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Abstract

Bladder cancer is one of the most common malignancies worldwide, impacting public health
systems due to its high rate of recurrence. Metabolic alterations enable the identification of
novel, needed prognostic markers and therapeutic vulnerabilities for precision oncology. Here,
we use a systems metabolomic approach that integrates metabolic functional data with multi-
omics, transcriptomics and metabolomics, through biostatistics and mathematical modelling to
characterise metabolic rearrangements associated with FGFR3 oncogenic activation, one of the
most frequent lesions in bladder cancer. The analyses conducted on a panel of five human
bladder cancer cell lines reveal a significant correlation between FGFR3 alterations and the
acquisition of a predominantly oxidative, poorly migratory phenotype, regardless of tumour
progression. These preclinical results, validated through FGFR3 and oxidative phosphorylation
pharmacological inhibition, and computational analysis on bladder cancer cell line and patient
publicly available datasets, support the therapeutic potential of targeting oxidative metabolism

in FGFR3-altered tumours, including more aggressive subtypes.
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Introduction

Bladder cancer (BC) is the ninth most common cancer diagnosed worldwide. Global Cancer
statistics (GLOBOCAN2022) revealed an incidence of approximately 614,000 new BC cases (3.0%
of all cancer types) and 220,000 deaths (2.3% of all cancer-related deaths) occurring in 2022%. BC
is more common in men, ranking sixth for incidence and ninth for cause of cancer death.
Urothelial Bladder Carcinomas (UBC), also known as Transitional Cell Carcinomas, account for
90% of all BC diagnosed cases?. These cancers typically originate in the urothelial layer and may
progress as the stages advance, directly invading the subepithelial connective tissue
(submucosa/lamina propria), muscular layers, and serosa. These cancers can spread directly to
nearby pelvic structures, such as prostate, urethra, vagina, uterus, and bowel. Lymphatic spread
can occur through lymph nodes in the obturator, presacral, iliac, and para-aortic regions®. About
75% of UBC patients, classified as non-muscle-invasive bladder cancer (NMIBC), experience a
condition where the disease is limited to the mucosa (pTa, Tis) or lamina propria (pT1). The
remaining 25% of newly diagnosed urothelial bladder tumours, classified as muscle-invasive
bladder cancer (MIBC), invade the bladder's muscle wall (pT2-pT4), a condition associated with
significantly reduced life expectancy. Currently, the only molecular marker contributing to the
stratification of BC patients, crucial for directing them to targeted treatments, is the presence of
gain-of-function alterations of the tyrosine kinase receptors FGFR (Fibroblast Growth Factor

Receptor), particularly FGFR34°, FGFR3 alterations are associated with more than 60% of NMIBCs
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Results

Alterations in FGFR3 impair cell lateral migration but do not correlate with other functional

properties

To identify morphological and functional features associated with FGFR3 gene alterations, we
assembled a panel of five human UBC cell lines representative of different stages and grades of
tumour progression, including both wild-type and FGFR3-altered cell lines. A NMIBC low-grade
cell line RT112 carries a FGFR3-transforming acid coiled-coil 3 (TACC3) fusion. Four MIBC cell lines
include the low-grade 5637 cell line (FGFR3-wt gene), and three high-grade cell lines: two with a
wild-type FGFR3 gene (UMUC3 and HT1376) and one carrying the gain-of-function FGFR3X652F
mutation (J82). Figure 1a and Supplementary Table 1 summarize the main features of the five

cell lines.

We first analysed properties related to tumour progression, including proliferation rate, oxidative

stress, apoptosis, and migration.

Growth kinetics (Supplementary Fig. 1a) highlighted that the proliferation rate of the five UBC
cell lines does not correlate with FGFR3 alteration. In fact, all the cell lines of the panel have
similar proliferation rates except for HT1376 and J82 cells, which show a significantly lower
growth rate (Fig. 1b). Note that cell size measured as protein content (Supplementary Fig. 1b)
and cell volume (Supplementary Fig. 1c), and chromosome number/degree of aneuploidy
(Supplementary Table 1), varied significantly among cell lines with similar cell proliferation rates.
For example, the smallest cells in the panel, 5637 (G2 pT2), proliferate just as fast as RT112 (G2

pT<2) and UMUC3 (G3 pT>2), which have approximately double protein content and different



aneuploidy degrees. This evidence demonstrates that, in addition to cell size, other factors
contribute to controlling the proliferation rate of bladder cancer cell lines of our panel, which

likely include signaling pathways and metabolic exchange rates, routes, and turnover®,

