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that the reduced marker set combined with the developed classifiers were able to
reproduce the TCGA Il, MDA, Lund and Consensus subtype classification systems with
an overlap of 79%, 76%, 69% and 64%, respectively. Importantly, we could successfully
classify 96% (100/104) of our MIBC samples by using RT-gPCR. Neuronal and luminal
subtypes and low stromal gene expressions were associated with poor survival. In con-
clusion, we developed a robust and feasible method for the molecular subtyping
according to the TCGA Il, MDA, Lund and Consensus classifications. Our results
suggest that stromal signatures have a superior prognostic value compared to tumor
intrinsic signatures and therefore underline the importance of tumor-stroma interaction

during the progression of MIBC.
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What's new?

Transcriptome-based molecular subtypes of muscle-invasive bladder cancer have been demon-
strated to be both prognostic and predictive. However, due to their complexity and high costs, trans-
criptome-based methods are not used in routine clinical practice. Here, the authors present a
feasible 68-gene panel- and RT-gPCR-based method for molecular subtyping according to the most
commonly used molecular classification systems of muscle-invasive bladder cancer. The method has
been validated using in silico datasets and was further tested in an institutional bladder cancer

cohort. The data revealed different prognoses for some of the molecular subgroups and underlined

1 | INTRODUCTION

Bladder cancer (BC) is a common malignancy with approximately
550 000 new cases each year worldwide.* Urothelial carcinoma is the
most frequently diagnosed histological type of BC. About 30% of
cases are muscle-invasive at first presentation or will ultimately pro-
gress to muscle-invasive bladder cancer (MIBC). The standard care of
MIBC is radiochemotherapy or radical cystectomy (RC) with perioper-
ative platinum-based chemotherapy; however, the 5-year survival rate
of these patients is less than 50%. Currently, checkpoint and fibro-
blast growth factor receptor (FGFR) inhibitors as well as Nectin-4 anti-
body conjugates have become available for platinum-resistant and/or
-ineligible patients. Only few routinely available predictive biomarkers,
such as Programmed death-ligand 1 expression by immunohistochem-
istry or FGFR3 mutational or fusion-status, are available.2* MIBC
patients may show remarkable differences regarding their response to
therapies. Therefore, a more detailed characterization of MIBC is
required to decipher this clinical heterogeneity.

In the last years, several studies demonstrated that MIBCs with
similar histological patterns may have distinct molecular properties.
Transcriptome analyses of MIBC samples revealed distinct molecular
subtypes with different prognosis. One of the earliest molecular clas-
sifications was developed by a research group from Lund and distin-
guished five subtypes with diverse gene expression patterns and
clinical outcome.® Then the “University of North Carolina (UNC) clas-

sification” defined luminal and basal subtypes similarly to the

the prognostic relevance of stroma-related gene expression signatures.

determined subtypes in breast cancer and revealed that luminal
tumors have a significantly better prognosis compared to basal cases.®
Subsequent studies confirmed the presence of luminal and basal sub-
types in independent MIBC cohorts. The “MD Anderson (MDA) classi-
fication” described a p53-like subtype in addition to luminal and basal
subtypes, which was associated with an improved survival compared
to basal tumors; however, it showed resistance to chemotherapy.7 In
addition, Seiler et al found that only patients classified as basal sub-
type benefited from a platinum-based neoadjuvant chemotherapy
(NAC).8 In the first The Cancer Genome Atlas (TCGA) study in 2014,
129 MIBC samples were analyzed by transcriptome sequencing,’
which in 2017 has been extended to 412 samples. This “TCGA II”
study distinguished three luminal (luminal-infiltrated, luminal-papillary
and luminal), a basal/squamous and a neuronal subtype.’® Of these
molecular subgroups, neuronal tumors had the worst while the
luminal-papillary tumors exhibited the most favorable prognosis.
Recently, an international consensus classification with six molecular
subtypes has been suggested based on a reanalysis of 1750 formerly
published MIBC transcriptome profiles.** This study included an own
nomenclature with significant overlap with previously suggested clas-
sification systems. The authors confirmed a more favorable prognosis
for luminal papillary subtype, as well as for the luminal nonspecified
and stroma-rich subtypes, while luminal unstable, basal/squamous and
neuronal subtypes had a poor prognosis. However, no significant dif-
ferences could be observed in NAC-treated patients regarding the

