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Abstract

Neoadjuvant chemotherapy (NACT) is the standard treatment for muscle-invasive bladder
carcinoma (MIBC), but its efficacy varies significantly among patients. The aim of this study
is the identification of biomarkers and biological processes related to the response to neoad-
juvant chemotherapy (NACT) in muscle-invasive bladder carcinoma (MIBC). Fifty-eight
transurethral resection (TURBT) samples and thirty cystectomy samples from NACT non-
responders were analyzed using mass spectrometry. Samples were classified with sparse
k-means and consensus clustering. Protein networks were built using probabilistic graph-
ical models, grouped into functional nodes, and analyzed for activity differences. Gene
set enrichment analysis was applied to identify resistance mechanisms, and results were
validated using The Cancer Genome Atlas (TCGA) cohort. Proteomic analysis revealed
two independent classifications in TURBT samples. The first (Layer1) divided tumors into
three groups, including one NACT non-responder subtype not aligned with traditional
luminal or basal classifications but characterized by high expression of targetable mark-
ers NECTIN4 and Her2. The second (Layer3) separated luminal-papillary tumors from
luminal-infiltrated /luminal and basal tumors. While Layer3 groups did not differ in NACT
response, they showed distinct disease-free survival outcomes. Importantly, complete
response to NACT was linked to improved survival in luminal subgroups but not in basal
tumors, suggesting subtype-specific prognostic implications. Finally, analysis of cystectomy
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samples identified unique mechanisms of resistance for each subgroup, suggesting tailored
therapeutic approaches. Two classification systems were defined as follows: one identified
a proteomics-based non-responder group with actionable targets, and the other linked
tumor subtype to prognosis. Distinct resistance mechanisms suggest opportunities for
subtype-specific therapies, supporting improved management and treatment development
for MIBC patients.

Keywords: muscle-invasive bladder cancer; proteomics subtype; response to neoadjuvant
chemotherapy; targetable biomarkers

1. Introduction

Bladder carcinoma is the eighth tumor in incidence worldwide with 614,298 new cases
and 220,596 deaths in 2022 [1]. In localized muscle-invasive bladder carcinoma (MIBC),
the standard treatment is neoadjuvant chemotherapy (NACT) based on cisplatin followed
by cystectomy. The benefit showed by NACT in overall survival (OS) is 8% at 5 years,
especially focused on the 30-40% of the patients that have achieved a pathological complete
response. However, the selection in clinical practice for receiving NACT is based on patient
health status and renal function [2].

Recently, it has been published in a phase III clinical trial that the adjuvant adminis-
tration of nivolumab improves disease-free survival (DFS) in PDL-1 positive patients not
eligible for receiving NACT or those that not achieve a complete response to NACT [3]. Also,
the combination of Durvalumab with neoadjuvant cisplatin-based chemotherapy, together
with adjuvant Durvalumab following cystectomy, also improves survival outcomes [4].

MIBC is a molecularly heterogeneous disease with different responses to treatment
and evolution. Therefore, it is necessary that an in-depth molecular characterization and
the identification of biomarkers be capable of predicting a response to NACT.

Molecular classifications of MIBC based on transcriptomics data have been previously
established. Choi et al. identified the following three MIBC transcriptomics subtypes:
basal, luminal, and p53-like, which expressed both luminal biomarkers and an activated
wild-type p53 expression. These p53 tumors had a lower response rate to NACT [5]. The
Cancer Genome Atlas (TCGA) extended this classification to the following five groups:
luminal-papillary, luminal-infiltrated, luminal, basal/squamous, and neuronal subtypes [6].
A re-analysis of MIBC TCGA data performed by our group suggested the following two
independent classifications: one based on immune features and a luminal /basal classifi-
cation [7]. Finally, a consensus molecular classification of MIBC was published in 2020,
refining the TCGA classification by adding a new luminal subtype (luminal unstable) [8].

The association between MIBC molecular subtypes and response to NACT is con-
troversial. There are studies suggesting no association between molecular subtypes and
response to NACT [9], while others postulate that basal tumors have a better response
to NACT [10].

Proteomics studies of MIBC are less frequent than transcriptomics studies. Our
group identified two proteomics subtypes in muscle-invasive urothelial carcinoma, one
characterized by higher metabolism and adhesion activity and the other by a higher
immune response activity [11]. Groeneveld et al. analyzed non-muscle invasive and
MIBC samples and identified five proteomics subgroups that partially overlapped with
transcriptomics subtypes [12]. Dressler et al. analyzed one hundred and ninety-six patients
from all urothelial carcinoma stages, including non-muscle invasive and MIBC samples,
identifying also five proteomics clusters [13].
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The aim of this study is using high-throughput proteomics to find molecular charac-
teristics related to response to NACT, analyzing both transurethral resection of bladder
tumor (TURBT) and cystectomy samples from MIBC patients.

