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Abstract

Background: Bladder cancer is a disease with complex perturbations in gene networks and heterogeneous in terms of histology,
mutations, and prognosis. Advances in high-throughput sequencing technologies, genome-wide association studies, and
bioinformatics methods have revealed greater insights into the pathogenesis of complex diseases. Network biology-based
approaches have been used to demonstrate the complex physical or functional interactions between molecules which can lead to
potential drug targets.

Objective: There is a need to better understand gene networks and protein-protein interactions (PPI) specific to urothelial
carcinoma

Methods: We performed a multi-sample PPl study comparing two urothelial carcinoma architectures: papillary and non-
papillary. We used a novel PPl analysis tool, Proteinarium to identify clusters of patients with shared PPl networks in each
architecture. The feature of this tool is to analyze the PPl networks of patients and visualize them in clusters based on their
network similarities from any genomic data including Next Generation Sequencing (NGS).

Results: We observed distinct networks for the papillary and non-papillary groups. Proteins unique to the papillary urothelial
carcinoma detected in two separate datasets included UBAS52, RPS27A, UBR4, CUL1, UBE2K, and CDCS5L. Proteins found in
the non-papillary urothelial carcinoma specific PPl network were GNB1, UBC, RHOA, FPR2, GNGTL1, PIK3CA, PIK3CG,
HSPO0AA1L, SLC11A1, CCT7, ARHGEF], PAK1, PAK2, PSMA7, and TRIO.

Conclusions: We identified distinct PPl networks specific to papillary and non-papillary urothelial carcinomas presenting
unique molecular entities. Clinical Trial: N/A
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Abstract

Bladder cancer is a disease with complex perturbations in gene networks and heterogeneous
in terms of histology, mutations, and prognosis. Advances in high-throughput sequencing
technologies, genome-wide association studies, and bioinformatics methods have revealed greater
insights into the pathogenesis of complex diseases. Network biology-based approaches have been
used to demonstrate the complex physical or functional interactions between molecules which can
lead to potential drug targets. There is a need to better understand gene networks and protein-protein
interactions (PPI) specific to urothelial carcinoma. We performed a multi-sample PPI study
comparing two urothelial carcinoma architectures: papillary and non-papillary. We used a novel PPI
analysis tool, Proteinarium to identify clusters of patients with shared PPI networks in each
architecture. The feature of this tool is to analyze the PPI networks of patients and visualize them in
clusters based on their network similarities from any genomic data including Next Generation
Sequencing (NGS). We observed distinct networks for the papillary and non-papillary groups.
Proteins unique to the papillary urothelial carcinoma detected in two separate datasets included
UBA52, RPS274, UBR4, CULI, UBE2K, and CDCS5L. Proteins found in the non-papillary urothelial
carcinoma specific PPI network were GNBI, UBC, RHOA, FPR2, GNGTI, PIK3CA, PIK3CG,
HSP90AAIL, SLCI11A1, CCT7, ARHGEFI1, PAKI, PAK2, PSMA7, and TRIO. We identified distinct
PPI networks specific to papillary and non-papillary urothelial carcinomas presenting unique
molecular entities.

Running Title: Protein-protein interactions in urothelial carcinoma

Key Words: Urothelial Carcinoma, Comprehensive Genomic Profiling, Proteinarium, Protein-
Protein Interactions
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Introduction

In 2025, there were 17420, deaths from urothelial carcinoma, which is four times more
prevalent in men than women[1]. Urothelial carcinomas can be divided into papillary and non-
papillary based on the architecture. Papillary urothelial carcinomas grow in slender projections with
fibrovascular cores, and while most do not penetrate the deeper layers of the bladder (non-invasive
papillary carcinoma), others can become invasive. Non-invasive papillary urothelial carcinoma has
higher rates of recurrence than non-papillary tumors, but rarely metastasize. Non-papillary urothelial
carcinomas do not grow towards the hollow center of the bladder and can be invasive or non-
invasive (flat carcinoma in situ, CIS)[2]. Invasive non-papillary urothelial carcinomas can
aggressively infiltrate the bladder wall, leading to metastasis in lymph nodes and invade adjacent
surrounding anatomical structures such as the prostatic stroma, seminal vesicles, uterus, vagina,
pelvic wall, and the abdominal wall. Previous research on the genetic architecture of bladder cancer
analyzed the relative rates of mutations in specific genes using data from high throughput
sequencing[3]. Previous studies have used mRNA expression profiling and whole genome
comparative genomic hybridization to provide evidence that papillary and non-papillary urothelial
carcinomas have distinct molecular origins and characteristics[4].