outcomes between various consensus subtypes.
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All these subtype classification systems are based on transcriptome
data and consider the expression of thousands of genes, which is hardly
compatible with daily clinical routine. Therefore, we aimed to develop
a simple and applicable system for potential inclusion in daily
clinical routine with the final aim to translate the molecular findings to
clinical application. To achieve this, we utilized a reverse transcription
quantitative polymerase chain reaction (RT-qPCR)-based gene expres-
sion analysis method with a reduced marker set and a respective evalu-
ation method in order to recapitulate the TCGA Il, MDA, Lund and
Consensus subtype classifications. The marker set and the classifier
method was developed in silico and then validated in respective publi-
shed data sets. Then gene expression levels of the selected markers
were determined by RT-gPCR in frozen tissue samples of 104 MIBC
patients and the prognostic value of the subtype classification as well
as various stromal and tumor intrinsic gene signatures were correlated

with clinical and follow-up data.

2 | MATERIALS AND METHODS
21 | Development of a classifier method for
molecular subtyping using a reduced marker set

First, we selected the markers as the genes with the highest discriminat-
ing effect between distinct molecular subtypes in the TCGA Il study.
Then, identified marker set were further reduced and those markers also
used in other classification systems were preferred. Based on a compari-
son of respective subtype classification studies, a panel of 68 genes was
defined in order to distinguish molecular subtypes according to the TCGA
I, MDA, Lund and Consensus systems.”*%*2 These markers covered six
tumor cell-specific and three stroma-related gene signatures (Table 1).
The tumor intrinsic signatures were as follows: luminal, basal, squamous,
neuronal, epithelial-to-mesenchymal transition (EMT), carcinoma in situ
(CIS), while stroma-specific signatures included p53, extracellular matrix

(ECM)/smooth muscle and immune cell-specific genes.1®

TABLE 1
wileyonlinelibrary.com]

Second, we used respective publicly available data sets for the in
silico development and validation of subtype classification rule sets for
the TCGA Il, MDA, Lund and Consensus classification systems. For each
classification system, two data sets with available transcriptome-based
subtype class information were used for the elaboration (training set)
and validation (validation set) of our classifier method (Figures 1, S1A,
S3A and S5A).

From the publicly available data sets, gene expression data for
the 68 genes were filtered for further analysis. For each of the
68 genes, an expression score (ranging from 1 to 5) was calculated
based on their relative expression in the given patient cohort. For this,
an automatic cutoff generation was applied for each gene resulting in
equal percentiles (20%) of patients in each group. For each sample,
signature scores (basal/squamous, luminal, neuronal, CIS, ECM, EMT,
p53-like, immune) were calculated as the mean value of the respective
gene expression scores (Table 1). A stepwise classification of samples
was optimized on the training sets by adjusting two parameters,
cutoffs for signature scores and the sequence of selection steps into
different subtype groups. These two parameters were adjusted until
the highest overlap with the original transcriptome-based classifica-
tion was reached. The so developed classifier rule sets were applied
to the training sets to validate their overlap in a second cohort
(Figures 1, S1A, S3A and S5A).

For the definition of the TCGA Il classifier rule set, we randomly
divided the TCGA data set (https://tcga-data.nci.nih.gov/tcga/) into a
training set (n = 203) and a validation set (n = 202),'° for the MDA
classification we used the GSE48075 data set (discovery cohort) as the
training cohort (n = 73) and the TCGA data set as the validation cohort
(n = 231),”** for the Lund classification, the GSE83586 data set was
divided into a training (n = 154) and a validation cohort (n = 153).1?
For the Consensus classification, we divided again the TCGA data set
into a training (n = 201) and a validation set (n = 202). In addition, the
gene panel-based Consensus classifier was further validated on the
MDA (n = 73),” Lund (n = 307),*2 CIT (n = 85, E-MTAB-1803),*°
Riester (n = 78, GSE31684)™ and Seiler (n = 305, GSE87304)° cohorts,

Selected 68-gene marker set assigned to signatures and to classification systems as they were applied [Color table can be viewed at