2. Results
2.1. Clinical Characteristics of the EPIC-MIBC Cohort

Fifty-eighth MIBC patients with available treatment-naive TURBT FFPE sample were
included in this study. Twenty-four patients achieved a pathological complete response
(CR) to NACT while thirty-two patients did not fully respond to NACT. Of those patients,
thirty cystectomies (after NACT) were also analyzed. The two remaining cystectomies
could not be collected. Finally, response to NACT was unknown for two patients. Fourteen
patients suffered a relapse (three that achieved a CR and ten that did not fully respond
to NACT) and eleven died after a median of follow-up of 30 months after surgery. On
the contrary, twenty-one of the patients that achieved a CR and twenty-two of the non-
responder patients did not relapse. In both cases, the median of cisplatin-based NACT
cycles received by responder and non-responder patients was three. Detailed clinical
information can be found in Table 1.

Table 1. Clinical characteristics of EPIC-MIBC cohort.

EPIC-MIBC Patients n =58
Gender
Female 17 (29%)
ECOG
0 45 (78%)
1 4 (7%)
Unknown 9 (15%)
Other histology than urothelial
Papillary 13 (22%)
Squamous 2 (4%)
Papillary + squamous 3 (5%)
Unknown 40 (69%)
ypTNM satge
0 18 (31%)
2 10 (17%)
3 13 (23%)
4 4 (7%)
Tis 10 (17%)
Unknown 3 (5%)
Prior treatment with BCG
No 55 (95%)
Yes 3 (5%)
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Table 1. Cont.

EPIC-MIBC Patients n =58
Chemotherapy scheme
ddMVAC 25 (43%)
Cisplatin-gemcitabine 32 (55%)
Other 1 (2%)
Response to NACT
Yes 24 (41%)
No 32 (55%)

2.2. Proteomics Experiments

EPIC-MIBC samples, both TURBT and cystectomy, were analyzed using DIA MS
proteomics. In these experiments, 5532 proteins were identified and quantified. After
applying quality criteria, 3378 of these proteins were used for subsequent analyses.

2.3. Classification of EPIC-MIBC TURBT Samples
2.3.1. Protein Network Analysis in EPIC-MIBC TURBT Samples

A network of protein relations, based on the obtained proteomics data in TURBT
samples, was built using PGMs. The network was split in 52 nodes (groups of proteins),
according to the Louvain community algorithm, and the overrepresented biological func-
tion for each node was assessed (Supplementary Figure S1, Supplementary Table S1). To
study the differential biological processes between groups of samples, functional node
activities were calculated as a representative measure for each functional node. A detailed
composition of each functional node can be found in Supplementary Table S1.

2.3.2. Layer1 Classification: DNA Replication and Adhesion

First, we explored the different layers of biological information applying recursively
sparse k-mean and CC. The first classification obtained by this method, Layer1, is based
on 85 proteins and shows enrichment in DNA replication and focal adhesion proteins.
Interestingly, the list of 85 proteins that defines this layer includes NECTIN4 and ERBB2
(Her2) (Supplementary Table S2). This layer classified MIBC TURBT samples into three groups
(Layer1.1 =16 [27.5%] patients, Layer1.2 = 9 [15.5%] patients, and Layer1.3 = 33 [57%] samples).

The protein network and functional node activities were used to characterize the
differential biological processes between Layerl groups. From a functional point of view,
Layer1.2 presented higher activity of immune response and actin cytoskeleton and ex-
tracellular matrix functional nodes, coupled with lower expression of mRNA processing
and spliceosome, proliferation, defense immune response, ribosome and translation, and
mitochondrial metabolism functional nodes when compared with Layerl.1 and Layer1.3
tumors. Additionally, Layerl.1 and Layer1.3 groups showed some differences as follows:
mRNA processing and spliceosome nodes, endoplasmic reticulum transport, and telom-
erase and microtubules are higher in Layerl.1, whereas cytoskeleton and extracellular
matrix, immune response and antigen binding, and cellular detoxification nodes presented
higher functional activity in Layer1.3 tumors (Supplementary Figure S2).

Regarding the expression of luminal/basal biomarkers, Layer1.2 presented higher ex-
pression of luminal-infiltrated biomarkers such as DES, PGM5, and SGCD
(Supplementary Figure S3), whereas no specific markers were found for Layerl.1 and
Layerl.3 groups. Finally, we studied the relation between Layerl groups and the MIBC
consensus molecular classification previously described. Layer1.2 included NE-like and
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stroma-rich tumors, whereas Layer1.1 and 1.3 included tumors from all consensus groups
(Supplementary Figure 54). Therefore, this Layer 1 classification is independent of luminal
and basal subtypes.

