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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 regions3. 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 FGFR3*°. FGFR3 alterations are associated with more than 60% of NMIBCs



and at least 15% of MIBCs®’. The most common oncogenic mutations include $249C, R248C, and
Y373C, which lead to constitutive activation of FGFR3 signaling, essential for various cellular
processes, such as cell proliferation, migration, and survival, thereby promoting tumour growth.
In addition to mutations or overexpression, FGFR3 is also activated in BC through chromosomal
rearrangements that generate constitutively activated fusion genes, such as FGFR3-transforming
acid coiled-coil 3 (TACC3) fusions resulting from 4p16.3 rearrangements®. Currently, the pan-
FGFR inhibitor Erdafitinib is approved for the treatment of adults with locally advanced or
metastatic urothelial carcinoma harbouring FGFR2 or FGFR3 alterations who have progressed
following chemotherapy®. While an objective response rate of 40% has been reported, the
complete response rate remains low at only 3%, with a median duration of response of 5.6
months'®12, Moreover, clinical trial data indicate that bladder cancer patients with FGFR fusions
exhibit a lower response rate to Erdafitinib than those with FGFR3 activating mutations (16% vs.
49%)*3. These findings highlight that there is still a strong need for new therapeutic options for
patients with FGFR alterations, especially in light of the potential intrinsic}* and acquired
resistance, the latter commonly observed following treatment with tyrosine kinase inhibitors.
Ongoing research efforts are focused on developing more selective agents and evaluating
synergistic pharmacological combinations!>™8, including those involving immunotherapy, as

reviewed by Ascione et al., 2023%°,

Metabolic reprogramming is a recognized hallmark of cancer?®, including bladder cancer?!.
Among the most well-known metabolic alterations in cancer cells are aerobic glycolysis (the
Warburg effect)?2-24, upregulation of the pentose phosphate pathway?>, the anaplerotic use of

glutamine?®, changes in fatty acid and cholesterol metabolism?’, and disrupted reactive oxygen



species (ROS) homeostasis?®. These alterations fulfil the increased demand for energy, building
blocks, reducing power, and signaling molecules required to support rapid growth and ensure
survival under conditions where normal cells do not proliferate or die, such as oxygen and
nutrient limitations and oxidative stress?®>. The primary drivers of these metabolic
rearrangements are the activation of specific oncogenes (including RAS, EGFR, BRAF, cMYC, and
HIF) and the loss of specific tumour suppressors (including TP53), which influence gene
expression of metabolic enzymes or key regulators of metabolism, such as PI3K and AMPK30-33,
These metabolic changes, in turn, impact the cellular transcriptional program by fostering the
acquisition of traits that contribute to tumour progression, including the epithelial-mesenchymal
transition (EMT) and stemness involved in cell invasion, metastasis, and chemoresistance3*. Thus,
the characterization of metabolic alterations supporting tumour maintenance and progression

may allow the identification of novel prognostic factors and/or therapeutic vulnerabilities>37.

In this work, we characterized morpho-functional features (proliferation rate, apoptosis, redox
homeostasis, and migration) and metabolic behaviour (measuring extracellular metabolic fluxes
using NMR and Seahorse technology) of a panel of five human UBC cell lines at various stages
and grades of tumour progression. Integrating transcriptomic and exometabolomic data through
a mathematical model of metabolism enabled the prediction of metabolic fluxes in the cell lines.
In addition to highlighting the metabolic heterogeneity of the UBC cell lines, this analysis revealed
a notable correlation between oncogenic activation of FGFR3 and the acquisition of a
predominantly metabolic oxidative, poorly migratory phenotype, exploitable from the

perspective of metabolic-oriented therapies.



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 FGFR3X65%E
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 turnover38,

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
guantitative 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, I). 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 UMUCS3 cell lines (group Il) (Fig. 2g). Based on the ratio between basal respiration and
basal glycolysis reported in Fig. 2g, FGF3R-wt HT1376 cells maintained a predominantly glycolytic
phenotype (typical of group ll), 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 )82
(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 FGFR3 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*¢, 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



arrows in Fig. 4b), and are consistent with the metabolic fluxes determined by the Seahorse

technology.

Analysis of endo-metabolomic data showed in FGFR3-altered cell lines (i) reduced intracellular
levels of glutamine (Fig. 4a, green arrow), along with an increased intracellular
glutamate/glutamine ratio more pronounced in the J82 cell line (Fig. 4¢c, Supplementary Fig. 3j);
(ii) reduced NADH levels (Fig. 4a, red arrow) indicating higher mitochondrial oxidative
metabolism, in keeping with the Seahorse data; (iii) reduced intracellular lactate/alanine ratio
(Fig. 4d, Supplementary Figure 3h), indicating that pyruvate fluxes are more strongly directed
toward alanine than to lactic fermentation (lactate/glucose ratio in Supplementary Fig. 3g), with

the decreased ratio mainly due to increased alanine levels (Fig. 4a, purple arrow).

Transcriptomic analyses confirm FGFR3-altered UBC cells’ shift toward oxidative
metabolism

To get further insight into the functional role of FGFR3 alteration in the five UBC cell lines, we
performed transcriptomics analysis, focusing on genes differentially expressed between the
FGFR3-wt and FGFR3-altered groups. Gene Set Enrichment Analysis (GSEA) using the Hallmarks
gene sets (50 gene sets summarizing and representing specific well-defined biological states or
processes and displaying coherent expression) (Fig. 5a) showed a downregulation of genes
involved in the epithelial-mesenchymal transition in the FGFR3-altered group, in line with the
results of the wound healing assay shown in Figure 1j. Other gene sets downregulated in this
group referred to cell proliferation (i.e. KRAS signaling, mitotic spindle). Moreover, the FGFR3-

altered group showed an upregulation of the interferon pathways and in several gene sets



involved in lipid metabolism (i.e. mTORC1 signaling, adipogenesis, cholesterol homeostasis, and
fatty acid metabolism) and redox homeostasis, suggesting the role of FGFR3 in these pathways.
Notably, one of the most significant upregulated gene sets in the FGFR3-altered group was
oxidative phosphorylation (Fig. 5a), in line with the predominantly oxidative phenotype observed

with the metabolic analysis previously described.