TCGAIl MDA Lund Consensus Signature Selected genes
X X X X Luminal CYP2J2 ERBB2 ERBB3 FGFR3 FOXA1 GATA3 KRT20 PPARG UPK1A UPK2
X X X X Basal CD44 CDH3 COL17A1 KRT1 KRT14 KRT16 KRT5 KRT6A KRT6B
X X X X Squamous DSC2 DSC3 DSG2 DSG3 GSDMC PI3 TGM1 TP63
X - - X CIs CRTAC1 CTSE MSN NR3C1 PADI3
X X - X
X X - X
X — — —
X
= X Additional CDKN2A
X X X X Housekeeping TBP GAPDH

Note: “X” marks—signature-scores used for each subtype classification systems (eg, p53-associated genes were only used for the MDA but not for the
TCGA, Lund and Consensus classifications, while CDKN2A was used for the Lund and Consensus classifications and was additionally measured only in

cases [n = 64] when enough RNA samples remained after the first analysis).

Abbreviations: CIS, carcinoma in situ; ECM, extracellular matrix; EMT, epithelial-to-mesenchymal transition; MDA, MD Anderson; SM, smooth muscle;

TCGA, The Cancer Genome Atlas.
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FIGURE 1

Months after surgery

Months after surgery

Overlap between transcriptome-based, original TCGA molecular subtypes and by our 68 gene-based TCGA |l classifier rule set in

the training and validation cohorts (A). Kaplan-Meier curve of the original, transcriptome-based TCGA Il classification (B). Kaplan-Meier curves using
our classifier method on the TCGA cohort (C) and on our institutional cohort (D). TCGA, The Cancer Genome Atlas [Color figure can be viewed at

wileyonlinelibrary.com]

which data sets were used for the development and validation of the

original Consensus classifier (Figures 1, S1A, S3A and S5A).

2.2 | Institutional patient cohort
Frozen tumor tissue samples from MIBC patients who underwent RC
between 1990 and 2005 at the Department of Urology at University of
Duisburg-Essen were cut and stained with hematoxylin and eosin for
histological evaluation by a GU-pathologist (H. R). Inclusion criteria
were: detrusor muscle-invasive (2T2) urothelial BC, no chemotherapy
before cystectomy, =50% tumor cell content in the tumor tissue,
available follow-up data. Overall, 104 MIBC samples met these criteria.
The main characteristics of patients' cohort are given in Table 2.
CDKN2A gene expression was used for the Lund and Consensus
classifications and was additionally measured only in cases (n = 64)
when enough RNA samples remained after the first analysis. The
study was performed according to the Declaration of Helsinki and the
institutional ethics committee approved the study protocol
(08-3942-BO/15-6400-BO.)

2.3 | RNA extraction, reverse transcription and
gene expression analysis by RT-qPCR

RNA isolation was carried out by the RNeasy Kit (Qiagen, Hilden,
Germany) according to the manufacturer's protocol with minor modifica-
tion as described earlier.r” From each sample, 500 ng RNA was reverse
transcribed using the Multiscribe Reverse Transcriptase Kit (Thermo
Fisher Scientific, Waltham, MA). Gene expression levels of selected
68 genes and two housekeeping genes (GAPDH and TBP) were measured
by TagMan Gene Expression Assay using the 364-well TagMan Array
Card platform on QuantStudio 7 Flex Real-Time PCR System (Applied
Biosystems, Life Technologies, Thermo Fisher Scientific) according to
manufacturer's protocol. Relative gene expression levels were calculated
in relation to the expression of the housekeeping gene according to the
ACt method (Ct [gene of interest] — (Ct [housekeeping gene]) per sam-
ple and gene. Based on the ACt values, a reverse scale was calculated
and samples were divided into five groups by an automatic cutoff gener-
ation resulting in equal percentiles (20%) of samples for each assessed
gene (1—the lowest, 5—the highest gene expression). Signature scores

were calculated as described above (Table 1).
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2.4 | Statistical analysis

The correlation between TCGA Il “summa luminal” (luminal-papillary,
luminal-infiltrated, luminal) and basal molecular subtypes and clinico-
pathological parameters was examined using Pearson's chi-square
test. Overall survival (OS) and cancer-specific survival (CSS) were ana-
lyzed by univariable Cox analysis and visualized by drawing a Kaplan-
Meier plot. For multivariable analysis, Cox regression models were
used including parameters reaching P value of <.05 in the univariable
analysis. Gene expression patterns were visualized on heatmaps
(Morpheus, https://software.broadinstitute.org/morpheus). All statis-
tical analyses were performed using the SPSS software package
(IBM SPSS Statistics for Windows, version 25, IBM Corp., Armonk, NY).

