype assignment. (B) Overall survival of MIBC patients stratified by urothelial-like
(URO) (blue), genomically unstable (GU) (purple), or basal (red) IHC subtype assignment. The p values are listed according to log-rank
test.

mean of recall (sensitivity) and precision for identify- Interestingly, this model suggested a top-level divi-
ing each class (basal, 0.80; Uro, 0.85; GU, 0.78), indi-  sion based on RB1 expression, which primarily serves
cate good accuracy for identifying individual subtypes  to separate the Uro and GU subtypes. The model fur-
(Table 8). ther selected CCND1 to distinguish GU tumors from
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Figure 4. Decision tree classifiers using KRT14 and RBI. (A)
KRT 14 identifies luminal and basal subtypes. (B) KRT14 and RBI
identify urothelial-like (Uro), genomically unstable (GU), and
basal subtypes. Abbreviations: KRT 14, keratin 14; and RBI, reti-
noblastoma protein.

both Uro and basal subtypes. However, CCND1
expression in this model only classified a small num-
ber of samples (one GU sample from the basal subset
and four GU samples from the Uro subset). Similarly,
the incorporation of GATA3 into the model distin-
guished one GU sample from the Uro subset. TP63
was incorporated into the model because GU tumors
show low TP63 expression compared with Uro tumors.
These observations indicate that the majority of Uro
and GU samples can effectively be discriminated using
a top-level division based on RB1 expression, with the
third- and fourth-level branches providing little addi-
tional value.

Visualizing IHC Staining and the Distributions of
Protein Expression Patterns

Distributions of IHC Staining Patterns. To characterize IHC
staining patterns as they are likely to be evaluated
during pathological practice, we visually evaluated the
expression of key proteins according to subtype
(Fig. 6). Nuclear GATAS staining was typically homo-
geneous across the cancer cells in each tissue micro-
array core. However, proteins such as CCND1 and

RB1 showed greater heterogeneity, both within a
given core and across paired cores for the same sam-
ple. Cytoplasmic KRT14 and KRT5 staining remained
localized to the basal cell layer for low TCS values
(TCS of 0-0.2) and appeared progressively more dif-
fuse and homogeneous with increasing TCS values
(Fig. 6). For KRT14, the threshold range (0.64—0.68)
indicated that expression beyond 2 to 3 cell layers
from the basal epithelium defined the basal subtype
from luminal tumors. By contrast, the KRT5 TCS
threshold range fell slightly lower (0.09-0.34) and
served primarily to separate the basal subtype from
the GU subtype. Thus, in the GATAS/KRT5/p16 model,
high GATAS3 expression defined the Uro subtype,
whereas the expression of KRT5 beyond a single cell
layer distinguished the basal subtype from GU (Fig. 2B).

Ideal biomarkers selected for clinical use should
show clear and subtype-specific differences in expres-
sion levels that can be recognized by pathologists
without reliance on computerized quantitative analy-
sis. To address these concerns, we visualized the dis-
tributions of IHC expression patterns across samples
for all subtypes (Fig. 6, Supplemental Fig. 4). For
GATA3, KRT14, KRT5, and RB1, this analysis revealed
binary expression patterns, indicating a rational thresh-
old for characterizing positive and negative expres-
sion patterns (Fig. 6). Markedly different distribution
patterns were observed between luminal and basal
subtypes for KRT14 and KRT5. Although GATA3
expression was slightly more variable, a clear separa-
tion between subtypes could still be distinguished. By
contrast, p16 expression patterns showed greater vari-
ability, with a wide distribution of patterns across all
subtypes and a large number of samples showing
intermediate staining. However, p16 staining appears
bimodal across luminal subtypes, further supporting
the usefulness of p16 for distinguishing Uro from GU
tumors. CCND1 also showed a large number of inter-
mediate staining values. Although CCND1 was indi-
cated as a strong predictor of Uro versus GU subtypes,
the large degree of overlap in staining intensities for
this protein across these two subtypes may limit its
utility for distinguishing between them. Interestingly,
the thresholds determined during parsimonious model-
building broadly correspond with the intersection
points of curves in distribution plots (Fig. 6), indicating
that the thresholds identified by the decision tree mod-
els are robust and represent rational cutoff points for
visual assessment by pathologists.