Network biology is an emerging paradigm that aims to understand the complex interactions
of molecules at the cellular level[5]. Experimental studies describing biological networks
demonstrate that they are not random, and in fact characterized by well-known organizing principles.
By the advancement of high throughput screening methods, extensive protein-protein interaction
(PPI) networks have been discovered[6]. In addition, large scale protein-protein interaction maps
show that proteins involved in related phenotypes often interact physically. Moreover, it was also
shown that similar phenotypes share neighboring network environments not only in model organisms
but also in humans[7-10]. In this regard, by integrating high throughput omics data, network biology
can be used to discover reliable molecular biomarkers for cancer identification and progression. At
the genomic level, assays such as the Achilles Project screen for loss of function mutations on a
genome scale for hundreds of cancer cell lines[11]. At the transcriptomic level, gene co-expression
networks (GCNs) are applied to infer cell-cell interactions and potential cancer biomarkers. At the
proteomic level, PPI network analysis is used for novel biomarker discovery and disease-related
functional modules[12]. Applying a network biology approach to discover how cellular pathways
interact provides better understanding in the genetic architecture of cancer types and subtypes. There
are several studies based on transcriptomic or microarray data for bladder cancer identifying
potential networks based on differentially expressed genes or co-expressed genes in clusters[13-16].
Most of the time, differentially expressed genes between patients and healthy subjects or among
patients with different tumor stages are used as an input for building gene or protein interaction
networks. Despite the advances in gene pathway or PPI analysis algorithms, none of the current
network analysis tools are designed to identify clusters of patients based on their PPI networks by
using the data from individual patient samples. In order to address this, we have developed a PPI
analysis and visualization tool, Proteinarium[17]. Proteinarium is a multi-sample PPI tool that
identifies clusters of samples with shared networks[17]. Proteinarium builds protein networks from
high-dimension data for individual samples, measures network similarity between samples using the
Jaccard distance, clusters them based on these similarities, and identifies shared networks associated
with a disease phenotype. In this study, we investigated the PPI networks using Proteinarium to
identify the PPI networks specific to papillary and non-papillary urothelial carcinoma.

Materials and Methods
Study Design
We studied two datasets of patients with urothelial carcinoma. The RNA-seq data from the
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TCGA Cell 2017[18] and TCGA Nature 2014[19] studies were obtained from cBioPortal for Cancer
Genomics[20, 21]. Only patients with mRNA z-score data were included in the analysis. Patient
groups were identified based on urothelial carcinoma architecture (papillary or non-papillary), sex,
patient status (alive, recurrent, or deceased), and cancer stage (stage I, II, III, and IV) using custom-
made R scripts (R version 4.0.4). The TCGA Cell 2017 dataset[18] included 133 papillary and 273
non-papillary urothelial carcinoma patients. Of these patients, 132 papillary and 270 non-papillary
patients had mRNA data and were thus included in the PPI network analysis. In the TCGA Nature
2014 dataset[19], there were 39 papillary and 88 non-papillary urothelial carcinoma patients with
mRNA data. For both studies, mRNA data was downloaded as gene expression z-scores.

In the phenotypic data analysis, sex, age, follow-up time, overall survival, disease free time,
pM stage, survival status, disease free status, histologic grade, pT stage, pN stage, and stage grouping
data were included in the analysis of the TCGA Cell 2017 dataset. For the TCGA Nature 2014
dataset, patients with sex, age, survival status, overall survival, disease free status, and disease-free
time data were included. 346 and 129 urothelial carcinoma patients were analyzed in the TCGA Cell
2017 and TCGA Nature 2014 datasets, respectively. Patients without phenotypic data were excluded
from the phenotypic data analysis. Thus, there are differences in the number of patients in the PPI
network analysis and phenotypic data analysis.