To further focus on the different metabolic rearrangements characterizing FGFR3-wt and FGFR3-
altered groups, we used a computational pipeline that integrates exometabolomics and
transcriptomics data, i.e. the INTEGRATE model, based on the ENGRO2 core model as a metabolic
network?”%8, selecting constraint-based stoichiometric metabolic models as a scaffold. Transcript
levels were converted into Reaction Activity Scores (RASs), namely enzymatic activities according
to the expression of their associated genes and the relationship among them encoded within GPR
(Gene-Protein-Reaction) associations*. We selected exchange rates of 19 metabolites from
exometabolomics (i.e. alanine, aspartate, cystine, glucose, glutamate, glutamine, glycine,
histidine, isoleucine, lactate, leucine, lysine, methionine, phenylalanine, pyruvate, serine,
threonine, tyrosine, valine) as constraints for the model, in terms of consumed and excreted
metabolites to fuel cell metabolism, and used the upper and lower values of exchange rates as
upper and lower bounds of the corresponding exchange reactions. We then reported the
predicted fluxes on a map showing the main reactions of central carbon metabolism (Fig. 5b),
grouping cell lines for the presence of FGFR3 alterations. The analysis revealed that the FGFR3-
altered group presents upregulation of the second, third, and fourth complexes of the electron
transport chain, along with a higher activity of the TCA cycle, fueled by glutaminolysis, and the

fatty acids B-oxidation, suggesting a high reliance on mitochondrial activity in these cells. On the



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°). 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 FGFR3 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®l. 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 1ACS-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,



cytotoxic effects were limited to RT112, J82, and HT1376 cells, suggesting a greater dependency
on oxidative metabolism in these specific cell lines (Fig. 7g and Supplementary Fig. 6p-t).
Notably, previous Seahorse analysis confirmed that HT1376 possesses a more efficient
respiratory machinery compared to other FGFR3 wild-type cell lines. Consistent with our
hypothesis, OXPHOS inhibition significantly reduced cell viability in the most respiratory cell lines,
including the FGFR3-altered RT112 and J82. Collectively, these findings suggest that targeting
oxidative metabolism may represent a promising therapeutic strategy for FGFR3-altered bladder

cancer.

Discussion

FGFR3 oncogenic activation represents one of the most common genetic alterations in bladder
cancer, particularly prevalent in non-muscle invasive tumours (over 60%) and also detected in
more than 15% of high-grade, muscle-invasive bladder cancers®>°3. Targeted therapies against
FGFR have been developed and are currently approved only for chemotherapy-resistant MIBC
patients®: their limited efficacy, likely due to low selectivity and both intrinsic and acquired
resistance mechanisms®*, highlights the need for continued efforts by the scientific community

to identify more effective treatment options.

This paper investigates metabolic rewiring associated with FGFR3 alterations to identify
metabolic features or vulnerabilities that could be exploited in future precision oncology
interventions. Indeed, changes in metabolic states not only sustain the enhanced growth and
survival of cancer cells?*® but also underlie physiological changes that drive tumour

progression®>>—such as the enhancement of migratory capabilities, epithelial-to-mesenchymal



transition®®>’, stemness®®, and the ability to shape the tumour microenvironment>®*—and
influence the response to pharmacological treatments, including chemotherapy resistance®®62,
Therefore, targeting metabolic states can affect and rewire all the above-reported physiological

alterations that contribute to tumour progression and can improve patient outcomes.

A schematic workflow of the study is presented in Graphical Abstract. Specifically, we analyzed
the metabolic profiles of five human urothelial bladder cancer cell lines at different stages and
grades using an unbiased, top-down systems metabolomics approach that integrates functional
metabolic data and transcriptomics through mathematical modelling®?. The panel includes cell
lines with FGFR3 alterations derived from both non-muscle-invasive (RT112) and muscle-invasive

(J82) bladder cancers.

Integrating Seahorse metabolic flux analysis with NMR-based exometabolomics revealed two
distinct metabolic groups among the five UBC cell lines, reflecting their FGFR3 alteration status,
regardless of tumor grade and stage. This is the first time that Seahorse-derived metabolic
parameters have been systematically linked to NMR-based exometabolomics data, offering new
insights into the relationship between energy metabolism and metabolite exchange dynamics.
The same clustering was achieved using 152 intracellular metabolites identified by LC-MS.
Transcriptomic and exo-metabolomic data were employed to constrain a mathematical model of
metabolism. Overall, the analyses showed that FGFR3-altered cells exhibited an oxidative
metabolic profile, marked by increased glutaminolysis and fatty acid B-oxidation to support the
TCA cycle and mitochondrial ATP production for both biosynthesis and energy needs confirming
the well-established role of glutaminolysis in fuelling oxidative phosphorylation (OXPHQOS) in

mitochondrial-dependent cancer cells®®%4, Additionally, FGFR3-altered cells actively consume



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®4¢, 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®l. 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



death in the FGFR3-altered cell lines RT112 and J82. Only the HT1376 line, the more oxidative
among the FGFR3-wt cell lines, shows cell death upon treatment with the inhibitor. These
pharmacological findings indicate that (i) the FGFR3 gene alteration drives increased
mitochondrial respiration, and (ii) targeting oxidative metabolism may be a viable strategy for

treating FGFR3-altered bladder cancer.

To extend our observations to patient samples and strengthen their clinical relevance, we
leveraged a publicly available transcriptomic dataset of bladder cancer samples stratified based
on the presence of FGFR3 alterations®®. Transcriptomic analysis of both cell lines and patient
samples further showed dysregulation of gene sets associated with cytokine production and
immune response pathways in FGFR3-altered samples, in line with previously published data®”:%8,
In this regard, Ouyang et al. reported that the immunosuppressive phenotype of FGFR3-altered
tumour cells may be driven by enhanced serine synthesis efflux, resulting from upregulation of
serine biosynthesis, particularly involving the reaction catalysed by the enzyme PSAT1. Although
our mathematical model highlighted an upregulation of the PSAT1-catalyzed reaction,
exometabolomics analysis did not detect a significant increase in serine efflux in FGFR3-altered
UBC cell lines. These discrepancies may be due to differences in experimental design: while
Ouyang’s study utilized isogenic models—human T24 and murine MB49 cell lines engineered to
express mutant FGFR3—we compared distinct cell lines with FGFR3 alterations occurring under
different genetic backgrounds. The analyses also revealed that the epithelial-to-mesenchymal
transition (EMT) gene set is downregulated in FGFR3-altered samples. This finding is consistent

with the low lateral migratory capacity observed in FGFR3-altered cell lines, even if it is not in line

with the transwell migration. In fact, 182, which is the cell line that migrates the least laterally in



the wound healing assay, is the one that migrates the most in the transwell assay, and conversely,
the cell line that is fastest at closing the wound, 5637, is the one that migrates the least in the
transwell. These data, although peculiar, are in keeping with the literature®’°, demonstrating

that the two types of migration in bladder cancer depend on different properties.