Discussion

In this work, we characterized patterns of IHC protein
expression and determined the accuracies of simple
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Figure 5. A multiclass decision tree classifier for MIBC subtypes achieves similar accuracy as simplified decision tree models. The model
with optimal performance used RBI, CK5, CCNDI, FOXAI, GATA3, TP63, KRT 14, and EPCAM. Almost all final entropy scores were
zero, indicating correct classification. As expected, the model had the greatest difficulty assigning urothelial-like (Uro) and genomically
unstable (GU) subtypes in the terminal leaves of the tree, where entropy >0. Abbreviations: CK5, cytokeratin 5; CCNDI, cyclin D1;
EPCAM, epithelial cell adhesion molecule; FOXAI, forkhead box Al; GATA3, GATA-binding protein 3; KRTI4, keratin 14; MIBC,
muscle-invasive bladder cancer; RBI, retinoblastoma protein; TP63, tumor protein 63.

Table 8. Performance Statistics of the Optimal Classifier Model on the Validation Dataset (n=45).

Dataset (Basal = 10, Uro =21, GU = 14)

Predicted values

Performance metrics

True
Basal Uro GU Positive Rate Sensitivity Fl-score
Actual Basal 8 2 0 0.89 0.80 0.80
values Uro I 20 0 0.83 0.95 0.85
GU I 4 9 1.00 0.64 0.78

Model accuracy: 0.82

Abbreviations: GU, genomically unstable; Uro, urothelial-like.

and complex decision tree models for classifying
the three principal MIBC molecular subtypes. We
expanded upon previous literature to identify parsi-
monious models capable of discriminating two lumi-
nal subtypes (Uro and GU) that represent distinct
molecular mechanisms of oncogenesis that may affect
response to therapy or prognosis."*'%' This work
identified GATA3, KRT5, and p16 as an attractive set of
clinically available antibodies, capable of achieving at
least 78% accuracy for the identification of Uro, GU,
and basal subtypes, with 91% accuracy for luminal/
basal classification. Using more limited data, this work

further identified a classification model using KRT14
and RB1 that could prove even more efficient and
accurate than the model based on GATA3, KRT5, and
p16. Importantly, the decision tree—based models pre-
sented here were optimized for parsimony, using a
stepwise system that recapitulates how pathologists
use IHC in clinical practice.

By exploring IHC expression patterns through clus-
tering, correlation, and PCA analyses, we were able to
quantify the associations of these IHC features with
each other and with IHC-based subtypes, further
highlighting the fundamental associations of the 24
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Figure 6. Subtype-specific expression patterns and distributions of key proteins highlight their utility for classifying bladder cancers.
Density plots (left) show the expression distributions of key proteins across samples of the basal (BaSq, red), genomically unstable
(GU, blue), and urothelial-like (Uro, green) subtypes (right). Visualization of immunohistochemistry (IHC) staining intensities and their
respective tumor-cell score (TCS) values. Representative staining for samples below and above the threshold values (indicated by black
diamonds) are shown by thresholding bars below IHC images. Multiple diamonds indicate upper and lower limits of threshold ranges.

The scale bar is 200 pm.

previously selected proteins with subtype biology and
underlying genomic circuitry'%-2 (Fig. 1). As expected,
these analyses showed the most similarity between
the Uro and GU clusters due to the shared expression
of luminal differentiation markers, whereas only a
small amount of overlap was observed between the
Uro and basal clusters. Several studies have pro-
posed a combination of two to four luminal and basal
protein features, such as FOXA1, GATA3, KRT5/6,
and KRT14, for bladder cancer subtyping."='3 In this
work, we showed that the expression patterns of these
protein features share a high degree of overlap, sug-
gesting that the use of all of these assays may be
redundant for subtype identification. Furthermore,
binary ROC analyses demonstrated the comparable
accuracies of these proteins for basal/luminal classifi-
cation. The current work suggests that some of these
previously published models may be simplified to a
single protein feature or the use of one basal and one
luminal protein feature.