Proteinarium Analysis and Network Visualization

We used Proteinarium to identify clusters of patients with shared PPI networks associated in
patient groups with papillary and non-papillary bladder cancer using the RNA-seq data from the
TCGA Cell 2017 and TCGA Nature 2014 datasets. For each patient, we ranked the genes based on
their z-scores to identify the most upregulated genes. To determine the number of seed genes used to
build the PPI networks of each patient, we applied cophenetic correlation scores to the dendrogram
output from the Proteinarium comparison of papillary and non-papillary patients using the top 50,
100, 125, 150, 200, 250, and 300 seed genes. For papillary versus non-papillary comparisons in both
the TCGA Cell 2017 and TCGA Nature 2014 datasets, the change in cophenetic correlation
coefficients decreased after increasing the number of seed genes to 125, indicating that increasing the
number of seed genes did not greatly change the dendrogram structure (Supplemental Figures 1, 2,
and 3). Hence, we used the top 125 most upregulated seed genes for each patient as inputs for
Proteinarium. We performed the same cophenetic correlation score analysis for the downregulated
genes in the TCGA Cell 2017 dataset (Supplemental Figure 3). Downregulated genes were chosen by
ranking the genes from lowest to highest z-score, then choosing the top N number of seed genes.

As a first step, Proteinarium converts gene names to their protein names and uses PPI
information from the STRING Database [22]. Then Proteinarium builds the network graphs based on
the seed genes for each patient. It calculates the similarity between each pair of graphs by using the
Jaccard distance and records in a matrix. Proteinarium uses this similarity matrix as the input for
clustering graphs. Unweighted Pair Group Method with Arithmetic Mean (UPGMA) is used for
clustering. Patients are clustered based on their network similarities as an output. Significance of
clusters is calculated by using Fisher exact test, identified by the abundance of cases and controls.
Networks of the significant clusters can be visualized and analyzed. In the Proteinarium analysis, we
used the default parameters of the tool for building the graphs and the maximum path length
parameter set to 2. By applying this, we included only the seed proteins connected directly to each
other and/or via a single intermediary protein. The intermediary connecting proteins were referred as
“imputed proteins”.

Network Annotation and Modularity
Networks of the significant clusters were annotated by g:Profiler, a web server for identifying

biological categories enriched in gene lists[23]. We entered the list of unique genes for the papillary
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and non-papillary PPI networks in g:Profiler to identify the Gene Ontology (GO) terms and KEGG
pathways associated with these networks. Only those with a False Discovery Rate (FDR) less than
0.05 were included. We used GEPHI version 0.9.2, a network visualization tool to visualize the
networks and their network specific modularity. [24]. We used the modularity function that was
based on Blondel’s algorithm on GEPHI[25]. Modularity is defined as a measure of network
structure which identifies the strength of division of a network into modules.

Separation Test

Separation testing is a computational method to determine the genetic similarity between two
groups by comparing their PPI networks in the interactome. We performed separation tests to
determine the distance between the networks specific to papillary and non-papillary groups in the
interactome using a Python script adapted from Menche et.al.[26]. The interactome is composed of
141,296 experimentally determined physical interactions between 13,460 proteins. sag is a measure
of separation between the networks of two groups in the interactome. sag > 0 indicates a topological
separation of the networks specific to two groups and that the those groups can be regarded as
distinct molecular entities. sag < 0 indicates that the networks specific to two groups overlap in the
interactome.

Connectivity Map and Drug Repurposing Tool

We used Connectivity Map (CMap) from Broad Institute and applied the repurposing tool to
explore potential drugs that may target the hub genes of Networks A, B, and C for connectivity
map[27].

Statistical Analysis

Chi-square or Fisher’s exact test was used for categorical variables when appropriate. Paired
t-test (two-sided) was used to compare the means of two groups. All statistical analyses were carried
out using JMP Pro 16.0 software (SAS Institute, Cary, NC). P-values less than 0.05 were considered
to be statistically significant.

Results

Clinical Profile of the Patient Sample

Of all the 346 urothelial carcinomas in the TCGA Cell 2017 dataset[18], no significant
differences were found between the papillary and non-papillary groups regarding sex, age, follow-up
time, overall survival, disease free time and pM stage. However, statistically significant differences
were observed in survival status, disease free status, histologic grade, pT stage, pN stage and stage
grouping (Table 1). Of all the 129 urothelial bladder carcinomas in the TCGA Nature 2014
dataset[19], no significant differences were found between the papillary and non-papillary groups
regarding age, overall survival, disease free status and disease-free time. However, statistically
significant differences were observed in sex and survival status (Table 2).

Table 1. Clinical parameters of urothelial carcinomas in the TCGA Cell 2017 dataset.