To assess the impact of FGFR3 alteration on redox homeostasis in UBC cell lines, we quantified
glutathione by enzymatic assay (Fig. 1c, d and Supplementary Fig. 1d, e) and cytoplasmic ROS by
quantitative imaging on DCFDA-stained cells (representative images and graph in Fig. 1e, f). This
analysis showed that NMIBC cell line RT112 has higher GSH levels and lower ROS levels than the
MIBC cells (5637, UMUC3, HT1376, and J82), which correlated with reduced apoptosis measured
as positivity to the fluorescent probe CellEvent (representative images and graph in Fig. 1g, h).
Note that none of these parameters regarding redox homeostasis correlate with the presence of

FGFR3 alterations.

Finally, wound healing experiments highlighted that a low lateral migration rate correlates with
the presence of FGFR3 alterations. In fact, among the four MIBC cell lines, only J82 carrying an
altered FGFR3, showed low migratory capacity similar to the FGFR3-altered NMIBC cell line RT112
(Fig. 1i, j). However, lateral migration does not correlate with transwell migration capacity (Fig.
1k, 1). Indeed J82 cell line is the most efficient in transwell migration, indicating that lateral and
transwell migration are different properties. These data are consistent with literature findings
(Liu et al. 2021; Pang et al. 2019). Notably, we previously demonstrated that the five UBC cell
lines were separated based on staging for the presence of tunneling nanotubes (TNTs), open
membranous channels which are involved in the transport of several cellular components and

organelles, such as mitochondria®®. Specifically, only cultures from the four MIBC cell lines,



independently from the presence of FGFR3 alteration, were characterized by these functional

nanostructures interconnecting the cells.

Alterations in FGFR3 correlate with a predominantly oxidative phenotype
After analysing the morpho-functional properties of the UBC cell panel, we focused on the

characterization of the metabolic features potentially affected by FGFR3 alterations.

First, we analysed cellular bioenergetic parameters using Seahorse technology, which allows real-
time measurements of oxygen consumption and extracellular acidification rates that account for
mitochondrial and glycolytic activities respectively in live cells. The analyses were performed
using a pharmacological perturbation protocol, which allows the calculation of basal, maximal,
and spare (residual) mitochondrial respiratory (Fig. 2a-c) and glycolytic (Fig. 2d-f) capacity,
normalized on cell number, as described in the Materials and methods section. We calculated
the relative use of oxidative and glycolytic metabolism, which defines the predominant energy
phenotype, as the ratio between basal mitochondrial respiration and basal glycolysis, as shown

in Fig. 2g. Note that this parameter is independent of the normalization method.

Seahorse analysis showed that the NMIBC cell line RT112 has a mainly oxidative metabolism (high
basal and maximal mitochondrial respiration, low basal and maximal glycolysis Fig. 2a-g), while
MIBC cell lines showed a more heterogeneous metabolism. Specifically, 5637 and UMUC3 cells
showed the lowest basal and maximal mitochondrial capacity (Fig. 2a, b) and predominantly used
glycolytic metabolism (Fig. 2g). Instead, HT1376 and J82 can rely on both efficient mitochondrial
and glycolytic machinery (high maximal respiration and maximal glycolysis, Fig. 2b, e). However,

while J82 cells in basal conditions made little use of glycolysis, displaying a predominantly



oxidative metabolic phenotype like RT112 (high basal respiration, low basal glycolysis Fig. 2a, d
and g), HT1376 cells showed both high basal respiration and glycolysis (Fig. 2a, d), resulting in
the most energetic cell line of the panel. A low basal glycolytic flux in FGFR3-altered UBC cell
lines (RT112 and J82) and HT1376 was observed using the CMV-Hylight Biosensor, a fluorescent
biosensor for fructose 1,6-bisphosphate (FBP)*° (Fig. 2j and representative images in
Supplementary Fig. 2d). Note that this parameter is not normalized per cell and it is in line with
the Seahorse basal glycolysis parameter normalized on protein content (Supplementary Fig. 2e,

f).