GATA3 and KRT5 have specifically been proposed
by multiple groups as the best set of features for lumi-
nal-basal classification®® with more than 90% accu-
racy. Early work by Dadhania et al.® and a more recent
study by Guo et al.® distilled a large panel of genomic
markers and key IHC proteins down to UPK2, KRT20,
GATAS3, KRT5, and KRT14 as the defining IHC fea-
tures of basal and luminal subtypes.® IHC evaluation
on whole slides revealed that GATA3, KRT14, and
KRT5 showed the most consistent staining patterns.
Further logistic regression analyses determined
GATA3 and KRT5 as the best pair of protein features,
with robust and reproducible staining patterns.®®
However, these previous studies used IHC expres-
sion to classify mRNA subtypes, not IHC subtypes.
Despite differences in subtype labeling and classifier
building, we arrived at a similar conclusion with
respect to the accuracy of a model using only GATA3
and KRT5, complementing prior work and highlighting
the robustness of these markers for classification pur-
poses. Importantly, we also observed similar patterns
of homogeneous GATA3 and KRT5 staining within and
between samples from the same patient. Although we
were unable to compare this expression with staining
patterns at the whole slide level, the work by Guo et al.
demonstrated concordance of subtype and staining
patterns between tissue microarrays and whole slides.

Although several studies have explored the use of
simple IHC assays for basal and luminal subtyping, to
our knowledge, few studies have sought to identify the
GU subtype, which represents both a biologically and
clinically distinct luminal group. In models that aimed
to identify basal, Uro, and GU subtypes, the model
using GATA3, KRT5, and p16 achieved 78% accu-
racy, whereas the model using only KRT14 and RB1
achieved approximately 85% accuracy. Although the
findings using the models based on KRT14 and RB1
are preliminary, they indicate that these two proteins
may provide a simpler and more accurate classifica-
tion result. The multiclass model also suggested the
use of RB1 to distinguish GU from Uro tumors, in
agreement with the protein rankings based on ROC
analysis and the simplified model (Fig. 5). These find-
ings support the utility of using RB1 to identify GU
tumors, with CCND1 and TP63 identified as potential
validation stains for the GU subtype.

The NE-like and Mes-like subtypes appear to dem-
onstrate low expression of luminal and basal markers,
as well as RB1, which might favor the use of the GATA3/
KRT5/p16 classification system over the KRT14/RB1
classification, as the former would be more likely to cor-
rectly distinguish GATA3/KRT5~ mesenchymal tumors
from their GATA3"/KRT5~ counterparts. As proposed
previously,’® the pathologist should be able to recog-
nize NE-like and Mes-like variant histology by the
presence of sarcomatous or neuroendocrine differen-
tiation, allowing the subtyping of these rare tumors to
be confirmed using traditional IHC and morphologi-
cal assessment methods rather than the proposed
algorithms. Additional studies in populations highly
enriched for rare subtypes remain necessary to vali-
date this approach. The classifiers developed here
were designed for use in subtyping typical urothelial
carcinomas, which comprise more than 90% of primary
MIBCs in most published series.™

The use of KRT14 as a univariate luminal/basal
classifier is supported by biological evidence that
KRT14 is a defining feature of the least differentiated
stem cell-like basal cells of benign bladder urothelium,
preceding the expression of KRT5 and KRT20, which
are found in intermediate and differentiated umbrella
cells, respectively.3® Previous work identified three dif-
ferentiation states in urothelial carcinoma, defined as
basal (KRT14*, KRT5*, KRT20"), intermediate (KRT 14",
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Supplemental Figure S1. Representative IHC staining patterns for assessment of KRT5. Scores of 0 represent no staining for KRT5.
Scores of | represent minimal staining of KRT5 where staining is diffuse or localized to the basal cell layer as a single layer (IL) or non-
continuous (NC) layer. Scores of 2 represent KRT5 staining that extends from the basal cell layer across multiple layers (ML). Scores of

3 represent homogeneous KRTS5 staining across all cell layers. Scale bar represents 200 um.
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Supplemental Figure S2. Decision tree models using GATA3 and KRT5 identify basal and luminal subtypes across four-fold cross
validation with similarly structured trees. Dominant model found in three of four cross validation iterations first uses high GATA3 to
identify luminal (LUM) tumours, using a consistent tumour cell score of >0.21. Next, high KRT5 separates basal (BaSq) tumours from a

smaller group of luminal tumours with low KRT5 using variable KRT5 thresholds.