3 | RESULTS

3.1 | Insilico development and validation of a
subtype classification method with a reduced
marker set

Our classifier rule set was established on the training set, and sub-
sequently validated on the validation set (Figure 1A). We found
high overlap between our classification method and the original
transcriptome-based TCGA Il classification in both the training
(77%) and the validation set (79%).

Using the same approach, we developed and validated classifier
rule sets for the MDA, Lund and Consensus classification systems. Our
method reached 81% and 76% overlap for the MDA classification in
the training and the validation set, respectively'® (Figure S1A). The
overlap between our classifier method for the Lund classification
proved to be 65% and 69% in the training and validation cohorts,
respectively (Figure S3A).22 Finally, the overlap between the developed
Consensus classifier method reached 75% overlap in the training and
70% in the TCGA validation cohorts, respectively (Figure S5A). In addi-
tion, an extended validation with the total samples of the TCGA, MDA,
Lund, CIT, Riester and Seiler cohorts (number of total samples = 1251)
reached 64% comparison between the transcriptome- and gene panel-
based classifiers. Supporting Information included the detailed overlaps

and distributions of Consensus subtypes (Table S1).

3.2 | Patients' characteristics

The main characteristics of our institutional (Essen cohort) and the
other data set cohorts (TCGA Il, MDA, Lund, CIT, Riester, Seiler)
are summarized in Table 2. In our cohort, the median follow-up
time was 10 months with a maximum of 186 months. The Essen
and TCGA Il cohorts were comparable regarding the median age
(65 vs 69), the male ratio (69% vs 74%), the presence of lymph
node (35% vs 32%) and distant metastases (4% vs 3%). On the
other hand, our institutional cohort contained a higher rate of pT4
tumors compared to the TCGA Il cohort (32% vs 14%), which at

International Journal of Cancer

least partly may explain the shorter survival rate in our cohort. Fur-
thermore, in our institutional cohort, none of the patients received
NAC, while 15 patients received postoperative, adjuvant chemo-
therapy. The MDA, Lund and Riester cohorts included also non-
muscle-invasive BCs, while the Seiler cohort included NAC sam-
ples, which makes a direct comparison between these and our
cohorts difficult.

3.3 | Molecular subtype classification of our
institutional cohort and its correlations with
clinicopathological parameters

Gene expression of the reduced marker set was determined by RT-gPCR
and applied for molecular subtype classification according to our
above-described TCGA Il classifier rule set. During RT-qPCR data evalua-
tion, four samples were excluded because their low housekeeping gene
expression level (Ct >33), leaving 100 samples for the final evaluation
(Figure 2). The subtype distribution within our institutional cohort proved
to be remarkably similar to that of the TCGA cohort (Table 2). Signature
scores were characteristic for respective subgroups (eg, luminal score for
luminal groups and basal/squamous score basal/squamous group and
neuronal score for neuronal subgroup; Figures S2, S4 and Sé). In addition,
high level of immune infiltration was characteristic for luminal-infiltrated
and basal/squamous subtypes (Figures 2 and S7).

Pearson's chi-square test was used to examine the association
between “summa luminal” (luminal-papillary, luminal-infiltrated, lumi-
nal), basal/squamous subtypes and main clinicopathological parame-
ters (Table S2). Similar to the findings made in the TCGA cohort, basal
subtype tended to associate with female sex and was more frequent
in high-stage tumors; however, these correlations proved not to be

statistically significant.

3.4 | Survival analysis of clinicopathological
parameters and signature scores

Univariable analysis of our institutional cohort revealed lymph node
metastasis as a significant risk factor for survival (OS and CSS:
P < .001). Patients' age and sex had no significant impact on OS and
CSS, while tumor stage significantly correlated with CSS (P = .014)
(Table 3A). Basal, squamous, luminal, CIS and EMT signatures had no
significant effect on OS and CSS (Table 3A), while high neuronal
scores correlated with poor survival (OS and CSS: P <.001). In
addition, high ECM, immune and p53-related gene expression
scores associated with improved OS (P = .001, P = .001 and
P =.023) and CSS (P = .002, P = .006 and P = .004). Multivariable
analysis revealed the presence of lymph node metastases, high
neuronal and low immune signature scores as independent predic-
tors of poor OS (P <.001, P<.001 and P = .039) (Table 3B).
Furthermore, lymph node metastasis, high neuronal and low ECM
scores were independent risk factor for CSS (P < .001, P < .001 and
P = .049). As a continuous variable, EMT, ECM, immune and p53
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signatures correlated with OS (P = .033, P = .004, P = .008 and
P = .011), moreover ECM, immune and p53 signatures with CSS
(P =.004, P =.006 and P = .010) (Table S3A). In addition, multivar-
iable analyses showed that immune signature revealed indepen-
dent risk factor for OS (P = .045) and tended to associate with
improved CSS (P = .070) (Table S3B).