As mentioned above, the list of proteins defined by classified samples into Layerl
includes NECTIN4 and ERBB2 (Her2), both targetable proteins in MIBC. Therefore, we
studied their expression in each Layerl group. Indeed, Layerl.1 and Layerl.3 (NACT
non-responders) had a significantly higher NECTIN4 and ERBB2 protein expression than
Layer1.2 (Figure 1).

NECTIN4 ERBB2
24- 24
224 22
S 20 S 20 ’£‘
2 % 2 -
8 18- g 18
3 &
i 16+ L 164
J— —
144 144
12 T T T 12 T T T
Layer 1.1 Layer 1.2 Layer 1.3 Layer 1.1 Layer 1.2 Layer 1.3
0.0004 00029
Layer 1.1 vs. Layer 1.2 | *** Layer 1.1 vs. Layer 1.2
Layer 1.1 vs. Layer 1.3 | ns Layer 1.1vs. Layer 1.3 | ns
Layer 1.2 vs. Layer 1.3 | ** Layer 1.2 vs. Layer 1.3 | **

Figure 1. Protein expression of NECTIN4 and ERBB2 (Her2) in EPIC-MIBC TURBT samples according
to Layerl groups. ns p > 0.05; * p < 0.05; ** p < 0.01; *** p < 0.001.

2.3.3. Layer2 Classification: Cytoskeleton

After applying sparse k-means and CC to the remaining proteins, a new classification,
Layer2, was obtained. It was based on 107 proteins, mostly related to cytoskeleton (n = 13).
This Layer?2 classification is equivalent to Layerl (Supplementary Figure S5).

2.3.4. Layer3 Classification: Innate Inmune Response

Layer3 classification was based on 80 proteins, with an enrichment of innate immune
response-related proteins (Supplementary Table S3). It divided the samples into two groups
as follows: Layer3.1 (n = 29 [50%] patients) and Layer3.2 (n = 29 [50%] patients).

Regarding the functional characterization of these two groups, Layer3.1 tumors pre-
sented higher proliferation, regulation of nucleotide-excision repair, cell migration, and
DNA repair, mitochondria and mRNA processing nodes, whereas Layer3.2 group showed
higher immune functional node activities (Supplementary Figure S6).

Regarding the expression of luminal and basal biomarkers, Layer3.1 tumor presented
higher expression of KRT20, a luminal-papillary biomarker, whereas Layer3.2 had higher
expression of KRT5, KRT6a, KRT14, and CD44 basal biomarkers, but also PGM5, DES,
and SGCD luminal-infiltrated biomarkers (Supplementary Figure S7). Finally, we studied
the relation between Layer3 groups and the MIBC consensus molecular classification
previously described. Layer3.1 includes most LumP, LumNS, and LumU tumors, whereas
most Ba/Sq tumors are included in Layer3.2. NE-like and stroma-rich tumors are split
between both groups (Figure 2).
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Figure 2. Distribution of MIBC consensus molecular subtypes in Layer3 groups of EPIC-MIBC
TURBT samples.

2.3.5. Relation Between Layers, Response to NACT and DFS

Interestingly, Layerl groups showed a differential distribution of NACT response,
with Layerl.3 group mostly formed by NACT non-responders (p = 0.013) (Figure 3A),
although this does not translate to significant differences in DFS (Supplementary Figure S7).
On the other hand, Layer3 classification was not related to response to NACT, being the
percentage of responders in Layer3.1 of 39% and in Layer3.2 of 46% (p = 0.78) (Figure 3B).
Although no significant differences in DFS were found between the Layer3 groups, a
trend of a better prognosis in Layer3.1 (formed by luminal tumors) has been observed
(Supplementary Figure S8). Finally, we explored the relation between layer classification,
response to NACT and DFS. Interestingly, patients with Layer1.2 (NE-like and stroma-rich
tumors) and Layer3.1 (luminal) tumors showed a significant relationship between CR and
DEFS, which is not observed for the other groups. These results suggest that CR is related
to a favorable DFS in patients with luminal, NE-like, and stroma-rich tumors, but not in
patients with Ba/Sq tumors (Figure 4).

A B

Layer1 (DNA replication & adhesion)-response Layer3 (Immune)-response

25 20
= yes =3 yes

3 no =3 no

- N
o S

Number of patients
5

Number of patients
>

o

=}
o

Layer1.1 Layer1.2 Layer1.3 Layér3.1 Layér3,2
00732 07875

Figure 3. (A) Distribution of response to NACT in Layerl groups in EPIC-MIBC TURBT samples.
(B) Distribution of response to NACT in Layer3 groups in EPIC-MIBC TURBT samples.

We found differences in five functional node activities between tumors from Layer3.1
(luminal) regarding its response, three related with cytoskeleton and extracellular ma-
trix, one related with cellular detoxification, and one related with immune response
(Supplementary Figure S9). No differences in node activity were found in Layer3.2 tu-
mors regarding its response to NACT, probably because of the reduced number of samples
in this group.
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Figure 4. Disease-free survival in Layerl and Layer3 groups according to response to NACT.
PCR: complete response.