KRT5*, KRT20"), and differentiated (KRT14-, KRT5",
KRT20%).%° Thus, KRT5 can be used to identify both
intermediate and basal cell differentiation, whereas
KRT14 is specific for basal cell differentiation.
Although this work suggests that KRT14 and RB1
can serve as useful protein features for subtype

identification, the accessibility and reproducibility of
these assays across clinical centers may pose a bar-
rier to implementation. For the initial model we devel-
oped, we selected GATA3, KRT5, and p16 because
they represent key IHC features with assays that are
widely available in clinical laboratories. In a sampling
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Supplemental Figure S3. Decision tree models using GATA3, KRT5 and pl6 identify Uro, GU and basal subtypes across three-
fold cross validation using two random seeds (combinations of samples). Cross-validation methods identified the same tree structure
compared to using separate testing (Lund 2017) and validation (Lund 2012) cohorts. This tree structure uses low GATA3 expression
(tumour cell score <0.21) to identify basal (BaSq) tumours. High GATA3 expression combined with high p16 expression (tumour cell
score >0.42) distinguished genomically unstable (GU) tumours, whereas high GATA3 expression and low p 16 expression distinguished

urothelial-like (Uro) tumours.

of clinically oriented pathology publications, RB1 and
KRT14 were found to be less popular IHC targets and,
therefore, might be less widely available (Supplemental
Table 1).

Aside from the widespread availability of these anti-
bodies, another trade-off emerged between accuracy
and simplicity. The multiclass model that included the
expression of eight proteins (Fig. 4) achieved 82% to
86% accuracy, which was a slight improvement over
the GATA3 and KRT5 model (Fig. 2) and approximately
equivalent to the model using KRT14 and RB1 (Fig. 3).
Although the inclusion of additional IHC features may
be beneficial for clarifying subtypes, the multiclass
decision tree classifier was also much more complex,
providing more opportunities for error. In addition, this
classifier requires the use of too many antibodies to be
easily implemented while providing only negligible
improvements in theoretical accuracy.

We describe algorithms using routinely available anti-
bodies which have been validated and optimized across
centers as these are less vulnerable to variations in
staining. However, it is important to note that such
assays may require subsequent optimization according
to the use of different antibody clones and that staining

intensity thresholds may be sensitive to these and
other changes. For example, the p16 assay used in
the studies analyzed here showed a lower dynamic
range than an assay used in subsequent work.3!
Thus, implementing this classifier will require normal-
izing differences in dynamic range between assays
and centers, including necessary control tissues.
Additional studies will be necessary to validate the
accuracies of the identified models and to investigate
the utility of the identified cutoff values as visually
assessable thresholds. In this work, we elaborate on
specific numeric cutoff points to explore and visually
represent the expression patterns of various proteins.
Although the scoring system used here requires sev-
eral steps and the provided thresholds would require
validation, the simple binary expression patterns dem-
onstrated by key markers suggests that these could
easily be translated into a binary system feasible for
pathology practice. Guo et al. demonstrated that such
a system is possible using GATA3 and KRT5 expres-
sion. Furthermore, they showed that the translation of
this work from tissue microarray to whole slides is highly
concordant and represents a clinically feasible method
of IHC staining assessment. We worked with previously
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Supplemental Figure S4. Subtype-specific expression patterns and distributions of additional key proteins highlight their utility for
classifying bladder cancers. Density plots show the expression distributions of additional key proteins across tumours of the basal (BaSq,
red), genomically unstable (GU, blue), and urothelial-like (Uro, green) subtypes.

assessed IHC expression data obtained from tissue
microarrays, but ultimately, the assessment of whole
slides will be required to identify the impacts of intratu-
moral heterogeneity on the ability of the suggested algo-
rithms to reliably identify these expression patterns.