Metabolic differences were also assessed in terms of ATP production through mitochondrial
respiration or glycolysis, with RT112 and J82 cells, both carrying FGFR3 alterations, endowed with
an ATP production rate index (glycoATP/mitoATP), independent from the normalization method,
lower of all other cell lines, due to low levels of ATP produced through glycolysis and high levels

of ATP produced through mitochondrial respiration (Fig. 2h and Supplementary Fig. 2a-c).

In conclusion, the five UBC cell lines under study can be divided into two energy metabolic
groups: a predominantly oxidative group consisting of FGFR3-altered RT112 and J82 cell lines
(group 1), and a more heterogeneous but predominantly glycolytic group consisting of FGFR3-wt
5637 and UMUC3 cell lines (group 1) (Fig. 2g). Based on the ratio between basal respiration and
basal glycolysis reported in Fig. 29, FGF3R-wt HT1376 cells maintained a predominantly glycolytic
phenotype (typical of group II), even if the behaviour is borderline. It is interesting to note that
the prevailing glycolytic phenotype correlates with lower spare respiratory capacity, which is the
amount of residual mitochondrial respiration not used in basal conditions but available to

respond to sudden energy needs (Fig. 2c). Unsupervised hierarchical clustering of the five UBC



cell lines, performed considering all the Seahorse data, demonstrated a clear separation of cell

lines according to the FGFR3-activation state (Fig. 2i).

We then analysed metabolites present in the culture medium at 0 and 48 hours of growth using
'H-NMR. We identified and quantified 39 metabolites, 14 of which were consistently consumed,
8 were consistently excreted, and 17 were variably consumed or excreted depending on cell line
(Supplementary Table 2). Firstly, we explored the metabolic correlations among all
exometabolomic variables through an unsupervised hierarchical clustering model, shown in the
heatmap in Figure 2k. We decided to include in the analysis four metabolic ratios reflecting
distinct metabolic behaviours: (i) lactate/glucose, which underscores the extent of the Warburg
effect, namely the reliance on glycolysis for energy production even in normoxic condition®!,
significantly higher in MIBC cell lines (Supplementary Fig. 3a); (ii) lactate/alanine, indicative of
the oxidative status of the cell, reflecting the interplay between glycolysis and pyruvate
transamination, with lower ratios suggesting increased alanine production and a more reduced
intracellular environment??, significantly lower in FGFR3-altered cell lines RT112 and J82
(Supplementary Fig. 3b); (iii) glutamate/glutamine, which measures a cell's relative capacity of
glutaminolysis and actual intracellular usage of glutamate*?, significantly higher in high grade cell
lines (Supplementary Fig. 3c); (iv) glutamate/cystine, highlighting the role of glutamate in cystine
uptake, which is critical for glutathione synthesis and oxidative stress defense®*, significantly

higher in high grade cell lines (Supplementary Fig. 3d).



Unlike Seahorse data, exometabolomic variables showed a more complex clustering that did not
group samples based on the presence of FGFR3 alteration, nor by BC progression (staging or
grading). However, taking a closer look at metabolites involved in energy metabolism, a strong
correlation between metabolite exchange rates and Seahorse parameters was observed (Fig. 2I-
n, Supplementary Fig. 3e), also according to the basal glycolytic flux measured using CMV-Hylight
Biosensor (Supplementary Fig. 3f). Particularly, glucose consumption and lactate excretion
correlated with glycolytic but not respiratory levels, while glutamine consumption paired with

respiratory levels, suggesting a specific use of nutrients for energetic demand.

Starting from these correlations, we combined exometabolomics and Seahorse data using an
unsupervised hierarchical clustering model illustrated in the heatmap in Figure 3a. We applied
Unit-Variation scaling to the absolute values of the exchange rates to ensure that all features
contribute equally to the model, regardless of whether the metabolites were consumed or

excreted.