2.4. Validation of the Layer Classification in BLCA-TCGA Cohort

In order to validate our layer classifications, muscle-invasive bladder carcinoma
TCGA (BLCA-TCGA) cohort was used. After classifying BLCA-TCGA cohort in each
layer group, functional node activities from differential biological processes between layer
groups were checked. It was confirmed that Layer1.2 in TCGA cohort also had higher
immune response, cytoskeleton, adhesion and extracellular matrix, and cellular detoxifica-
tion, whereas Layer1.3 presented higher endoplasmic reticulum activity and Layer1.1 had
higher telomerase and microtubules node activity (Supplementary Figure S10). Regarding
Layer3, it was confirmed that Layer3.1 had higher mRNA processing and spliceosome,
mitochondrial metabolism and translation, regulation of cell cycle, cell-cell adhesion and
migration, and DNA repair activities, while Layer3.2 showed higher immune response and
focal adhesion and cytoskeleton (Supplementary Figure S11).

Unfortunately, it was not possible to check differences in response to NACT be-
tween groups due to most of the BLCA-TCGA patients having been treated with adju-
vant schemes.

Interestingly, BLCA-TCGA cohort has available data about FGFR3 genetic alterations.
Therefore, we studied the distribution of FGFR3 alterations defined as targetable by erdafi-
tinib according to its technical sheet, including R248C, S249C, G370C, and Y373C punctual
mutations, and fusions with TACC3 gene. Interestingly, FGFR3 alterations distribution
is different between layer classifications, being more frequent in Layerl.1 and Layer3.1
(Figure 5).

2.5. Search for Mechanisms of Resistance to NACT in EPIC-MIBC Cohort Analyzing
Cystectomy Samples

Finally, with the aim of identifying mechanisms of resistance related to cancer hall-
marks, cystectomy samples (after NACT treatment) from non-responder patients in EPIC-
MIBC cohort were collected.

Layer1.1 cystectomies were enriched in DNA repair, genes upregulated by KRAS acti-
vation, p53 pathway, apical surface, Wnt beta catenin signaling, E2F targets, inflammatory
response, G2M checkpoint, estrogen response early, interferon alpha response, and Myc
targets (FDR < 5%).

Layer1.2 cystectomy samples were enriched in angiogenesis (FDR < 5%).
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Layer1.3 cystectomies had an enrichment in myogenesis, epithelial-mesenchymal
transition, coagulation, heme metabolism, and genes downregulated by KRAS activation
(FDR < 5%).

In Layer3.1 group no enriched processes were identified, while myogenesis was
enriched in Layer3.2 (FDR < 5%).

A summary of the findings of this study can be found in Figure 6.

Layer 1_mut erdafitinib Layer 3_mut erdafitinib
200 300
7)) 0
2 150 o 8 no mut
o o
£ £ 200 I mut
© ©
n 4
%5 100 k)
5 ]
8 S 100
E 50 5
=z z
0
Layer 1.1 Layer 1.2 Layer 1.3 Layer 3.1 Layer 3.2
[P value ] 0.0083 [Fvale 00713
Layer 1_trans erdafitinib Layer 3_trans erdafitinib
200 300
2 8 W no fusion TACC3
° o N
E. 150 s 200 Il fusion TACC3
3 o
% 100 k3
5 ]
2 £ 100
E 50 £
z z
0
Layer 1.1 Layer 1.2 Layer 1.3 Layer 3.1 Layer 3.2
0.4168 0.0083

Figure 5. FGFR3 alterations in BLCA-TCGA cohort. (A) Distribution of R248C, 5249C, G370C, and
Y373C FGFR3 mutations in Layer1 groups. (B) Distribution of R248C, 5249C, G370C, and Y373C,
FGFR3 mutations in Layer3 groups. (C) Distribution of FGFR3-TACC3 fusions in Layerl groups.
(D) Distribution of FGFR3-TACCS3 fusions in Layer3 groups.
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Figure 6. Summary of the findings of this study.

3. Discussion

Neoadjuvant cisplatin-based chemotherapy is the standard of care in MIBC. However,
its benefit is only an 8% and response to NACT in patients diagnosed with MIBC, which
presented similar clinical characteristics, is heterogeneous [2]. Several efforts have been
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made to relate MIBC transcriptomic subtypes with response to NACT, but results are
controversial [5,10].

In this work, we used high-throughput proteomics to characterize both TURBT and
cystectomy samples from MIBC patients that received NACT in order to deeply characterize
the mechanisms involved in response and resistance to this treatment.