The existence of molecular subtypes in bladder
cancer is well established® and signifies distinctive
pathways for bladder carcinogenesis and progres-
sion. However, the clinical utility of molecular subtyp-
ing in general, and for the Lund Taxonomy specifically,
varies across studies and therefore is in equipoise.
Challenges in resolving this controversy include vari-
able approaches to assembling research cohorts,
inconsistent subtyping schemes, and lack of easily
implementable assays. In concordance with previous
work exclusively using these data,”3? we found no
significant differences in survival between subtypes.
However, other work with larger and more heteroge-
neous cohorts has found prognostic and predic-
tive associations for the Lund taxonomy.?81824
Importantly, additional work using GATA3, KRT5, and
p16 IHC to identify Uro, GU, and basal subtypes found
significant differences in disease-specific survival
between the basal and Uro subtypes, suggesting the
potential clinical utility of a three-antibody assay.®
Critical to future investigations is the validation of a
robust and efficient assay such as the IHC-based clas-
sification models described here.

The limitations of this work include the relatively
small number of samples assessed, particularly after

separating the samples into training and validation
sets. Although the clinical actionability of transcrip-
tomic subtypes has been investigated, these models
must be explored specifically with respect to the clini-
cal actionability of IHC subtypes. However, the sim-
plicity of these IHC-based models compared with the
complexity of transcriptomic profiling provides oppor-
tunities for accelerating subtyping approaches in both
research and clinical practice. Although this study was
restricted to the MIBC setting, the provided datasets
also included non-muscle-invasive bladder cancers
(NMIBCs), although an insufficient number of samples
were available for building separate models. Future
work should assess the similarity of constructed mod-
els for subtyping classification in the NMIBC setting.
Altogether, this work clarifies the utility of GATA3,
KRT5, and p16 IHC for identifying Uro, GU, and basal
subtypes, which are variably associated with distinct
biological, predictive, and prognostic phenotypes and
together comprise the vast majority of MIBCs. We
showed that a simple immunohistochemical decision
tree classifier designed to distinguish among these
subtypes achieved approximately 78% accuracy in the
identification of basal/Uro/GU subtypes, with >90%
accuracy for distinguishing basal/luminal subtypes.
Although the depth of a transcriptomic classification
method may ultimately provide more comprehensive
information, transcriptomics is expensive, laborious,
challenged by variation in tumor-cell content between
samples. With single cell resolution and a faster and
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far less expensive workflow, a surrogate IHC classifier
may serve as an effective strategy that can accelerate
subtyping research, and if appropriate, be more read-
ily implemented in clinical practice.

Competing Interests

The author(s) declared no potential conflicts of interest with
respect to the research, authorship, and/or publication of
this article.

Author Contributions

CLJ and DMB conceived the study. CSCH, HG, and CLJ
wrote the manuscript. CLJ, HG, and AS analyzed the data.
CLJ, HG, and AS generated the figures. GS collected the
original data and conceived the IHC-based profiling meth-
ods described in this study. RJG contributed to the bioinfor-
matic analyses presented in Figs. 1 to 3. All authors edited
the manuscript and approved the final version submitted for
publication.

Funding

The author(s) disclosed receipt of the following financial
support for the research, authorship, and/or publication of
this article: This study was conducted with the support of
the Ontario Institute for Cancer Research through funding
provided by the Government of Ontario (D.M.B.). Additional
support was provided by the Cancer Research Society and
Bladder Cancer Canada through the Operating Grant
Funding Program (D.M.B.) and the Swedish Cancer Society
(G.S.).

ORCID iDs
Hamid Ghaedi
David M. Berman

Chelsea L. Jackson
-5978

https://orcid.org/0000-0002-5034-0586
https://orcid.org/0000-0001-5985-3698
https://orcid.org/0000-0002-6784

Literature Cited

1. Sjédahl G, Lauss M, Lévgren K, Chebil G, Gudjonsson
S, Veerla S, Patschan O, Aine M, Ferndé M, Ringnér
M, Mansson W, Liedberg F, Lindgren D, HOglund M.
A molecular taxonomy for urothelial carcinoma. Clin
Cancer Res. 2012;18(12):183377-86.

2. Damrauer JS, Hoadley KA, Chism DD, Fan C, Tiganelli
CJ, Wobker SE, Jen Yeh J, Milowsky MI, lyer G, Parker
JS, Kim WY. Intrinsic subtypes of high-grade bladder
cancer reflect the hallmarks of breast cancer biology.
Proc Natl Acad Sci. 2014;111:3110-5.