In order to exclude the possible influencing effect of chemo-
therapy use on results, we performed survival analyses also after

the exclusion of 15 patients who received postoperative platinum

TCGA Il subtypes

Luminal-papillary
M Luminal-infiltrated

Luminal

Basal/Squamous

W Neuronal

MDA subtypes
Luminal
M p53-like

Basal

Lund subtypes
Urothelial-like
Genomically unstable
Basal/SCC-like

M Mesenchymal-like

B Sc/Ne-like

M not available
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Basal/Squamous
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therapy. In this cohort, univariable analysis of clinicopathological
parameters, signature scores and survivals revealed the same
associations as for the whole cohort; lymph node metastasis, neu-
ronal, ECM, immune and p53 score correlated with OS (P = .002,
P <.001, P = .001, P = .001 and P = .015, respectively) and CSS
(P <.001, P<.001, P =.004, P =.002 and P = .025) (Table S4A).
Furthermore, multivariable analysis showed that the presence of
lymph node metastases and high neuronal scores were indepen-
dently associated with poor OS and CSS (P = .001, P <.001 and
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FIGURE 2 Molecular subtypes and their distinct gene expression profile in our institutional cohort visualized by heatmap. The subtypes were
determined by our newly developed 68-gene classifier method for the TCGA Il, MDA, Lund and Consensus classification systems. ‘Genes that are
downregulated in CIS. CIS, carcinoma in situ; MDA, MD Anderson; Ne-like, neuroendocrine-like; Sc/Ne-like, small-cell/neuroendocrine-like;
TCGA, The Cancer Genome Atlas [Color figure can be viewed at wileyonlinelibrary.com]
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P <.001, P < .001, respectively) (Table S4B). In addition, low ECM
score was correlated with worse OS (P = .039), while low immune
score tended to associate also with poor OS and significantly corre-
lated with shorter CSS (P = .071 and P = .040).

3.5 | Survival analysis by the molecular subtype
classifications

The original, transcriptome-based subtype classification of the TCGA
Il cohort proved to be prognostic (P = .001); patients with luminal-
papillary subtypes showed the most favorable prognosis, while neu-
ronal and luminal subtypes had the worst OS (Figure 1B). Similarly,
when classifying the TCGA cohort by our selected marker and rule
set, distinct subtypes had significantly different survival rates

(P = .038) (Figure 1C). Subtype classification of our institutional
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cohort using the RT-gPCR-based gene expression data also proved
to be prognostic (P = .003). Similar to the findings of the TCGA
study, we found the worst prognosis for the neuronal and luminal
subtypes. The other three subtypes did not show a significant differ-
ence regarding their OS rates. (Figure 1D). According to the
univariable analysis, only neuronal subtypes associated with survival,
and was a significant risk factor for OS and CSS (P = .002 and
P =.001) (Table S5).

Survival analysis using our MDA classifier rule set resulted in a
similar significant risk stratification compared to the transcriptome-based
classification on the reference TCGA cohort (P = .002) (Figure S1B,C).
The same method on our institutional cohort using our RT-qPCR
generated gene expression data revealed the p53-like subtype to
have a more favorable prognosis, which is in line with the findings of
the MDA study (Figure S1D).” The classifier according to Lund
subtyping had no significant impact on OS (P = .203) (Figure S3B).