First, TURBT pre-treatment samples were analyzed in order to find molecular features
related to response to NACT. To classify TURBT samples into molecular subgroups, a layer
analysis based on sparse k-means and CC was used. This analysis has demonstrated its
utility in previous works at the time to identify different tumor realities (molecular features,
immune features, processes related to metastasis, etc.) [7,14,15]. In this case, this approach
identifies two independent classifications, which we named Layerl and Layer3.

Layer] identified three different groups, with a differential response rate to NACT
being Layer1.3, mostly formed by tumors from non-responders to NACT patients. Layerl.2
expressed luminal-infiltrated biomarkers and included only NE-like and stroma-rich tu-
mors. Layerl.1 and Layerl.3 groups did not show a relationship with neither luminal or
basal biomarkers nor with consensus molecular subtypes, hence this classification reflects
molecular characteristics not related to luminal and basal features.

Layerl.2, consistently with the overexpression of luminal-infiltrated biomarkers, also
had a higher activity of the immune response nodes but also of extracellular matrix and actin
cytoskeleton. An overexpression of extracellular matrix in luminal-infiltrated and luminal
tumors has been reported by TCGA classification [16]. Layerl.1 and Layer1.3 shared
some characteristics, presenting a higher activity of mRNA processing and spliceosome,
proliferation, defense immune response, ribosome and translation, and mitochondrial
metabolism. Metabolic diversity in MIBC has been established by using MIBC cell lines,
presenting evidence that OXPHOS and mitochondrial metabolism can contribute to some
MIBCs but not to others [17].

Layerl.1 and Layer1.3 also differ in some functional processes that may be the cause of
most non-responder patients in the Layer1.3 group but not in Layer1.1. Layerl.1 had some
higher mRNA processing and spliceosome nodes, endoplasmic reticulum transport, and
telomerase and microtubules functional node activities. On the contrary, Layerl.3 group
had higher cytoskeleton and extracellular matrix, immune response and antigen binding,
and cellular detoxification nodes. Immune response and antigen binding node contained
HLA proteins, belonging to major histocompatibility complex I and II. HLA proteins of
complex II are only expressed in antigen presentation cells [18]. A previous work estab-
lished that a higher expression of HLA-DRA is associated with progression of non-muscle
invasive bladder carcinoma to MIBC [19]. Nodes of extracellular matrix and cytoskeleton
with higher activity in Layer1.3 group contained collagens, laminins, tubulin, integrins,
and filamins. Robertson et al. also identified a cluster in their proteomics data, obtained
by reverse protein phase microarrays, with an elevated expression of extracellular matrix
proteins (including fibronectin and collagens) that presented a worse survival outcome [6].
However, TCGA MIBC cohort is mostly formed by MIBC tumors treated with adjuvant
chemotherapy, which is currently not the standard of care. Finally, the node of cellular
detoxification contained proteins involved in cellular oxidoreductase activity, including
superoxide dismutase 1 and enzymes involved in glutathione metabolism. Interestingly,
the role of glutathione metabolism in response to NACT in MIBC has been previously
suggested, establishing that glutathione metabolism genes are enriched in NACT MIBC
resistance tumors. In this work, the authors also pointed out that NACT-resistant tumors
were not consistent with the published MIBC transcriptomics molecular subtypes [20].
Therefore, it seems that Layer1.3 present a series of molecular features that causes a worse
response to NACT, not related to previous transcriptomics-based molecular classifications.
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Among the proteins used to establish this classification were NECTIN4 and ERBB2,
also known as Her2. Indeed, Layerl.3 had higher expression of NECTIN4 and ERBB2.
NECTIN4 expression, measured by immunohistochemistry, is heterogeneous among urothe-
lial subtypes, being more frequent in luminal tumors [21]. Enfortumab-vedotin, an anti-
NECTIN4 antibody-drug conjugate (ADC), plus pembrolizumab, has been recently ap-
proved for the treatment of metastatic urothelial carcinoma [22] due to its impact in PFS
and OS shown in phase III clinical trial [23]. NECTIN4 expression positively correlates with
response to enfortumab-vedotin [24]. In addition, trastuzumab-deruxtecan is a Her2 ADC
combined with a topoisomerase inhibitor payload that has also been tested for bladder
cancer [25]. DESTINY-PanTumor02 clinical trial, which tested trastuzumab-deruxtecan
in Her2+ locally advanced or metastatic solid tumors, includes 41 Her2+ bladder tumors
that showed a 56% of objective response rate (ORR) in Her2 IHC3+ and 39% of ORR in all
bladder cancer patients [26]. Therefore, these two treatments may be considered in these
Layer1.3 patients that do not respond to NACT.

The Layer3 classification identified two groups related with basal/luminal characteris-
tics. Layer3.1 include luminal-papillary tumors while Layer3.2 was composed by basal and
luminal-infiltrated /luminal tumors and Layer3.1 had a better DFS than Layer3.2, although
p-value is not significant. A better OS for luminal-papillary tumors compared to the other
luminal subtypes has been previously established by TCGA [6].