This analysis revealed structured relationships between Seahorse parameters and NMR-based
exometabolomics data. Specifically, two key clusters (C7 and C11) comprised Basal Respiration,
Maximal Respiration, Spare Respiratory Capacity, and mitochondrial ATP production, closely
associated with glutamine consumption and glutamate excretion. This grouping suggested a link
between intracellular ATP generation related to mitochondrial respiration and glutaminolysis,
one of the main energy routes to fuel TCA cycle and oxidative phosphorylation. Another cluster
(C2) grouped glycolytic ATP production and Basal Glycolysis with glucose consumption and
lactate excretion, reinforcing a connection between glycolytic flux and extracellular glucose and

lactate turnover.



Notably, the hierarchical clustering of UBC cell lines based on their metabolic profiles divided
them into two main groups: one consisting of RT112, and J82 (harbouring FGFR3 alterations),
along with HT1367 (FGFR3 wild-type); the other including 5637 and UMUC3, both FGFR3 wild-
type. Interestingly, although the HT1376 was grouped with the FGFR3-altered cell lines, it
exhibited a heterogeneous metabolic phenotype. Indeed in C2 cluster, including glycolytic
pathway parameters they more closely resemble UMUCS3 cells, which carry wild-type FGFR3 (Fig.

3a).

We then combined exometabolomics and Seahorse data using a supervised multivariate model
analysis based on the presence or absence of FGFR3 alteration. The OPLS-DA model (Fig. 3b, c)
was calculated using the same variables considered in the unsupervised clustering shown in Fig.
3a, scaled by Unit-Variation. This analysis revealed a clear metabolic distinction between FGFR3-
altered and wild-type FGFR3 UBC cell lines (Fig. 3b). Despite J82 cells derive from an aggressive
tumour model, unlike RT112, the OPLS-DA separating FGFR3-altered from FGFR3-wt cells
remains statistically robust, demonstrating that the correlation between metabolic phenotype
and FGFRS3 alteration highlighted in Fig. 2i is highly significant, regardless of grade and stage.
Metabolites and metabolic features mostly contributing to the classification are those with
Variable Importance in the Projection (VIP) > 1 and highlighted in red in the loading plot (Fig. 3c).
FGFR3-wt cells were characterized by high glucose consumption, lactate excretion, ATP index and
lactate-to-glucose ratio, supporting a glycolysis-driven metabolic phenotype. In contrast, FGFR3-
altered cells exhibited high reliance on mitochondrial metabolism, with key contributors
including fumarate and citrate, indicative of enhanced TCA cycle activity. FGFR3-altered cells also

displayed high glutamine and glycine consumption, reinforcing the role of amino acid catabolism



in sustaining oxidative phosphorylation. Increased mitochondrial ATP production, basal
respiration, and maximal respiration further confirmed an acquired shift toward oxidative
phosphorylation in FGFR3-altered cells. Interestingly, FGFR3-altered cells preferentially consume
glycine, whereas FGFR3-wt cells predominantly excrete it. Glycine plays a central role in one-
carbon metabolism, serving as a key precursor for nucleotide biosynthesis, methylation
reactions, and redox balance**48, The differential handling of glycine between these two groups

suggests distinct metabolic demands.

These findings suggest that the heterogeneity observed in exometabolomics, encompassing
various metabolites involved in distinct biological functions, may cover differences specifically
related to energy metabolism. Interestingly, integrating these data with Seahorse analysis

allowed for clearer interpretation, leading to more reliable results.

To explore the intracellular metabolism of the UBC cell lines, complementary to metabolic fluxes,
we performed endometabolomic analysis by LC-MS. Endo-metabolomic analysis identified 152
metabolites. Metabolic correlations among all endometabolomic variables was explored through

an unsupervised hierarchical clustering model, shown in the heatmap in Figure 4a.

Unsupervised clustering showed that the five cell lines are grouped by FGFR3 allelic status,
consistent with the results reported in Fig. 3a (exo-metabolome/Seahorse data integration).
Metabolite enrichment analysis with the MetaboAnalyst software suite indicated that different
pathways involved in energetic metabolism are differentially expressed between the FGFR3-wt
and the FGFR3-altered groups (Fig. 4b). These pathways include the citric acid cycle, glutamate

metabolism, the glucose-alanine cycle, and the mitochondrial electron transport chain (black
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contrary, we observed an upregulation of the whole glycolytic pathway and lactic acid

fermentation in the FGFR3-wt group.