3. Choi W, Porten S, Kim S, Willis D, Plimack ER, Hoffman-
Censits J, Roth B, Cheng T, Tran M, Lee |, Melquist
J, Bondaruk J, Makewski T, Zhang S, Pretzsch S,
Baggerly J, Siefker-Radtke A, Czerniak B, Dinney CP,
McConkey DJ. Identification of distinct basal and lumi-
nal subtypes of muscle-invasive bladder cancer with
different sensitivities to frontline chemotherapy. Cancer
Cell. 2014;25:152-65.

10.

11.

12.

13.

14.

15.

16.

Cancer Genome Atlas Research Network. Compre-
hensive molecular characterization of urothelial bladder
carcinoma. Nature. 2014;507(7492):315-22.

Sjodahl G, Lévgren K, Lauss M, Patschan O, Gudjonsson
S, Chebil G, Aine M, Eriksson P, Mansson W, Lindgren
D, Fernd M, Liedberg F, Hoglund M. Toward a molecu-
lar pathologic classification of urothelial carcinoma. Am
J Pathol. 2013;183(3):681-91.

Aine M, Eriksson P, Liedberg F, Sjédahl G, Héglund M.
Biological determinants of bladder cancer gene expres-
sion subtypes. Sci Rep. 2015;5(1):10957.

Sjddahl G, Eriksson P, Liedberg F, Héglund M.
Molecular classification of urothelial carcinoma: global
mRNA classification versus tumour-cell phenotype clas-
sification. J Pathol. 2017;242(1):113-25.

Dadhania V, Zhang M, Zhang L, Bondaruk J, Majewski
T, Siefker-Radtke A, Guo CC, Dineey C, Cogdell DE,
Zhang S, Lee S, Lee J, Weinstein JN, Baggerly K,
McConkey DJ, Czerniak B. Meta-analysis of the luminal
and basal subtypes of bladder cancer and the identifica-
tion of signature immunohistochemical markers for clini-
cal use. Ebiomedicine. 2016;12:105-17.

Guo CC, Bondaruk J, Yao H, Wang Z, Zhang L, Lee S,
Lee J, Cogdell D, Zhang M, Yang G, Dadhania V, Choi
W, Wei P, Gao J, Theodorescu D, Logothetis C, Dinney
C, Kimmel M, Weinstein JN, McConkey DJ, Czerniak B.
Assessment of luminal and basal phenotypes in bladder
cancer. Sci Rep. 2020;10(1):9743.

Sjoédahl G, Jackson CL, Bartlett JM, Siemens DR,
Berman DM. Molecular profiling in muscle-invasive
bladder cancer: more than the sum of its parts. J Pathol.
2019;247(5):563-73.

Lerner SP, McConkey DJ, Hoadley KA, Chan KS, Kim
WY, Radvanyi F, Héglund M, Real FX. Bladder cancer
molecular taxonomy: summary from a consensus meet-
ing. Bladder Cancer. 2016;2(1):37—-47.

Wang CC, Tsai YC, Jeng YM. Biological significance of
GATAB3, cytokeratin 20, cytokeratin 5/6 and p53 expres-
sion in muscle-invasive bladder cancer. PLoS ONE.
2019;14(8):e0221785.

Font A, Domenech M, Benitez R, Rava M, Marqués M,
Ramirez JL, Pineda S, Dominguez-Rodriguez S, Gago
JL, Badal J, Carrato C, Lopez H, Quer A, Castellano
D, Malats N, Real FX. Immunohistochemistry-
based taxonomical classification of bladder cancer
predicts response to neoadjuvant chemotherapy.
Cancers (Basel). 2020;12(7):1784.

Sjodahl G. Molecular subtype profiling of urothelial car-
cinoma using a subtype-specific immunohistochemistry
panel. Methods Mol Biol. 2018;1655:53—-64.