Parameter Papillary Non-papillary P-value
Case Number 133 213
Sex

Female 27 60

Male 106 153 0.1261
Age

Mean = SEM 66.9+ 1.0 68.4+0.7 0.2064

https://preprints.jmir.org/preprint/ 76736
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Follow-up Time (Days)

Mean + SEM 521.8+69.8 652.5+72.5 0.2084
Survival Status

Living 90 104

Deceased 43 109 0.0008
Overall Survival (Months)

Mean + SEM 24.4+2.0 27.1+19 0.3442
Disease Free Status

Disease Free 75 79

Recurred/Progressed 33 88 0.0003
Disease Free Time (Months)

Mean + SEM

22.8+2.2 26.8£2.3 0.2311

Histologic Grade

Low Grade 18 1

High Grade 113 212 <0.0001
pT Stage

T1/T2 56 53

T3 41 117

T4 21 29 0.0001
pN Stage

NO 89 117

N1 8 27

N2 19 43 0.0278
pM Stage

MO 75 89

Ml 4 4 1
Stage Grouping

Stage /I 61 53

Stage 111 34 84

Stage IV 34 76 0.0001

* SEM: Standard error of mean

+ Follow-up time was not available for 26 patients in papillary group and 68 patients in non-
papillary group

1 Overall survival was not available for 3 patients in papillary group

1 Disease free status was not available for 25 patients in papillary and 46 patients in non-papillary

group
= Disease free time was not available for 26 patients in papillary and 46 patients in non-papillary

group

¢ Histologic grade is not available for 2 patients in papillary group

® There is 1 T1, 15 Tx, 12 Nx, 54 Mx in papillary group; and 1 T1, 14 Tx, 24 Nx, 120 Mx in non-
papillary group

0 Stage not available for 2 patients in papillary

# Only 1 Stage I in papillary and non-papillary group

https://preprints.jmir.org/preprint/ 76736 [unpublished, non-peer-reviewed preprint]
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Table 2. Clinical parameters of urothelial carcinomas in the TCGA Nature 2014 dataset.

Parameter Papillary Non-papillary P-value
Case Number 41 88
Sex

Female 5 27

Male 36 61 0.0284
Age

Mean + SEM 67.5+1.8 69.0+ 1.0 0.4447
Survival Status

Living 33 49

Deceased 8 39 0.0064
Overall Survival (Months)

Mean + SEM 14.6 +3.3 19+2.7 0.3295
Disease Free Status

Disease Free 20 37

Recurred/Progressed 12 43 0.1454
Disease Free Time
(Months) 9.0+1.8 11.0+1.5 0.4878

Mean + SEM

* SEM: Standard error of mean
+ Disease free was not available for 9 patients in papillary and 8 patients in non-papillary group
1 Disease free time was not available for 30 patients in papillary and 54 patients in non-papillary

group

https://preprints.jmir.org/preprint/ 76736
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Proteinarium Analysis and Network Visualization

We performed Proteinarium analysis using RNA-seq data from patients with papillary and
non-papillary urothelial carcinomas to determine the differences in the PPI networks within these
two architectures. We analyzed the top 125 upregulated genes obtained from RNA-seq data from
TCGA Cell 2017[18] and TCGA Nature 2014[19] as well as the top 125 downregulated genes from
the TCGA Cell 2017 dataset.

Upregulated Gene Analysis

In the analysis of the TCGA Cell 2017 dataset, one significant cluster (N = 393, p-value =
0.000757), was identified for further analysis as this cluster included 89 of 132 total patients with
papillary urothelial carcinoma and 214 of 270 patients with non-papillary urothelial carcinoma
(Figure 1). In the network specific to the papillary urothelial carcinoma patient group (Network A),
RPS27A4, UBA52, and VAMPS were the most connected or hub proteins identified. In the network
specific to the non-papillary patient group (Network B), GNBI, RHOA, UBC, and FPR2 were found
to be the hub proteins (Figure 1). In the analysis of the TCGA Nature 2014 dataset, one cluster of six
papillary urothelial carcinoma patients, was identified as a significant cluster based on Fisher’s exact
test (p = 0.000631) (Figure 2). In Network C, CCDC22, ANAPC4, and UBR4 were identified as hub
proteins unique to papillary urothelial carcinoma. There were six proteins shared between the two
papillary urothelial carcinoma consensus networks (Networks A and C), including UBR4, CULI,
UBE2K, CDCS5L, UBAS52, and RPS27A.