Then, we mapped onto the mathematical model of the central carbon metabolism ENGRO2 the
differential level of metabolic reaction activities of both the FGFR3-altered bladder cancer cell
lines and patient samples, compared to their FGFR3 wild-type counterparts. Despite the inherent
heterogeneity of clinical samples, including contributions from stromal and immune
compartments, transcriptome-constrained metabolic modeling recreated the metabolic
phenotype observed in vitro. Notably, FGFR3-altered tumors display increased electron transport
chain activity alongside decreased glycolytic reliance, highlighting a shift toward oxidative

phosphorylation.

In summary, our integrative multi-level analyses—covering transcriptomics, endo- and exo-
metabolomics, and metabolic flux measurements—demonstrate a strong connection between
FGFR3 alterations and distinct metabolic and functional reprogramming in bladder cancer,
regardless of tumor grade and stage. Notably, our results suggest that FGFR3 alterations surpass
traditional histopathological classification in defining the metabolic behavior of urothelial
bladder cancer. Pharmacological targeting of FGFR3 signaling and mitochondrial respiration
consistently showed a dependence on FGFR3-driven metabolic states, with inhibition causing
allele-specific cytotoxic effects. This underscores the therapeutic potential of targeting oxidative
phosphorylation in FGFR3-driven tumors, including aggressive and treatment-resistant subtypes,

within a precision oncology framework.



More broadly, this study exemplifies the power of systems biology approaches that integrate
multi-omics and functional data with quantitative modeling to reveal clinically actionable

metabolic vulnerabilities.

Methods

Cell cultures

A panel of five human urothelial bladder cancer cell lines was assembled for this study to cover
different grades (G) and stages (pT) of cancer progression: one NMIBC cell line RT112 (G2 pT<2;
low-grade tumour with moderately differentiated cells, deep invasion of lamina propria), and
four MIBC cell lines 5637 (G2 pT=2; low-grade tumour with moderately differentiated cells
invading muscolaris propria), UMUC3 (G3 pT>2 high-grade tumour with poorly differentiated
cells deeply invading muscolaris propria), HT1376 (G3 pT>2 high-grade tumour with poorly
differentiated cells and deeply invading muscolaris propria) and J82 (G3 pT3 high-grade tumour

with poorly differentiated cells and significant invasion of deeper layers).

RT112 and 5637 cell lines were purchased from American Type Culture Collection (ATCC,
Manassas, VA, USA). UMUC3 and J82 cell lines were purchased from Elabscience (Houston, TX,

USA), while HT1376 cell line was from Sigma-Aldrich.

All cell lines were routinely grown in RPMI-1640 medium (R0883-Merck Life Science, Darmstadt,
Germany) supplemented with 10% fetal bovine serum (FBS, Gibco™-ThermoFisher, Waltham,
MA, USA), 4 mM glutamine, 100 U/mL penicillin, and 100 mg/mL streptomycin, at 37 °C in a

humidified atmosphere of 5% CO,. Cells were passaged when they reached sub-confluence



(typically twice a week) using trypsin-ethylenediaminetetraacetic acid (EDTA). Cells were

maintained in culture for no more than one month (8 passages) after thawing.

Assays on adherent cells were performed in experimental medium: DMEM w/o phenol red
(A1443001-Gibco™-Thermo Fisher Scientific), FBS 10%, 10 mM glucose, 2 mM glutamine, 100

U/mL penicillin and 100 mg/mL streptomycin.

All the cell line cultures were periodically tested for mycoplasma contamination by MycoBlue
Mycoplasma Detector kit (ref. D101-02, Vazyme). Moreover, cell lines were authenticated and
the genetic characteristics were determined by PCR-single-locus-technology (Eurofins Genomics

Europe).

Growth kinetics

Cell proliferation was analysed by growth kinetics: 2.1 x 10 cells were plated in Cell Imaging 24-
well Plates (glass bottom 170 um thick, Eppendorf) in 500 pL of maintenance medium and
incubated at 37 °C and 5% CO; overnight. After 24 h medium was changed, and cells were
transferred to experimental medium. After a medium change, cells were grown for 24, 48 and 72
hours and then stained with Hoechst 33342 (working concentration 1 ug/mL incubated for 15
min at 37 °C and 5% CO;). Cell growth was monitored through imaging acquisitions using
Operetta CLS™ high-content analysis system in brightfield and widefield fluorescence microscopy
using 10x magnification, and total cell count (nuclei positive for Hoechst 33342) was obtained

using the Harmony software.



Growth kinetics under drug treatment

Cell proliferation and mortality were tested in presence of Erdafitinib, an FGFR3 inhibitor (ref.
T3726 Targetmol Chemicals Inc.), or IACS-010759, an ETC complex | inhibitor (ref. HY-112037A,
MedChem Express), at increasing concentrations (0.5, 5, 50, 500 nM for both drugs). Cell number
was monitored as explained above, staining cells with Hoechst 33342, at 24, 48 and 72h after
medium change. To evaluate mortality, cells were stained using Propidium lodide (PI, working
concentration 5 pg/mL, incubated with Hoechst 33342 for 15 min at 37 °C and 5% CO). Cell
mortality (%) was obtained as ratio between Hoechst- and PI-positive nuclei and Hoechst-positive

nuclei using the Harmony software.

Cell volume and cell protein content

1.4 x 10° cells/well were plated onto 6-well plates in maintenance medium and incubated at 37
°C and 5% CO; overnight. The next day, medium was changed to experimental medium, and cells
were grown for 2 days. Cells were then detached using trypsin-EDTA, and suspensions were
filtered through 70 um filters, centrifuged, and resuspended in PBS. Live cells were counted using
trypan-blue exclusion technique, and percentage of dead cells was calculated. Cell volume was
determined using Coulter counter-Z1 Dual Cell and Particle Counter (Beckman Coulter, Life
Sciences, CA, United States). For sample analysis, 2 x 10° live cells were diluted in 10 mL of 0.9%

NaCl solution, mixed and read at the instrument. Each sample was read in technical duplicate.