These two groups did not present a different rate of response to NACT. However,
Layer3.1 (luminal) patients showed a significant relationship between CR to NACT and
DEFS. The relationship between CR and DFS in NACT-treated MIBC has been previously
established, and achieving a CR to NACT is considered a good prognosis factor [27].
However, it seems that other factors have a role in this good prognosis. With the aim of
identifying these other factors involved in the good prognosis of achieving a CR, differences
between Layer3.1 according to response to NACT were studied. Non-responder tumors
from Layer3.1 had higher activity of nodes related with cytoskeleton, extracellular matrix,
and immune response, specifically complement proteins. Extracellular matrix and cy-
toskeleton functional nodes are mostly composed by collagens, laminins, tubulin, integrins,
and filamins. In the TCGA study, Robertson et al. identified a group with high expression
of extracellular matrix proteins, including fibronectin and collagens, that presented a worse
survival outcome [6].

These two classifications and the differential biological processes between the defined
groups have been validated using the BLCA-TCGA cohort. Unfortunately, response to
NACT cannot be studied in this cohort due to the fact that most of the samples were treated
by adjuvant schemes. Using WES and data of fusion events available from BLCA-TCGA
cohort, we also studied the distribution of FGFR3 alterations targetable by erdafitinib
in the defined groups. Erdafitinib is a pan-FGFR inhibitor approved for treatment of
unresectable or metastatic urothelial carcinoma [28,29]. FGFR3 mutations and gene fusions
are infrequent in Layerl.1 and Layer3.2 (basal) groups, and more frequent in Layerl.1 and
Layer3.1 (luminal) tumors. This is not surprising, as FGFR3 alterations are more frequent
in luminal tumors, especially in luminal-papillary [5,6].

Finally, with the aim of identifying possible mechanisms of resistance to NACT, GSEA
was conducted in cystectomy post-treatment samples from non-responder patients in
EPIC-MIBC cohort. GSEA showed differences in the possible mechanisms of resistance
between the groups defined in Layerl. Layerl.1 cystectomies were enriched in DNA
repair, genes upregulated by KRAS activation, p53 pathway, apical surface, Wnt beta
catenin signaling, E2F targets, inflammatory response, G2M checkpoint, estrogen response
early, interferon alpha response, and Myc targets. Choi et al. study suggested p53 as
involved in resistance to NACT and hypothesized that all chemoresistant tumors adopt
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a p53 phenotype after receiving chemotherapy [5]. In addition, defects in DNA repair
genes predicted response to NACT in MIBC [30]. Moreover, interferon alpha and an
inflammatory profile are predictive factors of a good response to immunotherapy [31,32].
Recently, nivolumab has demonstrated its efficacy in improving DFS in MIBC patients that
were not eligible for NACT or had not achieved a complete response and also had a positive
PDL-1 expression [3]. Therefore, this group may have a good response to immunotherapy
after receiving NACT and cystectomy.

Layerl.2 cystectomy samples were enriched in angiogenesis, which plays a key role in
bladder cancer progression [33,34]. However, treatment with anti-angiogenic molecules
showed modest results in advanced urothelial carcinoma [35]. Maybe a selected population
approach could improve benefit of anti-angiogenic treatments.

Layer1.3 cystectomies had an enrichment in myogenesis, epithelial-mesenchymal
transition, coagulation, heme metabolism, and genes downregulated by KRAS activation
(FDR < 5%). Therefore, the non-responder cystectomies of this group are enriched in
processes directly involved in metastasis and cellular migration.

The previous efforts to characterize mechanisms of resistance were done in the whole
cohort of MIBC patients but, seeing these results, it may be more informative to perform
these analyses in each MIBC group or subtype. Moreover, the mechanisms of resistance
proposed here could guide the subsequent treatments in those patients that do not respond
to NACT.

Our study has some limitations. First of all, this is a retrospective study with a
limited number of samples. Although some of the findings were validated in BLCA-TCGA
cohort, a validation in a large retrospective or in a prospective cohort may be interesting.
Additionally, in vitro and in vivo validations of the role of Nectin4 and Her2 regarding
treatment response would be necessary. The performed proteomics is a non-directed
technique, so we did not know the status of all TCGA markers to define Robertson’s
molecular subtypes. In addition, we did not know the FGFR3 status of the tumors in the
EPIC-MIBC cohort, a point that is gaining interest with the possible use in the future of
FGFR3 inhibitors. Also, validating these findings in a cohort that includes patients treated
with immunotherapy after NACT and cystectomy could help confirm the possible benefit
of immunotherapy in this group of patients.