TABLE 3 Cox univariable (A) and multivariable (B) survival analyses with dichotomized signature scores of our institutional cohort

A. Univariable analysis

Overall survival (n = 100)

Cancer-specific survival (n = 100)

Variables HR 95% Cl P value HR 95% ClI P value
Age (>65) 1.064 0.671-1.687 792 0.978 0.597-1.602 929
Sex (female) 1.548 0.915-2.620 .103 1.498 0.848-2.647 164
Stage (>pT3) 1.137 0.974-1.328 .104 1.835 1.131-2.977 .014
Metastases
Lymph node (N+) 2429 1.516-3.892 <.001 3.004 1.823-4.950 <.001
Distant (M+) 1.645 0.567-4.766 .359 1.881 0.641-5.520 .250
Signature scores
Basal score (23) 0.893 0.571-1.399 .622 0.761 0.472-1.227 262
Squamous score (=3) 1.059 0.679-1.652 .800 0.980 0.610-1.573 993
Basal/squamous score (=3) 1.002 0.771-1.302 .989 0.881 0.548-1.416 602
Luminal score (23) 1.014 0.652-1.578 .949 1.053 0.655-1.694 .830
Neuronal score (24.2) 9.714 3.221-29.291 <.001 14.160 4.758-41.822 <.001
EMT score (23) 0.705 0.452-1.099 123 0.705 0.438-1.134 .149
ECM score (23) 0.450 0.283-0.714 .001 0.468 0.289-0.759 .002
Immune score (23) 0.468 0.296-0.738 .001 0.510 0.315-0.826 .006
CIS score (23) 0.841 0.540-1.310 444 0.811 0.503-1.309 .392
p53 score (23) 0.592 0.376-0.931 .023 0.489 0.300-0.798 .004
B. Multivariable analysis
Variables HR 95% ClI P value HR 95% ClI P value
Stage (>pT3) — — - 1.193 0.718-1.983 496
Lymph node (N+) 2484 1.528-4.039 <.001 3.178 1.863-5.241 <.001
Neuronal score (24.2) 12.091 3.602-40.582 <.001 16.376 4.852-55.276 <.001
ECM score (23) 0.607 0.362-1.019 .059 0.551 0.305-0.997 .049
Immune score (23) 0.569 0.334-0.971 .039 0.687 0.391-1.206 191
p53 score (23) 0.886 0.506-1.552 .673 0.739 0.399-1.369 .336

Note: P values with bold type are statistically significant (<.05).

Abbreviations: Cl, confidence interval; CIS, carcinoma in situ; ECM, extracellular matrix; EMT, epithelial-to-mesenchymal transition; HR, hazard ratio; Ref.,

referent.
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Our consensus classifier rule set revealed a significantly different
survival in various consensus subtypes both in the in silico TCGA
(P = .047) and our institutional cohort (P < .001) (Figure S5C,D).
Molecular subtypes determined by our gene panel-based classi-
fiers were also correlated with CSS in our institutional cohort. TCGA Il
and Consensus classifiers proved to be prognostic (P < .001, P < .001)
(Figure 3A,D), the neuronal subtype of the TCGA Il, and the over-
lapping neuroendocrine-like subtype of the Consensus classification
showed the worst CSS. Molecular subtypes stratified by MDA and

Lund classifiers also resulted in borderline differences in CSS
(P =.066 and P = .068) (Figure 3B,C).

4 | DISCUSSION
In the last few years, transcriptome analyses revealed a considerable
molecular diversity of urothelial MIBC. These different gene expres-

sion patterns led to the definition of various molecular subtypes with
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distinct clinical behavior and therapeutic sensitivity. As transcriptome-
based methods—due to their complexity and high costs—are not
compatible with daily clinical routine, a feasible and accurate method
for molecular subtype classification is of great clinical importance.
Therefore, efforts have been made to develop simplified methods,
with typically 2 to 5 immunohistochemical (IHC) or 10 to 50 mRNA
markers. Rinaldetti et al described a NanoString-based gene expres-
sion method with a 36-gene panel. MIBC samples from RC (n = 44)
were classified into luminal, basal and p53-like subtypes. Interestingly,
they found luminal subtype to be an independent risk factor for
patients' survival.'® Kardos et al transposed the BASE47 mRNA
expression classifier® to a NanoString-based platform and divided
samples into luminal and basal subtypes but could not observe a prog-
nostic difference between these two groups.’” Morera et al published
an RT-gPCR-based method with a reduced gene panel in a RC-treated
MIBC cohort (n = 39). They stratified luminal, luminal-like, basal and
basal-like subtypes, without any prognostic relevance.?° In conclusion,
current mRNA-based studies with reduced marker sets classified
patients into a limited number (2-4) of subtypes, which were rarely
found to have prognostic relevance.