Determination of protein content was performed using Protein Assay Dye Reagent Concentrate
(#500.0006, Bio-Rad, CA, United States). After cell count, 10° live cells were transferred to a

centrifuge microtube and centrifuged. The supernatant was removed, and cell pellets were



stored at -80°C till the day of the assay. For Bradford assay, samples were thawed, resuspended
in 100 pL of NaOH 1M and incubated for 30 minutes at RT. After the incubation, 100 uL of HCI
1M were added to samples pipetting several times to obtain a homogeneous solution. Bradford
reagent was prepared, and samples and BSA (standard curve) were diluted following
manufacturer’s instructions. VICTOR X3™ microplate reader (Perkin Elmer, MA, USA) was used
to read absorbance of samples at 570 nm. Results were normalized for cell number, adjusting

number of live taken cells with respective dead cells percentages.

Glutathione levels

1.4 x 10° cells/well were plated in 6 well plates in maintenance medium and incubated overnight
at 37 °Cand 5% COz. The next day, medium was changed to experimental medium, and cells were
grown for 2 days. Cells were then detached using trypsin-EDTA, and suspensions were filtered
through 70 um filters, centrifuged, and resuspended in PBS. Live cells were counted using trypan-
blue exclusion technique. 10> cells were then collected and processed following the
manufacturer’s instructions (Glutathione Fluorescent Detection Kit, cat. EIAGSHF, Invitrogen, CA,

USA).

Redox Homeostasis (cytoplasmic ROS)

1.5 x 10* cells/well were plated onto CellCarrier-96 Ultra Microplates 96-well (PerkinElmer) in
maintenance medium and incubated overnight at 37 °C and 5% CO.. The next day, cells were
washed once with 150 uL of PBS with calcium and magnesium and stained with 10 uM H,DCFDA
(20 mM stock in DMSO), incubating the plate for 10 minutes at 37 °C and 5% CO.. Following

imaging acquisition of the dye, cells were stained with Hoechst 33342 (1 ug/mL incubated for 15



min at 37 °C and 5% CO;), and further imaging acquisitions were done using Operetta CLS™ with
40x magnification with widefield fluorescence set-up. Dye quantitative analysis and total cell
count (nuclei positive for Hoechst 33342) were obtained using Harmony software, as previously

reported’?.

Cell death (apoptosis)

8 x 103 cells/well were plated onto a 96 well plate in maintenance medium and incubated
overnight at 37 °C and 5% CO,. The next day, medium was changed to experimental medium,
supplemented with 2 uM of CellEvent™ Caspase-3/7 Detection Reagent (C10427, Invitrogen™-
Thermo Fisher Scientific), and cells were grown for 24 hours. After 24 hours, cells were stained
with Hoechst 33342 (working concentration 1 pug/mL incubated for 15 min at 37 °C and 5% CO),
and counted using Harmony software (nuclei positive for Hoechst 33342). Mean CellEvent™

intensity per cell was then calculated.

Lateral migration

Cell lateral migratory capacity was tested using a wound healing assay, i.e. capacity of cells to

close a wound in a cell monolayer (or scratch). The assay was performed as follows:

Day -2: cells, previously plated at a density of subconfluence, were stained for 30 minutes at 37
°C with 5 uM CellTracker™ Red CMTPX Dye (C34552, stock 10 mM in DMSO, Invitrogen™-Thermo

Fisher Scientific), preceded and followed by one wash with PBS with calcium and magnesium.

Day -1: cells were detached using trypsin-EDTA as usual and resuspended in experimental

medium. Cells were counted using trypan-blue exclusion technique and plated at confluence



density (2.5x10° cells/well) in 24 well Cell Imaging Plate (glass bottom 170 pum thick, Eppendorf)

in 300 L of final volume.

Day 0: cells are treated with Mitomycin C, to inhibit proliferation, adding 300 uL/well of drug 2x
and incubating for 2h at 37°C. Proper Mitomycin C concentration for each cell line was obtained
from a previous dose-response assessment on the complete panel: for all cell lines a final
concentration of 2.5 uM was used, except for J82 that were incubated with 1 uM final
concentration of Mitomycin C. After the incubation, cells were washed once with PBS; the scratch
was performed with a p10 tip, using a support as guide designed and 3D printed by our lab
(contact authors for the 3D model), and cells were washed again. Then, a volume of 500 uL of
experimental medium, supplemented with 2 uM of CellEvent™ Caspase-3/7 Detection Reagent
(C10427, Invitrogen™-Thermo Fisher Scientific), was added to each well. Wound coverage was
monitored with automatized time-lapse imaging acquisition using Operetta CLS™, acquiring
every entire well of the 24-well plate, both in brightfield and widefield fluorescence microscopy,
using 10x magnification, every ~30 min (time of acquisition of the entire plate) for 24 h with
monitored temperature (37 °C) and atmosphere (5% CO;). Migration speed and migration leading

edge morphology were evaluated using the Harmony software.

Before and after the time-lapse, cell number was determined by staining nuclei with Hoechst
33342 1 pg/mL (H3570, stock 10 mg/mL in water, Invitrogen™-Thermo Fisher Scientific) and

counting with Operetta CLS™ and Harmony software.



Transwell migration
Cell transwell migratory capacity was tested using transwell migration assay, i.e. capacity of cells
to through a membrane insert (insert pores size: 8 um, ref. 3464, Corning). The assay was

performed as follows:

Day -1: 10° cells are plated in a p60 petri dish.

Day 0: cells are treated with Mitomycin C, to inhibit proliferation, changing medium and adding
4mL of drug and incubating for 2h at 37°C. Proper Mitomycin C concentration for each cell line
was obtained from a previous dose-response assessment on the complete panel: for all cell lines
a final concentration of 2.5 uM was used, except for J82 that were incubated with 1 uM final
concentration of Mitomycin C. After the incubation, cells were detached using trypsin-EDTA as
usual and resuspended in experimental medium 0% FBS. Cells were counted using trypan-blue
exclusion technique and plated at concentration of 50 cells/insert in 300 uL of experimental
medium 0% FBS. After 10 minutes of incubation at room temperature, 700 ulL of experimental

medium 1% FBS were added in the lower section.