Dendrogram:
Papillary patients: 132
Non-papillary patients: 270
ﬁ” uBRs 4on .@\ il
cocs 2,
e - |
AMPS Y — ‘o
i1 CTNNB!  cpcey ng |
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LA rimA

coer : il L
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& GNB2
HRAS MAPK] afz sl
ugEzs RPL13 5 m e e
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Network A: Papillary Network B: Non-papillary
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. mputerd Non-papillary patients: 269 ‘ . Sipiiad
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Figure 1: Dendrogram and consensus networks specific to papillary and non-papillary
urothelial carcinoma from the TCGA Cell 2017 dataset (Upregulated genes). The dendrogram
shows 402 patients, which were clustered based on their network similarities. Patients with green
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branches are part of the significant cluster whose networks are next to the dendrogram. In the
networks, larger circles represent more connected nodes. Proteins specific to the papillary and non-
papillary groups are shown in yellow and blue, respectively. Proteins in both groups were shown in
green. Proteins in red were imputed from the network analysis.

Papillary patients: 39

Dendrogram:
Non-papillary patients: 88

Network C: Papillary

) Papillary

Cluster B
. Non-Papillary Papillary patients: 6

@ nboth Papiliary Non-papillary patients: 0
"7 and Non-Papillary p-value <0.05

. Imputed

Figure 2: Dendrogram and consensus networks specific to papillary and non-papillary
urothelial carcinoma from the TCGA Nature 2014 dataset (Upregulated genes). The dendrogram
shows 127 patients, which were clustered based on their network similarities. Patients with yellow
branches are part of the significant cluster, whose network is shown to the left of the dendrogram. In
the networks, larger circles represent more connected nodes. Proteins specific to the papillary and
non-papillary groups are shown in yellow and blue, respectively. Proteins shared by both groups
were shown in green (none was identified in this dataset). Proteins in red were imputed from the
network analysis.

The separation score for the distance between the papillary and non-papillary specific
networks of the first dataset (Networks A and B) was calculated using the papillary and non-papillary
genes from their respective networks. Including only these seed genes unique to either network, the
separation score was calculated as sag = 0.1722, indicating that there are modules of genes in the
papillary and non-papillary consensus networks that do not overlap in the interactome and can be
considered as distinct entities. The separation score comparing Networks B and C was calculated as
sas = -0.0661. The negative sag value shows that there is an overlap between the papillary consensus
patient networks for these two independent datasets, indicating that our results were replicated in two
independent datasets.

We visualized and annotated network modularity for non-papillary groups in both datasets by
using GEPHI, a network and graph visualization tool. We found five modules whose genes are
grouped by common functionality for each network in Networks A and C, and six modules in
Network B. We used the default setting in GEPHI. gProfiler was used to annotate the modules for
Networks A, B, and C to identify significant GO terms and KEGG pathways [23] was used to

https://preprints.jmir.org/preprint/ 76736 [unpublished, non-peer-reviewed preprint]
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annotate the modules for Networks A, B, and C to identify significant GO terms and KEGG
pathways. Notably, the papillary networks of both datasets — Networks A and C — each contained one
module enriched in proteins involved in ubiquitin-related activities. The KEGG pathway Ubiquitin
mediated proteolysis and Molecular Function GO terms Ubiquitin-like protein conjugating enzyme

activity and Ubiquitin protein ligase binding were common to the module in Network A and Network
C.

Pathway and Gene Set Enrichment Analysis

We used the g:GOSt functional profiling tool from g:Profiler to visualize significant GO terms and
KEGG pathways for the genes in Networks A, B, and C [23] to visualize significant GO terms and
KEGG pathways for the genes in Networks A, B, and C. The proteins unique to non-papillary
urothelial carcinoma patients in Network B are enriched in the PI3K-Akt signaling pathway (KEGG
pathway, p = 0.0040), with the most significant Molecular Function GO term being
Phosphatidylinositol-4,5-bisphosphate-3-kinase activity. The GO terms and KEGG pathways related
to the PI3K-Akt signaling pathway were unique to Network B, while ubiquitin-related processes
were unique to the papillary Networks A and C. Ubiquitin mediated proteolysis was the most
significant KEGG pathway for Network C (p-value = 2.742e-12) and and Ubiquitin-like protein
ligase binding was the most significant Molecular Function term for Network A (p = 0.00110187).