Sjodahl et al performed parallel mRNA- and protein expression-
based molecular classifications according to the Lund system based
on transcriptome analysis and IHC using 29 antibodies. They were
able to reduce the protein marker set to a minimum of 13 markers
and concluded that global mRNA clustering and tumor-cell phenotype
analyses may lead to different groupings of MIBC samples.*? Most of
the IHC studies distinguished luminal, basal and double negative sub-
groups. Font et al revealed by their IHC study that basal/squamous
tumors can be identified by four markers (as KRT5/6 and KRT14 high
and FOXA1, GATAS low) and that this tumor subtype is associated
with better response to NAC.?! A similar IHC study determined basal
and luminal subtypes based on the expression of five proteins
(KRT5/6, KRT14, KRT20, GATA3, UPK2), but found no prognostic dif-
ference between the groups.?? A further IHC classifier was developed
after a systematic marker selection based on the TCGA and MDA
mRNA data sets. Finally, authors assessed protein expression of five
genes and found that IHC analysis of only two proteins; GATA3 and
KRT5/6 could identify the luminal and basal subtypes with an overlap
of 80%* (Table S6).

Overall, IHC analyses have the advantage that they can be easily
integrated into the clinical routine and allow direct correlation of pro-
tein expression with intratumoral localization and histomorphological
characteristics such as tumor variants/subtypes, tumor/stroma-ratio,
type and distribution of immune infiltration, amount of necrosis and
other factors. In addition, IHC can take tumor heterogeneity into
account by analysis of the spatial distribution of expressed proteins. On
the other hand, IHC-based molecular subtype classification systems with
only 2 to 5 proteins are limited to a rather preliminary classification into
luminal and basal subtypes. The clinical value of this dichotomous
classification may be limited according to large transcriptome-
based studies that underlined the particular clinical importance of
the distinction of smaller subgroups (eg, the neuronal or luminal-

infiltrated) as these showed different sensitivities to certain
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therapies (eg, immune checkpoint inhibitor therapies).1*?* There-
fore, accurate identification of these smaller molecular subtypes is
of great clinical significance.

Panel-based gene expression studies have some more advantages;
(a) as these are performed at the mRNA level, their results are more
comparable to those of transcriptome-based studies; (b) mRNA
techniques allow the feasible analysis of a larger number of genes,
thereby permitting a more detailed classification. On the other hand,
mRNA-based analyses do not allow the evaluation of the intratumoral
localization of expression; therefore, stromal contamination of tumor
samples may significantly influence results. Furthermore, as mRNA-
based methods yield relative expression values, they are only applicable
for subtype classification when larger number of samples are measured
and cannot be used for classification of few or single samples.

Our 68-gene based method is the first gene panel-based subtype
classification method that has been developed and validated on respec-
tive transcriptome data sets making our results more comparable to
those of transcriptome-based studies. Our in silico analyses revealed an
overlap of 79% for the TCGA Il subtype classification. However, the
marker set was primarily designed to recapitulate the TCGA Il system,
but we also reached an overlap of 76%, 69% and 64% for the MDA,
Lund and Consensus systems, respectively. One major advantage of
our gene panel-based subtype classification method is that we were
able to classify patients into different subtypes that were originally
defined in previous transcriptome studies (5 subtypes TCGA I, 3 sub-
types MDA, 5 subtypes Lund and 6 subtypes Consensus). Accordingly,
our technique also enabled to classify patients into smaller subtypes,
like the neuronal and luminal-infiltrated groups.

As a next step, using an RT-gPCR method, we determined mRNA
expression of our 68-gene panel in frozen samples of 104 MIBC
patients who were treated with RC in our institution. The method
proved to be robust as only 4 of 104 samples had to be excluded
because of quality issues, leaving 100 samples for classification by our
classifier rule sets. Then, we compared the prognostic values of the
four classification systems in our institutional cohort to those found in
the original transcriptome-based studies. In our cohort, the neuronal
and the luminal subtypes were associated with the worst survival,
which was similar to the findings of the TCGA Il study.'® Neuronal sub-
type represents ~5% of all MIBCs but is associated with a devastating
prognosis and poor response to NAC.1%2> On the other hand, tumors
assigned to this subtype may well respond to immune checkpoint inhib-
itor therapy.?* Therefore, distinguishing the neuronal subgroup is of
clinical importance, but former RT-gPCR or NanoString platform-based
studies were not able to identify this subtype.