To verify the translatability in bladder tumours of the metabolic features observed in our cell
panel, we extended the computational analysis to publicly available larger bladder cancer sample
datasets, such as (i) the CCLE dataset, which contains bulk transcriptomic data from 17 human
bladder cancer cell lines (11 FGFR3-wt lines and 6 FGFR3-altered lines), including all 5 cell lines of
our UBC panel, and (ii) the TCGA dataset of muscle-invasive bladder cancer samples from 408
patients (TCGA, Cell 2017%9). Firstly, we performed GSEA analysis using the Hallmarks gene sets
previously applied to the transcriptomes of the cells of our UBC panel. Analysis confirmed in CCLE
bladder cancer cell lines (Supplementary Fig. 4a) and in MIBC patient samples (Fig. 6a) a
dysregulation in line with the one observed in our UBC panel. Specifically, oxidative
phosphorylation was upregulated in the FGFR3-altered group, together with adipogenesis.
Moreover, epithelial to mesenchymal transition was one of the most significantly downregulated
gene sets in the FGFR3-altered group, followed by several gene sets related to proliferation and
immune response. Since public datasets containing both transcriptomic and exometabolomic
data from patient samples are unavailable, we could not perform the INTEGRATE-based
computational analysis applied to UBC cell lines reported in Fig. 5b, and proceeded only to map
RASs derived from the transcriptomic data on the ENGRO2 model, grouping BC samples, cell lines
(Supplementary Fig. 4b) and patients (Fig. 6b) by the presence of alterations in FGFR3. We
analogously processed transcriptomic data from our cell panel (Supplementary Fig. 5) for a direct
comparison. The analysis revealed in both patient samples and our cell models an upregulation

of complexes of the electron transport chain in the FGFR3-altered group, along with a



downregulation of glucose fermentation bottleneck reactions i.e. glucose intake, glucose
phosphorylation to glucose-6-phosphate and lactate production from pyruvate, supporting the

energetic shift toward oxidative metabolism in bladder cancer cells carrying altered FGFR3.

FGFR3 and OXPHOS pharmacological inhibition in UBC cell lines

To validate the correlations between FGFR3 alterations and OXPHOS enhancement, previously
identified through functional, omics, and computational analyses, we evaluated the impact of
FGFR3 inhibition on UBC cell lines. Specifically, we assessed cell proliferation and
viability/mortality via growth kinetics, alongside mitochondrial bioenergetics using Seahorse XF
technology, in cells treated with increasing concentrations of Erdafitinib, a pan-FGFR inhibitor
approved for the treatment of adults with locally advanced or metastatic urothelial carcinoma
harbouring FGFRS3 alterations. Consistent with our findings, Erdafitinib exerted dose-dependent
antiproliferative and cytotoxic effects selectively on the FGFR3-altered RT112 and J82 cell lines
(Fig. 7a, b and Supplementary Fig. 6a-j), with the latter showing lower sensitivity according to
the literature®®. Seahorse XF analyses, performed on cells treated with Erdafitinib for 24 hours
(the time at which no effect on cell viability was observed), showed a significant reduction in both
basal and maximal mitochondrial respiration in these two cell lines, supporting the hypothesis
that FGFR3 gene alteration drives increased mitochondrial respiration (Fig. 7c, d). Notably, a
significant reduction of ATP produced via mitochondrial respiration was observed only in

Erdafitinib-treated RT112 cells (Fig. 7e).

We further investigated the effects of pharmacological inhibition of mitochondrial respiration
using IACS-010759, a clinical-stage Complex | inhibitor. Treatment induced a dose-dependent

antiproliferative effect across all tested cell lines (Fig. 7f and Supplementary Fig. 6k-0). However,
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glycine, a crucial precursor for TCA cycle intermediates and glutathione synthesis, indicating its
role in anaplerosis and oxidative stress defense, typical of tumors dependent on oxidative
phosphorylation®®, In contrast, FGFR3-wt cells displayed a glycolytic phenotype with high glucose
consumption dedicated to lactate fermentation for ATP generation, and elevated excretion of
formate, glycine, and myo-inositol, pointing to an upregulated one-carbon metabolism essential
for nucleotide synthesis and amino acid turnover, characteristic of tumors exhibiting the Warburg
effect®>46. Notably, FGFR3-wt cells also had low spare respiratory capacity, i.e., the residual
OXPHOS not used under basal conditions but available to meet sudden energy demands. Low
spare respiratory capacity may indicate mitochondrial exhaustion even when basal mitochondrial
respiration appears normal®, justifying the common reliance on glycolysis. Conversely, FGFR3
alterations appear to enhance mitochondrial plasticity by increasing spare respiratory capacity.
While a higher spare capacity often implies metabolic resilience, this shift also reflects a profound
rewiring toward an active oxidative phenotype. This increased engagement of mitochondrial
respiration in FGFR3-altered cells may create a specific metabolic vulnerability, rendering them

susceptible to mitochondrial inhibitors.