The sixth most significant KEGG pathway for Network A (p-value = 1.294¢-7).

Drug Repurposing Tool

We identified several potential drugs targeting the hub proteins of Network B. GNBI, the
most highly connected gene unique to non-papillary patient networks, encodes the beta subunit of G
proteins, which modulate transmembrane signaling, including that of the PI3K/AKT signaling
pathway[28]. Using the drug repurposing tool, we identified Y16 as a potential drug for non-
papillary urothelial carcinoma treatment. Y16 is a Rho-associated kinase inhibitor in preclinical
trials. Other Rho-associated kinase inhibitors, including Y-27632 and HA-1077, were shown to
inhibit proliferation and invasion of bladder cancer cells and induce apoptosis, respectively[29, 30].
Y 16 may be efficacious in treating patients with non-papillary urothelial carcinoma by targeting the
hub gene GNBI. FPR2, another hub protein unique in the networks specific to non-papillary
urothelial carcinoma, encodes the formyl peptide receptor 2 and is involved in the response to
amyloid beta, regulation of the defense response, and positive regulation of monocyte
chemotaxis[31]. TC-FPR2-43 is a formyl peptide receptor agonist in preclinical trials, which may be
considered for use in treating non-papillary urothelial carcinoma. We also identified drugs targeting
other proteins specific to Network B, including PIK3CA, and PAKI. PIK3CA, which encodes the
pl00a catalytic subunit of PI3K[32], is the target of several PI3K inhibitors used to treat breast
cancer (Alpelisib), follicular lymphoma (Copanlisib), and chronic lymphocytic leukemia (Idelalisib).
PAK 1, a member of the serine/threonine p2-activating kinase family, is targeted by several drugs in
preclinical trials: serine/threonine kinase inhibitor FRAX486, p21 activated kinase inhibitors IPA-3
and NVS-PAK1-1, and Rho associated kinase inhibitor RKI-1447.

Discussion

The genomic landscape distinguishing papillary and non-papillary urothelial carcinoma
architectures is not completely understood. Using a network biology approach, we sought to
understand how the PPI networks differed between patients with papillary and non-papillary
urothelial carcinoma. Proteinarium, a multi-sample PPI analysis tool was used to analyze gene
expression data from patients with papillary and non-papillary urothelial carcinoma. and create
clusters of patients with shared networks and genes specific to these two architectures. Our results
showed that RPS274, UBA52, and VAMPS were the hub proteins in Network A, the papillary
consensus network, which shared six genes with Network C, the papillary consensus network of the
validation dataset. These six genes - UBR4, CULI, UBE2K, CDC5L, UBA52, AND RPS27A4 — were
enriched in gProfiler for ubiquitination processes, including ubiquitin mediated proteolysis.
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Dysregulation of the ubiquitin-proteasome system, which regulates tumor suppressors and oncogenic
proteins, is seen across cancer types[33]. In the non-papillary urothelial carcinoma consensus
network, Network B, we identified GNBI, RHOA, UBC, and FPR2 as hub proteins and that the
Network B was enriched for proteins involved in the PI3K/AKT signaling pathway.

Of the genes shared by Network A and Network C, the two papillary urothelial carcinoma
consensus networks, CDC5L and CULI have been found by previous studies to be upregulated in
bladder cancer tissues. It has been shown that their overexpression is significantly associated with
poorer prognosis in patients diagnosed with urothelial carcinoma[34, 35]. Knockdown of CDCS5L
inhibited the proliferation of bladder cancer cells by inducing apoptosis and limiting bladder cancer
cell migration, invasion, and EMT[35]. There are currently no drugs in development that target
CDCS5L or CULI. RPS27A4 and UBA52, which are hub genes unique to papillary urothelial carcinoma
in Network A, have been found to be overexpressed in several different cancers, including colon
cancer[36, 37], prostate cancer[38], and leukemia[39]. RPS274 and UBA52 are both ribosomal
fusion proteins composed of ubiquitin conjugated to the ribosomal proteins S27a and L40,
respectively. RPS27A4, an RNA-binding protein part of the ribosomal 40S subunit[40], plays a role in
inhibiting apoptosis, regulating the progression of the cell cycle, and promoting proliferation[39].
UBAS5?2 is required for embryonic development and regulates protein synthesis and the cell cycle by
modulating the expression of cyclins D1 and D3[41]. Further studies should be done to elucidate the
role of overexpression of RPS27A4 and UBAS52 in papillary urothelial carcinoma.