Day 1: after 18h of transwell migration, cells on the upper side of the membrane were removed
by scraping, and, after 2 washes in PBS, cells were fixed using PFA 4% (incubation 20 minutes at
room temperature) by immersion in a new well with 800 uL of solution. After 2 washes in PBS,
cell nuclei were stained using Hoechst 33342 1 pug/mL (H3570, stock 10 mg/mL in water,
Invitrogen™-Thermo Fisher Scientific) and counting was performed with Operetta CLS™ and

Harmony software. Meanwhile, cells migrated in the lower section and detached from the



membrane were counted by collecting the medium in the lower section and cell number was

determined by trypan-blue exclusion technique.

Cellular bioenergetics

Seahorse assays were performed according to the manufacturer’s instructions. Cells were seeded
onto Seahorse XF plates at a density of 2 x 10* cells/well in maintenance medium and cultured
for 24 h. The next day, the medium was replaced with Seahorse XF DMEM Medium, pH 7.4,
supplemented with 10 mM D-Glucose, 2 mM L-Glutamine and 1 mM Na-Pyruvate and cell

cultures were allowed to equilibrate for 1h at 37 °Cin a no-CO; incubator.

At the end of the Seahorse measurements, Hoechst 33342 was added to each well at the final
concentration of 1 ug/mL and, after 15 min incubation, nuclei/well were imaged and counted by
Operetta CLS™ software Harmony and directly used to normalize the Seahorse parameters per

cell number’2.

The sensor cartridge hydration and loading were performed according to manufacturer’s

instructions.

For the assays, following drugs, and respective concentrations, were used:

e Oligomycin: 1.5 uM

e FCCP: 0.5, 1, 1.5 uM: for the determination of maximal respiration parameter, the FCCP
concentration for each cell line was chosen after a dose-response curve (lowest

concentration with the highest response, see Supplementary Fig. 7a). 0.5 uM was chosen



for RT112 and 5637 cell lines, while 1 uM was chosen for UMUC3, HT1376 and 182 cell

lines.

e Rotenone/Antimycin A: 0.5 uM (both drugs)

Seahorse XF assays parameters calculation

Respiratory parameters:

Basal respiration (MitoOCRgasal) = OCRgasal — OCRRot/anta

Maximal respiration = OCRrccp — OCRRot/anta

Spare respiratory capacity = OCRrcce — OCRBasal

ATP-linked respiration (OCRatp) = OCRBasal — OCRoligomycin

Where:

OCRgasal = last OCR measurement before the first injection

OCReccr = highest OCR value after FCCP injection

OCRRrot/anta and OCRojigomycin = lowest OCR values after Rot/AntimycinA and oligomycin injections

respectively

The determination of glycolytic and ATP production parameters was derived from formulas

presented by Mookerjee et al.”74,

Glycolytic parameters:

Basal glycolysis = PPRayco X BP



Maximal glycolysis = [(ECARRrot/anta/BP) - PPRResp rot/anta] *BP

Glycolytic reserve = Maximal glycolysis — Basal glycolysis

Where:

BP (buffer power) = 0.05714

PPRGcho = PPRTotal_PPRResp

PPRTotaI = ECARBasa//BP

ECARgasal = last ECAR measurement before the first injection

PPRRgesp = [10pH-pK1 37°C/(1+10pH-pK1 37°C)]x1xMitoOCRBgasal

pH = 7.4

pk1 37°C = 6.093

ATP production parameters:

glycoATP = (PPRaiycox1) + MitoOCRBasaix0.242x2

MitoATP = [(OCRa7ox0.908)x2.486 + MitoOCRsasax0.121]x2

Total ATP = glycoATP + mitoATP

ATP production rate Index = glycoATP / mitoATP

To study the effect of Erdafitinib on functional metabolism, cells were treated for 24h before the
assay with increasing concentrations of Erdafitinib (0.5, 5, 50, 500 nM), and a mito stress test

assay was performed according to the manufacturer’s instructions. Concentrations of the drugs



were the following: oligomycin 1 uM, FCCP 0.5 uM for RT112 and 5637 and 1 uM for UMUCS3,

HT1376 and J82 cell lines, Rotenone/Antimycin A 0.5 uM (both drugs).

NMR analysis (exo-metabolomics)

Culture preparation: 1.4x10° cells/well were plated onto 6 well plates in maintenance medium.
The next day, medium was changed to experimental medium (supplemented with 1 mM Na-
Pyruvate), and cells were grown for 2 days. For data normalization, cells grown in parallel to
samples for metabolomics were stained with Hoechst 33342 and nuclei counted with Operetta

CLS™ and Harmony software, obtaining the starting and final numbers of cells.

Media collection: cell media were collected from each sample, centrifuged at 400g x 5 minutes,
to remove residual cells and debris, and stored at -80°C until the NMR analysis. Blank media, at

both the beginning and the end of the assay, were collected as well, and processed as cell media.

Samples for NMR analysis: samples were first thawed at 4 °C. Then, 600 pL of each cell culture
medium were collected and mixed with 60 puL of Imidazole solution (1.095 mM final
concentration in the NMR tube), serving as an internal standard and pH calibrator, along with 60

uL of D,0. The final solution was then transferred to a 5 mm NMR tube for NMR acquisition.

Spectra acquisition: acquisition of *H-NMR spectra was performed using a Bruker Avance 700
MHz spectrometer (Billerica, MA, USA) equipped with SampleXpress Lite autosampler and
Topspin software (version 2.1). The sequence used for acquiring each spectrum was a CPMG filter
to reduce broad signals from proteins and lipids. The sequence used contains a water suppression
with saturation pulses. Presaturation pulses in the sequence reduced the intensity of

exchangeable protons (NH, OH), but their integrals were not used for absolute metabolite



guantification. Other acquisition parameters include temperature at 298K, 16 ppm spectral
window, 128 scans, 4 dummy scans, 2-second relaxation delay, and 3-second acquisition time.

The total duration of each experiment was 22 min.

Spectral analysis: metabolite identification and quantification were performed using Chenomx
NMR Suite 8.5 (Chenomx Inc., Edmonton, AB, Canada). Spectra were processed with a 0.5 Hz line
broadening, followed by manual phase and baseline correction. Signals were manually

deconvoluted using the software's spectra database.