Bernardo C, Eriksson P, Marzouka N, Liedberg F, Sjédahl
G, H6glund M. Molecular pathology of the luminal class
of urothelial tumours. J Pathol. 2019;249(3):308-18.
Warrick JI, Walter V, Yamashita H, Chung E, Shuman
L, Amponsa VO, Zheng Z, Chan W, Whitcomb TL, Yue
F, lyyanki T, Kawasawa YI, Kaag M, Guo W, Raman
JD, Park J, DeGraff DJ. FOXA1, GATAS3 and PPARy
cooperate to drive luminal subtype in bladder cancer: a
molecular analysis of established human cell lines. Sci
Rep. 2016;6:38531.



Compact IHC Assays for Bladder Cancer Subtyping

375

17.

18.

19.

20.

21.

22.

23.

Fishwick C, Higgins J, Percival-Alwyn L, Hustler A,
Pearson J, Bastkowski S, Moxon S, Swarbeck D,
Greenman CD, Southgate J. Heterarchy of transcrip-
tion factors driving basal and luminal cell phenotypes in
human urothelium. Cell Death Differ. 2017;24:809—18.
Kamoun A, de Reyniés A, Allory Y, Sjédahl G, Robertson
AG, Seiler R, Hoadley KA, Groenveld CS, Al-Ahmadie
H, Choi W, Castro MAA, Fontugne J, Eriksson P, Mo Q,
Kardos J, Zlotta A, Hartmann A, Dinney CP, Bellmunt J,
Powles T, Malats N, Chan KS, Kim WY, McConkey DJ,
Black PC, Dyrskjgot L, H6glund M, Lerner SP, Real FX,
Radvanyi F. A Consensus molecular classification of
muscle-invasive bladder cancer. Eur Urol. 2020;77(4):
420-33.

Seiler R, Ashab HAD, Erho N, van Rhijn BWG, Winters
B, Douglas J, Van Kessel KE, Fransen van de Putte
EE, Sommerland M, Wang NQ, Choeurng V, Gibbs EA,
Palmer-Aornstem B, Lam LL, Buerki C, Davicioni E,
Sjodahl G, Kardos J, Hoadley KA, Lerner SP, McConkey
DJ, Choi W, Kim WY, Kiss B, Thalmann GN, Todenhofer
T, Crabb SJ, North S, Zwarthoff EC, Boormans JL,
Wright J, Dal’Era M, van der Heijden MS, Black PC.
Impact of molecular subtypes in muscle-invasive blad-
der cancer on predicting response and survival after
neoadjuvant chemotherapy. Eur Urol. 2017;72:544-54.
Lotan Y, Boorjian SA, Zhang J, Bivalacqua TJ, Porten
SP, Wheeler T, Lerner SP, Hutchison R, Francis F,
Davicioni E, Svatek RS, Chen CL, Black PC, Gibb EA.
Molecular subtyping of clinically localized urothelial car-
cinoma reveals lower rates of pathological upstaging
at radical cystectomy among luminal tumors. Eur Urol.
2019;76:200-6.

Taber A, Christensen E, Lamy P, Nordentoft I, Prip F,
Lindskrog SV, Birkenkamp-Demtréder K, Okholm TLH,
Knudson M, Pedersen JS, Torben S, Agerbaek M,
Jensen JB, Dyrskjgt L. Molecular correlates of cispla-
tin-based chemotherapy response in muscle invasive
bladder cancer by integrated multi-omics analysis. Nat
Commun. 2020;11:4858.

Necchi A, Raggi D, Gallina A, Ross JS, Faré E,
Giannatempo P, Marandino L, Colecchia M, Luciano R,
Bianchi M, Colombo R, Salonia A, Gandaglia G, Fossati
N, Bandini M, Pederzoli F, Capitanio U, Montorsi F, de
Jong JJ, Dittamore R, Liu Y, Davicioni E, Boormans
JL, Briganti A, Black PC, Gibb EA. Impact of molecu-
lar subtyping and immune infiltration on pathological
response and outcome following neoadjuvant pembro-
lizumab in muscle-invasive bladder cancer. Eur Urol.
2020;77:701-10.