4. Materials and Methods
4.1. EPIC-MIBC Cohort

MIBC patients were recruited from four different hospitals (La Paz University Hos-
pital, Ramoén y Cajal University Hospital, Jiménez Diaz Foundation, and Infanta Sofia
University Hospital). The inclusion criteria were patients over 18 years old, diagnosed
with MIBC stages II-IV through TURBT, having received a cisplatin-based NACT followed
by cystectomy, with available FFPE TURBT sample. The exclusion criterion was tumors
with more than 50% of the tumor with other histology than urothelial (neuroendocrine,
squamous, etc.). Pathological response to NACT was determined in the cystectomy sample.
Approval from La Paz University Hospital Ethical Committee was obtained (PI-4885) and
written informed consent was obtained for each participant in the study. TURBT and cys-
tectomy (when available) formalin-fixed paraffin embedded (FFPE) samples were retrieved
for each patient.

4.2. Protein Isolation

Proteins were isolated from FFPE samples using a previously described proto-
col [36,37]. Briefly, FFPE sections were deparaffinized in xylene and washed twice in
ethanol. Proteins were extracted using a protocol based on heat antigen retrieval and
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prepared in 2% SDS. Then, protein isolates were digested with trypsin (1:50), and SDS was
removed using Detergent Removal Spin Columns (Pierce). The peptide concentration was
determined using a Lunatic UV /Vis polychromatic spectrophotometer (Unchained Labs,
Pleasanton, CA, USA). All samples were diluted to 0.04 absorbance.

4.3. Liquid Chromatography-Mass Spectrometry Analysis

Mass spectrometry analysis was performed on an Orbitrap Fusion mass spectrometer
(Thermo Scientific, Waltham, MA, USA) equipped with a Digital PicoView source (New
Objective, Littleton, CO, USA) and coupled to an M-Class UPLC (Waters, Milford, CT, USA).
Solvent composition at the two channels was 0.1% formic acid in water for channel A and
0.1% formic acid in acetonitrile for channel B. For each diluted sample 2 uL of peptides were
loaded on a commercial MZ Symmetry C18 Trap Column (100 A, 5 um, 180 um x 20 mm,
Waters) followed by nanoEase MZ C18 HSS T3 Column (100 A, 1.8 um, 75 um x 250 mm,
Waters). The peptides were eluted at a flow rate of 300 nL/min. After a 3 min initial hold
at 5% B, a gradient from 5 to 22% B in 80 min and 22 to 32% B in additional 10 min was
applied. The column was cleaned after the run by increasing to 95% B and holding 95% B
for 10 min prior to re-establishing loading condition for another 10 min. Samples were
acquired in a randomized order. The mass spectrometer was operated in data-independent
mode (DIA), acquiring a full-scan MS (350—2000 m/z) at a resolution of 120,000 at 200 m/z.
Followed by HCD (higher-energy collision dissociation) fragmentation on 35 windows
with 20 m/z width between 400 and 1100 m/z. The MS2 resolution was set to 30,000 and a
normalized collision energy of 30% was used. The samples were acquired using internal
lock mass calibration on #1/z 371.1012 and 445.1200.

The mass spectrometry proteomics data were handled using the local laboratory
information management system (LIMS) [38].

4.4. Spectral Library Generation and Protein Quantification

The identification and quantification of proteins from MS data was performed using
the DIA-NN workflow (version 1.8.2) [39]. The following parameters for the library-free
search were used: precursor charge +2, +3 and +4, precursor mass range 300 m/z to
1500 m/z, fragment mass range 200 m/z to 1800 m/z, mass accuracy MS1 15 ppm, MS2
15 ppm, enzyme specificity trypsin/P allowing one missed cleavage, and fixed modifi-
cation carbamidomethylation of cysteine and as variable modification the oxidation of
methionin. The in silico spectra were generated using a canonical protein database for
humans, concatenated with common protein contaminants (11 August 2023-reviewed-
contam-UP000005640.fasta), and the maximum false discovery rate (FDR) was set to 0.01.

4.5. Proteomics Data Pre-Processing

Proteomics data was log2-transformed. A quality criterion of at least 75% of valid
values in each protein in at least one group (TURBT or cystectomy samples) was applied
and missing values were imputed to a normal distribution. These steps were performed
using Perseus software [40]. A possible batch effect due to the different origin of the
samples was corrected using limma R package v3.46.0 [41].

4.6. Biological Layer Analysis

Sparse k-means and consensus cluster (CC) were used to identify independent classifi-
cations in the EPIC-MIBC proteomics data, as shown in previous works [7]. First, sparse
k-means were used to rank the proteins according to their relevance in the sample classifi-
cation. Then, CC was used to classify the samples and identify the optimum number of
groups using the proteins selected by the sparse k-means. After that, these proteins were
removed from the dataset and this workflow was performed again to identify another inde-
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pendent layer based on another molecular characteristic. Sparse k-means were calculated
using sparcl R package v1.0.3 [42] and CC was performed using ConsensusClusterPlus
R package v.1.68.0 [43]. Gene ontology analyses were performed for each protein list to
identify the relevant processes in which they are involved using DAVID webtool [44].