Measurement of the metabolite exchange rates: to properly evaluate variations in extracellular
media metabolites due to intrinsic metabolism, metabolite exchange rates with the culture
medium were evaluated by analysing the ratio between metabolite changes and the area under

the cell growth curve.

Daily consumption or excretion of all quantified metabolites, A[M]{-‘, was calculated after two
days of culture and for all the replicates of the cell lines. The concentration differences were then
converted into mass differences, A[m]é‘, by considering the total volume of the medium. This

was done using the following equation (1):
Alml]f = ([M]f — [MID) -V

where [M]¥ refers to the concentration of the i-metabolite in the k-sample and [M]? to the
concentration in the fresh medium cultured in the same condition. The area (4.) under the
growth curve for each cell line was calculated by integration between the starting (t1) and final

(t2) times of culture, using the following equation (2):



t2 n n
A =J- ng ekt dt = 9 (—2—1)
) In (ny) —In(ng) \n,

where A, refers to the area under the growth curve of cells, k. is the exponential rate, n, is the

initial number of cells, and n, is the number of cells after two days.

Metabolite exchange rates (ERs) were calculated using the following equation (3):

Alm]f

ERK =
L AC

LC-MS analysis (endo-metabolomics)

Culture preparation: 1.4x10° cells/well were plated onto 6 well plates in maintenance medium.
The next day, medium was changed to experimental medium (supplemented with 1 mM Na-
Pyruvate), and cells were grown for 2 days. For data normalization, cells grown in parallel to
samples for metabolomics were stained with Hoechst 33342 and nuclei counted with Operetta

CLS™ and Harmony software, obtaining the starting and final numbers of cells.

Metabolite extraction: cells were quickly rinsed with NaCl 0.9% and quenched with 500 pL ice-
cold 70:30 acetonitrile:water. Plates were placed at -80 °C for 10 min, then cells were collected
by scraping and sonicated 5 seconds for 5 pulses at 70% power twice. Samples were placed at -
80 °C for 10 min and then sonicated 5 seconds for 5 pulses at 70% power twice. Samples were

centrifuged at 12000g for 10 min and supernatants were collected in a glass insert and dried in a



centrifugal vacuum concentrator (Concentrator plus/Vacufuge plus, Eppendorf) at 30 °C for

about 2.5 h. Samples were then resuspended with 150 pL H,O prior to analyses.

LC-MS analysis: LC separation was performed using an Agilent 1290 Infinity UHPLC system and
an InfintyLab Poroshell 120 PFP column (2.1 x 100 mm, 2.7 um; Agilent Technologies). Mobile
phase A was water with 0.1% formic acid. Mobile phase B was acetonitrile with 0.1% formic acid.
The injection volume was 10 plL and LC gradient conditions were: 0 min: 100% A; 2 min: 100% A;
4 min: 99% A; 10 min: 98% A; 11 min: 70% A; 15 min: 70% A; 16 min: 100% A with 2 min of post-
run. Flow rate was 0.2 ml/ min and column temperature was 35 °C. MS detection was performed
using an Agilent 6550 iFunnel Q-TOF mass spectrometer with Dual JetStream source operating in
negative ionization mode. MS parameters were: gas temp: 285 °C; gas flow: 14 |/min; nebulizer
pressure: 45 psig; sheath gas temp: 330 °C; sheath gas flow: 12 |/min; VCap: 3700 V; Fragmentor:
175 V; Skimmer: 65 V; Octopole RF: 750 V. Active reference mass correction was done through a
second nebulizer using masses with m/z: 112.9855 and 1033.9881. Data were acquired from m/z
60-1050. Data analysis and isotopic natural abundance correction were performed using
MassHunter Profinder (version 10.0.2). Data preprocessing was performed using the Batch
Targeted Feature Extraction algorithm and Agile 2 algorithm. This software assigned identities to
metabolites by searching against an in-house compound database built with Agilent PCDL
Manager (version B.08.00) based on the metabolite formula and its corresponding retention time
with a score > 75. Peak areas were normalized for cell number for each sample, as explained

above.



Data analysis: data were analysed using MetaboAnalyst 6.0 online tool
(https://www.metaboanalyst.ca/). A statistical analysis [one factor] was performed to generate
the heatmap for FGFR3-altered vs FGFR3-wt comparison. For this analysis, data were processed
as follows. As default suggestion by the tool, features with >50% of missing data were removed.
The remaining missing values were replaced by LoDs (1/5 of the minimum positive value of each
variable). The interquartile range (IQR) was selected as statistical filter. Samples were normalized
by Log transformation (base 10) and scaled using Pareto scaling. Significative metabolites (FDR-
adj p val<0.05) were selected for the heatmap. Comparisons of each metabolite were performed
calculating mean and standard deviation of the two groups, considering each missing value as 0,
and graphing each metabolite cell-normalized mean peak intensities using GraphPad Prism
software. Quantitative enrichment analyses were performed using MetaboAnalyst 6.0 online

tool, using the complete metabolite lists, with relative peak intensities, for the online analysis.

Glycolytic flux measurement

Cells were seeded onto CellCarrier-96 Ultra Microplates 96-well (PerkinElmer) in maintenance
medium at cell density of 1.5 x 10* cells/well and incubated overnight at 37 °C and 5% CO,. The
day after seeding, the medium was replaced with 90 uL/well of experimental medium, and
transfection with CMV-Hylight Biosensor, a fluorescent biosensor for fructose 1,6-bisphosphate
(FBP) where changes in FBP concentration strongly correlate with changes in glycolytic flux, was
performed following the authors' instructions*. CMV-Hylight plasmid was deposited by Richard
Goodman’s lab and purchased from Addgene (Addgene plasmid # 193447,
http://n2t.net/addgene:193447; RRID:Addgene 193447). Cells were transfected using TransIT-

X2® Dynamic Delivery System (Mirus Bio), following the manufacturer’s instructions. After 48



hours post-transfection, cells were stained with Hoechst 33342 (working concentration 1 ug/mL,
incubated for 15 min at 37 °C and 5% CO;), and counted to calculate the transfection efficiency
using Harmony software. Transfection efficiency (%) was calculated as: (Number of Hylight-

positive cells / Total number of nuclei) x100.