The PI3K/AKT signaling pathway is activated alongside the MAPK signaling pathway upon
activation of mitogens binding RTKs. PI3K/AKT pathway regulates homeostatic metabolism and
cell growth, regulating processes such as glucose metabolism and the biosynthesis of
macromolecules essential for cell growth through both direct regulation of nutrient transporters and
enzymes or regulation of transcription factors controlling gene expression of key components of the
metabolic pathways[42, 43]. PIK3CA and PIK3CB are genes in the non-papillary urothelial
carcinoma specific network. PIK3CA encodes the p100a catalytic subunit of PI3K while PIK3CB
encodes a catalytic subunit of PI3K-beta[32]. PIK3CA upregulation has been implicated in bladder
cancer as promoting cell growth, regulating metastasis[44-46]. Specifically, knockdown of PIK3CA
was found to substantially inhibit cell proliferation[46] while overexpression of PIK3CA promoted
bladder cancer cell growth, migration, invasion, and metastasis[45]. Higher levels of PIK3CA
expression were associated with worse prognosis[45]. Subsequent activation of PI3K at the plasma
membrane by dimerized RTKs causes phosphorylation of phosphatidylinositol 4,5-bisphosphate
(PIP2) to produce the secondary messenger phosphatidylinositol 3,4,5-trisphosphate (PIP3).
Downstream of the secondary messenger, proteins including AKT are activated and further promote
additional activity of AKT. AKT, controls cell growth and metabolism either by directly
phosphorylating metabolic enzymes or by modulating expression of transcription factors[32]. The
11™ most significant KEGG term for Network B genes, the PI3K-Akt signaling pathway (adj. p-value
= 0.004), was unique to Network B genes and was not found in the network annotations of either
papillary Networks A or C. This provides evidence that the PI3K/AKT pathway is an important
mechanism for non-papillary urothelial carcinoma and use of PI3K inhibitors may effectively treat
patients with non-papillary urothelial carcinoma. Several PI3K inhibitors have been launched to treat
breast cancer (Alpelisib), follicular lymphoma (Copanlisib), and chronic lymphocytic leukemia
(Idelalisib). PI3K inhibition has been found to suppress growth, migration, and colony formation of
bladder cancer cells in vitro[46].

Overexpression of RHOA, a member of the Rho family of small GTPases that regulates cell
attachment, motility, and shape[32], has been associated with bladder cancer cell proliferation and
metastasis[47-49]. RHOA is a hub gene unique to the non-papillary urothelial carcinoma consensus
network. Ras-induced RhoA and NF-kappaB activation was implicated in promoting the invasion
and migration of bladder cancer cells[50]. PAK proteins, including PAK/ which was unique to the
non-papillary consensus network, critically link Rho GTPases, including RhoA, to cytoskeletal
reorganization and nuclear signaling[51]. PAK has been found to be significantly overexpressed in
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bladder cancer tissue compared to normal bladder tissue[52], and inhibition of PAK/ by miR-145
decreased bladder cancer cell invasion[53]. Thus, while there are no current drugs targeting RHOA,
inhibition of PAK/ may limit bladder cancer progression. There are several drugs targeting PAK/ in
preclinical trials — serine/threonine kinase inhibitor FRAX486, p21 activated kinase inhibitors [PA-3
and NVS-PAKI1-1, and Rho associated kinase inhibitor RKI-1447. These drugs are potential drug
candidates for treating non-papillary urothelial carcinoma. Three of the four hub proteins of Network
B, the non-papillary consensus network — GNBI, RHOA, and FPR2 — have been associated with
worse patient prognosis in other cancers, including gastric cancer[54], bladder cancer[48], lung
cancer[55], and cervical squamous cell carcinoma[56].

Conclusions

In conclusion, two distinct networks specific to urothelial carcinoma architectures identified
in this study suggests that papillary and non-papillary urothelial carcinomas present unique
molecular entities with different biological drivers that can be used as both therapeutic targets and
predictors of disease development. Our findings support that the non-papillary subtype of urothelial
carcinomas may proliferate and thrive via the PI3K/AKT signaling pathway.
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