Mariathasan S, Turley SJ, Nickles D, Castiglioni A, Yuen
K, Wang Y, Kadel EEIlIl, Koeppen H, Astarita JL, Cubas
R, Jhunjhunwala S, Banchereau R, Yang Y, Guan Y,
Chalouni C, Ziai J, $enbabaoglu Y, Santoro S, Sheinson
D, Hung J, Giltnane JM, Pierce AA, Mesh K, Lianoglou
S, Riegler J, Carano RAD, Eriksson P, Hoglund M,
Somarriba L, Halligan DL, van der Heijden MS, Loriot
Y, Rosenberg JE, Fong L, Mellman I, Chen DS, Green
M, Derleth C, Fine GD, Hegde PS, Bourgon R, Powles
T. TGFp attenuates tumour response to PD-L1 block-

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

ade by contributing to exclusion of T cells. Nature. 2018;
554(7693):544-8.

Sjodahl G, Abrahamsson J, Holmstein K, Bernardo C,
Chebil G, Eriksson P, Johansson |, Kollberg P, Lindh
C, Lévgren K, Marzouka N, Olsson H, Héglund M, Ullén
A, Liedberg F. Different responses to neoadjuvant che-
motherapy in urothelial carcinoma molecular subtypes.
Medrxiv. 2021. https://www.medrxiv.org/content/10.110
1/2021.05.11.21255912v1 .full

Chang A, Amin A, Gabrielson E, lllei P, Roden RB,
Sharma R, Epstein JI. Utility of GATA3 immunohisto-
chemistry in differentiating urothelial carcinoma from
prostate adenocarcinoma and squamous cell carcino-
mas of the uterine cervix, anus and lung. Am J Surg
Pathol. 2012;36:1472-6.

Darragh TM, Colgan TJ, Cox JT, Heller DS, Henry MR,
Luff RD, McCalmont T, Nayar R, Palefsky JM, Stoler
MH, Wilkinson EJ, Zaino RJ, Wilbur DC;, Members
of LAST Project Work Groups. The lower anogenital
squamous terminology standardization project for HPV-
associated lesions: background and consensus recom-
mendations from the College of American Pathologists
and the American Society for Colposcopy and Cervical
Pathology. J Low Genit Tract. 2012;136:1266-97.
Miettinen M, McCue PA, Sarlomo-Rikala M, Rys J,
Czapiewski P, Wazny K, Langfort R, Waloszczyk P,
Biernat W, Lasota J, Wang Z. GATAS: a multispecific
but potentially useful marker in surgical pathology: a
systematic analysis of 2500 epithelial and nonepithelial
tumors. Am J Surg Pathol. 2014;38(1):13-22.

Chu PG, Weiss LM. Expression of cytokeratin 5/6 in
epithelial neoplasms: an immunohistochemical study of
509 cases. Mod Pathol. 2002;15:6—10.

Park S, Lehner B. Cancer type-dependent genetic
interactions between cancer driver alterations indicate
plasticity of epistasis across cell types. Mol Syst Biol.
2015;11(7):824.

Volkmer J-P, Sahoo D, Chin RK, Ho PL, Tang C, Kurtova
AV, Willingham SB, Pazhanisamy SK, Contreras-Trujilo
H, Storm TA, Lotan Y, Beck AH, Chung BI, Alizadeh
AA, Godoy G, Lerner SP, van de Rijn M, Shortliffe LD,
Weissman IL, Chan KS. Three differentiation states risk-
stratify bladder cancer into distinct subtypes. Proc Nat
Acad Sci USA. 2012;109:2078-83.

Jackson CL, Chen L, Hardy CS, RenKY, Visram K, Bratti
VF, Johnstone J, Sjédahl G, Siemens DR, Gooding RJ,
Berman DM. Diagnostic and prognostic implications
of a three-antibody molecular subtyping algorithm for
non-muscle invasive bladder cancer. J Pathol Clin Res.
2022;8(2):143-154.

Kollberg P, Chebil G, Eriksson P, Sjédahl G, Liedberg
L. Molecular subtypes applied to a population-based
modern cystectomy series do not predict cancer specific
survival. Urol Oncol. 2019;37:791-799.

Olkhov-Mitsel E, Hodgson A, Liu SK, Vesprini D, Xu B,
Downes MR. Three-antibody classifier for muscle inva-
sive urothelial carcinoma and its correlation with p53
expression. J Clin Pathol. Epub 2021 Jun 8. doi:10.1136/
jclinpath-2021-207573.