Hylight Biosensor acquisition was obtained using two different settings:

1. Excitation 390-420 nm, emission 500-550 nm (excitation at 405 nm results in stronger
emission when FBP is not bound to the biosensor).

2. Excitation 460-490 nm, emission 500-550 nm (excitation at 488 nm results in stronger
emission when FBP is bound to the biosensor).

The transfection efficiency % variates from 0.5% (J82) to 40% (5637) depending on the cell line.
After 72 hours post-transfection, glycolytic flux measurement was performed (on a parallel set
of cells not used for transfection efficiency assessment) as follows: cells were washed with D-PBS
containing Ca®* and Mg?*, then they were starved for 1 hour in experimental medium without
glucose (0 mM) at 37 °C and 5% CO,. Images (16 frames/well) were acquired at 40x magnification
using Operetta CLS™, using the same two-excitations settings reported above. Then, 10 uL/well
of D-(+)-Glucose (Sigma, Cat.G8769) 100 mM was added to 90 ul/well to each well to reach the
final concentration of 10 mM glucose. Cells were acquired 5 minutes after glucose addition. The
same procedure was followed for the addition of oligomycin A (Sigma, Cat.75351) at final
concentration 2.5 uM and 2-Deoxy-D-glucose (2-DG, Santa Cruz Biotechnology CAS 154-17-6) at
final concentration 50 mM. The normalized glycolytic flux was measured as (R, — Ry)/R,, where
Ry is the ratio of mean fluorescence intensity of the Hylight biosensor at ex 488 nm / ex 405 nm
(R = Fags/Fao0s) at timepoint X, and Ry is the same ratio calculated at 0 mM glucose (baseline). The

calculation was performed after selecting the population of transfected cells.



Transcriptomics Analysis

Culture preparation: 1.4x10° cells/well were plated onto 6 well plates in maintenance medium.

The next day, medium was changed to experimental medium, and cells were grown for 2 days.

Sample collection, RNA extraction and digestion with DNase: cells were washed with PBS and
harvested adding 1 mL/well of TRI Reagent™ Solution (AM9738, Invitrogen™-Thermo Fisher
Scientific) to lyse cells. Cell lysates of two wells were pooled. RNA was separated from DNA and
proteins adding 200 pL/tube chloroform. After 7 minutes of incubation at RT, samples were
centrifuged (18000g x 15 mins at 4°C). The aqueous phase was transferred to a new tube, adding
500 uL of 2-propanol, and centrifuged again. Supernatants were separated from pellets (RNA
precipitate) and 1 mL of 75% ethanol was added. Another centrifugation was performed (18000g
x 10 mins at 4°C), and RNA-containing pellet was resuspended in 100 uL of RNase-free water.
RNA solutions were purified using RNeasy Mini Kit (74104, Qiagen) and treated with DNase,

following manufacturer’s instructions.

RNA purity was tested using NanoDrop™ One/OneC Microvolume UV-Vis Spectrophotometer

(Thermo Scientific™).

RNA sequencing analysis: RNA-Seq was performed using lllumina NovaSeq 6000, with an average
of 60 million of uniquely mapped reads per sample. Raw sequences were initially tested using
FastQC (https://www.bioinformatics.babraham.ac.uk/projects/fastqc/). Subsequently, fastq
reads were aligned using GRCh38/hg38 as the reference human genome with the splice-aware
aligner Star’> and the quantMode GeneCounts parameter. Bam alighment files were indexed

using Samtools’®. The sorted, indexed bam alignment files, together with bai indexes, were



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 UMUCL1 cell lines as they represent metastatic stages. We finally excluded KMBC2,
SW1710, and VMCUBI 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 UMUCS3 cell lines), and 6 cell lines

sharing an activating mutation of this gene (647V, HT1197, J82, RT112, RT4, and SW780 cell lines).

TCGA Dataset (Cell 2017°°) was downloaded from https://www.cancer.gov using TCGAbiolinks
package (v2.38.0)’%. 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.



Raw counts for all experimental conditions were subsequently normalized following the standard
DESeq2 workflow to account for sequencing depth and RNA composition (see following

paragraph).

Differential Expression Analysis
Differential expression analysis between FGFR3-altered and FGFR3-wt samples, for the three
experimental groups described above, was performed using the DESeq2 package (v3.21) in R

(v4.5.2)81,

Genes with fewer than 10 total counts across the smallest experimental group were filtered out
prior to analysis. The Wald test was employed for hypothesis testing using parametric dispersion
estimates. The wild-type condition was set as the reference level for comparison (i.e. FGFR3-

altered vs FGFR3-wt).

Log2 fold changes were shrunk using the apeglm adaptive shrinkage estimator to improve effect
size estimates for genes with low counts or high dispersion®2. Multiple testing correction was
applied using the Benjamini-Hochberg procedure, with adjusted p-values < 0.05 considered
statistically significant. Normalized count, calculated by adjusting raw counts by DESeq2 median
of ratios, were extracted using the counts (dds, normalized = TRUE) function for downstream

visualization and reporting.

For gene set enrichment analysis (GSEA), a ranking metric has been defined as the product of the

shrunken log2 fold change and the negative logarithm of the adjusted p-value:

rnk; = log, FoldChange; * (—log,o P.Adjusted,),Vi € 1

where | is the gene set



Gene Set Enrichment Analysis Preparation

For GSEA, a pre-ranked gene list was generated by ordering all genes based on the computed
ranking metric, as described above, in descending order. This ranked list file was exported for use
with GSEA software®. HALLMARK 50 Gene Sets (v2026) have been used to investigate the top
enriched cellular processes. Normalized enrichment scores (NES) have been used for visually

representing GSEA results.

Reproducibility: to ensure full computational reproducibility, all R package versions and
dependencies were tracked using renv84. The complete analysis environment can be restored
using the provided renv.lock file. The complete analysis workflow, related scripts and basic

visualization plot are publicly available at the link reported in “Data availability” section.

Reaction Activity Scores
To properly assess the possible impact of the transcriptomics data on metabolism, in addition to
the classical gene set enrichment analysis, we performed a statistical analysis of the Reaction

Activity Scores (RAS)®.