Here, we report pharmacological results that align with these observations.

The specific FGFR3 inhibitor erdafitinib exerts a dose-dependent cytotoxic and antiproliferative
effect only in cells with an altered FGFR3 gene (RT112 and J82, Fig. 7). The lower sensitivity of
the J82 cells aligns with existing literature, which suggests that these cells have some intrinsic
resistance to FGFR3 pharmacological treatment®. This cytotoxic effect is accompanied by a
reduction in both basal and maximal mitochondrial respiration. Furthermore, pharmacological

inhibition of mitochondrial respiration with IACS-010759, currently in clinical trials, induces cell
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subsequently used for manual inspection of the aligned data using the Integrative Genomics

Viewer?”.

Computational Analysis

Starting from omics data, computational analysis and integration was performed. In addition to

transcriptomic data from our cell lines panel, two more datasets were considered and analysed.

CCLE dataset was downloaded from https://sites.broadinstitute.org/ccle; the dataset was
filtered to retain the cell lines of interest and with available metadata for accurate comparison
being FGFR3-altered (6 cell lines) vs FGFR3-wt (11 cell lines). In detail, among all the cell lines in
this dataset, we selected all the cell lines with "bladder" as site subtype, obtaining a list of 25 cell
lines. We then excluded the HS172T cell line, as they are classified as fibroblast cell line. SCaBER
cell line was excluded as it is established from a squamous cell carcinoma. We excluded 253J,
253J-BV and UMUCL cell lines as they represent metastatic stages. We finally excluded KMBC2,
SW1710, and VMCUBL1 cell lines as the complete classification in terms of stage and grade is not
defined. We obtained a list of 11 cell lines presenting the wt form of FGFR3 (5637, BC3C, BFTC905,
CAL29, HT1376, JMSU1, KU1919, T24, TCCSUP, UBLC1, and UMUC3 cell lines), and 6 cell lines

sharing an activating mutation of this gene (647V, HT1197, )82, RT112, RT4, and SW780 cell lines).

TCGA Dataset (Cell 2017°°) was downloaded from https://www.cancer.gov using TCGAbiolinks
package (v2.38.0)"8. The dataset was filtered to retain only BLCA patient samples, for a total of

57 FGFR3-altered and 351 FGFR3-wt MIBC samples.



Batch correction and data normalization

To evaluate the explanatory strength of FGFR3 alterations, a variance partition analysis (VPA)™
was performed across all datasets. The analysis revealed a modest effect size, suggesting that
other covariates are contributing substantially to the observed variance. This outcome

underscores the necessity for careful statistical control in subsequent analyses.

Differential expression analysis for lab cell lines was conducted by building a simple design matrix,
just considering condition (FGFR3 mutational status: altered vs wild-type); given the reduced cell
line panel no other variables were considered within the contrast matrix to avoid overcorrection

due to collinearity between independent covariates.

CCLE dataset, retained 17 cell lines after manual curation. Given the larger number of lines and
since VPA revealed a moderate variance explanatory power for FGFR3 as variable of interest, a
Surrogate Variable Analysis®® shall be performed to mitigate the masking effect for other
confounding factors so to extract clean and meaningful results from DEA and GSEA. Invasiveness
(stage), since a co-variate of interest and since its explained variance surpass FGFR3 will be kept
as random effect for modelling. Leek method was applied to extract 1 surrogate variable (SV) as

the optimal number.

TCGA dataset also required batch correction given highly plausible patient variability, thus the
same approach was employed for consistency across analyses; Leek method was applied and
determined 1 surrogate variable as the optimal number. The SV was then incorporated into the

contrast matrix before proceeding with differential expression analysis.
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