On the other hand, we could not confirm the favorable prognostic
value of luminal-papillary subtype, described in the TCGA Il study.*®
However, in a recent transcriptome-based study with 283 MIBC
patients, the luminal-papillary subtype was also not associated with
favorable survival.2® When classifying our institutional cohort
according to the MDA systems, we found the p53-like subgroup to
have the most favorable prognosis, while the luminal subtype had a
slightly better prognosis compared to the basal group, which is similar

to that of was found in the MDA study.” When classifying our
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institutional cohort according to the Lund system, the mesenchymal-
like subtype proved to be associated with poor survival, which is simi-
lar to the findings of the Lund group on their cohort.?® Finally,
according to Consensus classification, the luminal unstable group had
a better, while the neuroendocrine-like subtype had worst survival.
Overall, various molecular subtype classifications performed on our
institutional cohort provided generally similar prognostic stratifica-
tions to those found in the original, transcriptome-based studies, how-
ever, with some differences.

As signature scores are summarizing gene expressions assigned
to certain tumor intrinsic and stromal cell type attributes, these
may have prognostic implications. Therefore, we assessed the nine
signature scores compromising 68 gene expressions and found high
neuronal score to be associated with poor OS, while high stroma-
related signature scores such as ECM, p53 and immune scores were
associated with favorable prognosis. In contrast, tumor intrinsic
signatures (luminal, basal, squamous) showed no prognostic signifi-
cance. On the other hand, stromal cell content showed no correlation
with patients' OS or CSS (data not shown), suggesting that quality
(type) of stromal cells is more important than the quantity of this
component. Multivariable analysis revealed lymph node positivity,
high neuronal and low immune scores as independent risk factors
for OS. In line with these results, Pfannstiel et al observed a favor-
able prognostic value for increased number of tumor-infiltrating
lymphocytes in MIBC and an association between immune infiltra-
tion and molecular subtypes. They found tumors with basal
subtype to exhibit the highest lymphocyte infiltration and
immune-related gene expression, followed by luminal-infiltrated
tumors. Accordingly, in our cohort the immune signature score
was the highest in basal and Iluminal-infiltrated subtypes
(Figure $7).2” In accordance, lkeda et al revealed that high tumor-
associated immune cell status associated with significantly better
CSS in MIBC patients.?? In a further study, a newly defined
stromal immunotype of MIBCs with high CD8" cytotoxic T cells
and natural killer cells was significantly associated with better
overall and recurrence-free survival as well 28

Limitations of our work are that our patient cohort may be less
representative for some reason. (a) We used frozen tissue samples for
our real-time PCR analysis, which were collected only when a rest
material remained after taking samples for the routine histopathologi-
cal evaluation possibly leading to overrepresentation of larger tumors.
Accordingly, our cohort included higher rates of pT4 tumors and OS
times were shorter compared to the other studies. (b) Only a relatively
low rate of patients received postoperative chemotherapy which may

influence survival analyses.

5 | CONCLUSIONS

In this study, we present a robust and feasible RT-qPCR-based molecu-
lar subtype analysis method, which is able to recapitulate the TCGA Il
and the MDA classifications with an estimated overlap of ~80% and

the Lund and Consensus classifications with 69% and 64%. Applying

this method, we were able to classify 96% (100/104) of our institu-
tional MIBC cohort and found a significant prognostic value for the
TCGA Il and MDA subtype classification systems. Furthermore, our
method was able to identify smaller but clinically relevant subgroups
(such as neuronal and luminal-infiltrated) which was formerly only pos-
sible by transcriptome-based analysis. Moreover, high stroma-related
signature scores (ECM, p53, immune) were associated with favorable
OS. In contrast, tumor intrinsic signature scores (basal, squamous, lumi-
nal) were not prognostic, except of neuronal score which—similar to
immune score—proved to be an independent prognostic factor in
MIBC. These results underline the importance of the molecular features
of stromal component and suggesting that a dichotomous classification
into basal and luminal subtypes may be of limited clinical value.

The final aim is to translate the findings of large transcriptome
studies to a marker system that can be easily applied in the clinical
routine using common platforms and robust assays. Our method
needs to be transferred to formalin-fixed paraffin-embedded samples
and be prospectively validated in independent patient cohorts also
with regard to its predictive value for chemotherapy and/or immune

therapy effectiveness prediction, which is the planned next step.
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