4.7. Systems Biology Analyses

Probabilistic graphical models (PGMs) compatible with high-dimensional data were
applied to the obtained proteomics data with the aim of building a protein relationship
network. The graphs were built in two steps as follows: first, the spanning tree that maxi-
mizes likelihood was established, and then, a forward addition of edges that minimizes
the Bayesian Information Criterion (BIC) but preserves graph’s decomposability was per-
formed [45]. The PGMs were built using functions based on grapHD R package v.0.2.2 [46]
implemented in Python. The obtained network was sought for functional structure, estab-
lishing functional nodes in the network with an overrepresented biological function using
the Louvain community detection algorithm [47]. The overrepresented biological function
was determined using the GOAtools Python package version 3.x and DAVID knowledge
based on Gene Ontology (GO) [44]. GO categories enriched in the complete dataset were
identified and excluded from the analysis. Then, GO categories significantly overrepre-
sented in each functional node were defined, using an FDR adjusted p-value < 0.05 on
Fisher’s exact test. For comparisons between groups of samples, functional node activities
were calculated as in previous studies [36]. Briefly, the functional node activity is the mean
expression of those proteins in each node. Gene Set Enrichment Analysis (GSEA) was
performed using GSEA software and hallmarks database as background [48]. Processes
were considered as significantly enriched when FDR < 5%.

4.8. Consensus Molecular Classification Sample Assignment

Samples were assigned to the consensus molecular classification subtypes using the
centroids provided by Ref. [8]. Pearson coefficients were calculated for each sample and
each centroid, and a sample was assigned to the consensus molecular subtype (CMS) with
the highest Pearson correlation coefficient.

4.9. Validation of Layer Classifications in BLCA-TCGA Cohort

RNA-seq data from muscle-invasive bladder cancer TCGA cohort (BLCA-TCGA) was
used to validate the replicability of the layer classifications defined in this study. RNA-seq
data were obtained from firebrowse.org. Genes defined by the sparse k-means for each
classification were used to classify BLCA-TCGA cohort in our layers applying a CC. Then,
differential biological processes between our groups were checked in BLCA-TCGA cohort
calculating functional node activities.

4.10. Study of Distribution of FGFR3 Alterations in BLCA-TCGA Cohort

Whole-exome sequencing (WES) and gene fusion events data from BLCA-TCGA
cohort were used to study the relationship between layer classifications and FGFR3 alter-
ations. WES data were obtained from firebrowse.org. Only FGFR3 mutations included
in the erdafitinib technical sheet (R248C, S249C, G370C, and Y373C) were included in
the analysis. Regarding FGFR3 fusions, data were obtained from Fusion Gene Database
(https://ccsm.uth.edu/FusionGDB/, accessed on 18 January 2025). Only data about
FGFR3-TACCS3 fusions is available for BLCA-TCGA cohort.

4.11. Statistical Analyses

Comparisons between quantitative variables were performed using non-parametric
Mann-Whitney and Kruskal-Wallis tests. p-values were adjusted using a Benjamini—
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Hochberg method. Comparisons of distributions were performed using a Chi-squared
test, applying Fisher’s test when it was necessary. Survival analyses were performed
using Kaplan-Meier and Cox regression. Disease-free survival (DFS) was calculated as the
difference between date of relapse or last follow-up and date of TURBT. Statistical analyses
were performed using Graph Pad Prism version 6.

5. Conclusions

To summarize, in this study we used high-throughput proteomics to characterize
biological mechanisms involved in response and resistance to NACT in MIBC, employing
both TURBT and cystectomy samples. Two independent classifications in TURBT samples
were established. The first identified three proteomics groups, with one enriched for
non-responder patients. This classification was not related to classical luminal and basal
subtypes. Remarkably, this group of non-responder patients to NACT has higher protein
expression of NECTIN4 and ERBB2, both relevant actionable targets in MIBC. The other
classification identified two groups a priori not related with response to NACT that matches
with luminal and basal groups. Interestingly, having a CR is a prognostic factor only in
luminal tumors. Finally, cystectomies from non-responder patients were analyzed searching
for mechanisms of resistance. The possible mechanisms of resistance identified in each
group may be used as guidance for future therapeutic options.
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BIC Bayesian Information Criterion
CC Consensus clustering
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DFS Disease-free survival

DIA Data-independent acquisition

FFPE Formalin-fixed paraffin-embedded
GSEA Gene Set Enrichment Analysis
NACT  Neoadjuvant chemotherapy
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MIBC Muscle-invasive bladder carcinoma

oS Overall survival

PGM Probabilistic Graphical Model

TCGA  The Cancer Genome Atlas

TURBT Transurethral resection of bladder tumor
WES Whole-exome sequencing
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