These features are derived by mapping the gene expression data to a set of metabolic reactions,
organized in a metabolic network model, by means of the Gene Protein Reaction (GPR) rules.
These rules describe the relationship between genes and reactions and among genes possibly
associated with the same reaction. Specifically, the GPRs represent logical formulas describing
how gene products concur to catalyse a given reaction, using Boolean operators. The AND
operator is used when distinct genes encode different subunits of the same enzyme, whereas the

OR operator is used for genes encoding isoforms of the same enzyme. These AND and OR



operators can be combined to describe more complex scenarios involving both isoforms and

subunits.

The RAS scores are calculated by substituting the mRNA abundances in the corresponding GPRs.
Then, the logical expressions are solved by taking the minimum transcript level value when
multiple genes are joined by an AND operator, and the sum of their values when multiple genes
are joined by an OR operator. In the case of GPRs combining both operators, we respected their
standard precedence. Moreover, in case of missing expression value, we decided to solve the

rule “A AND NaN” as A and the rule “A OR NaN” as A.

Using the RAS scores, starting from a set of transcriptomics profiles, we can generate a set of
metabolic profiles, each one consisting of a selected number of RAS scores, each specific for a

metabolic reaction.

The metabolic network model

To properly analyse the fluxomics difference between the cell lines, we used the recently
published metabolic network model ENGRO2%. ENGRO2 contains 469 reactions, 395
metabolites, and 498 genes and represents a follow-up of the core model of human central
metabolism ENGRO12®, For this model, 351 model reactions are associated with a gene-protein-
reaction (GPR) rule. More in detail, there are 200 single-gene GPRs, 98 OR-expression, 17 AND-
expression, and 29 complex rules (i.e., logical expression with both AND or OR operator). With
this model, we can study the possible implications of transcriptomics and exometabolomics on a
selected number of metabolic pathways involved in human central carbon and essential amino

acids metabolism. Moreover, for this model, a manually-curated map (see Supplementary Fig.



7b) is available for mapping statistically significant differences between the RAS and fluxes of two
groups of samples. For the RASs mapping (Fig 6b, Supplementary Fig. 4b and 5), selection of the
significant reactions to be mapped was performed on p-value and Z-score, or fold-change

directly. The formula used to calculate z-score is reported below:

U1 — Uz
01 0Oy
ng n

where u; ,u, are the average RAS for the two groups, o, ,0, the standard deviations, and n, ,n,

the size of the populations.

Regarding the mapping of simulated fluxes (Fig. 5b), we simulated a growth medium condition
in which exogenous metabolites are abundantly available, or possible constrained by
exometabolomics. Exogenous metabolites in the ENGRO2 network include glucose, lactate,

oxygen, water, hydrogen, folic acid, and all essential and non-essential amino acids.

From ENGRO?2 to cell-relative constraint-based models

To predict the differences in the fluxes of the five cell lines studied, we used constraint-based
modelling (CBM). CBM is based on a steady state assumption for internal metabolites. Given a M
x N stoichiometric matrix S, with M metabolites and N reactions, and a flux vector v, the steady-
state assumption imposes that S - v = 0. To mimic as closely as possible the biological process in
analysis, we constraint the space of feasible fluxes by means of specific vectors vL and vU, which
specify the lower and upper bounds for the components of the flux vector v, respectively. These
bounds are set according to the differences observed in the experimental datasets, i.e.

transcriptomics and exometabolomics. We distinguished two types of constraints:



e Constraints on exchange fluxes: we set these constraints according to the experimentally
determined fluxes of lactate, glucose, pyruvate, non-essential and essential amino acids.
Specifically, the two values of the exometabolomics (i.e. the two biological replicates) are

used as upper and lower bound of the corresponding exchange reactions.

e Constraints on internal reactions: we set these constraints according to the RAS value.
Assuming that a cell with lower enzyme activity for a given internal reaction r has in
principle a lower capability to carry flux through such reaction, we constrained the

maximum and minimum flux bound vLc and vUc of a given cell-line c as follows:

Urc < RASTc U
_ %
vure maxcRASrc maxve

where RASrc is the RAS value of a given reaction r and a cell-line c. Note that if the RAS value of
a reaction is 0, the corresponding flux is constrained to 0. When the RAS value is different from

0, the reaction can (but it is not obliged) assume a flux different from zero.

Once the five different metabolic networks are created, 10,000 possible flux distributions are
obtained for each network, by uniformly sampling the feasible flux region of each metabolic
model. Finally, we performed a Metabolic Flux Enrichment Analysis to compare the fluxes
between the two groups of samples, using the Mann-Whitney U-test to identify statistically
significant differences and the fold change is calculated considering the difference between
means normalized by the absolute value of the sum. In this way, we always obtain a value

between -1 and 1.



Statistics and Reproducibility

Unless otherwise specified, all experiments were carried out at least in biological triplicate. The
number of technical replicates within each experiment is reported for each assay in figure
legends. Results were expressed as means + standard deviation and variables were compared
using unpaired Student’s t-test, ordinary One-Way ANOVA, Two-Way ANOVA, or general linear
model according to their distribution. A p-value < 0.05 was considered statistically significant. All
statistical analyses were performed using GraphPad version 10 (GraphPad Software, Inc., San

Diego, CA, USA) software.

Data Normalization and Scaling

To ensure equal contribution of all features to clustering, Unit-Variation scaling was applied to

the absolute values of the exchange rates and the Seahorse parameters.

Hierarchical Clustering and Heatmap Generation

A hierarchical unsupervised clustering heatmap was generated in R using the heatmaply package.
Clustering was performed using Euclidean distance as the similarity metric and complete linkage
as the agglomeration method. The heatmap was visualized as an interactive plot with a colour

scale ranging from blue (low relative exchange rates) to red (high relative exchange rates).

Supervised multivariate model

The multivariate analysis of the data was carried out using SIMCA (version 17, Sartorius). The
classification model was built using Orthogonal PLS Modelling (OPLS) in the discriminant version

(OPLS-DA). The variables were the different ERs calculated from Equation (3) and the variables of



the Seahorse analyses. All data were normalized using probabilistic quotients 3 and Unit-

Variation scaled.

We use Variable Importance in the Projection (VIP) to identify metabolites mainly responsible for
the difference. Additionally, ANOVA of the cross-validated residual (CV ANOVA) test was
performed to evaluate the significance of the multivariate model. All these parameters were

calculated using SIMCA.

Data availability

All the numerical source raw data are available in the “Supplementary Data” file.

The exometabolomic and endometabolomic data can be obtained at the following link:

https://osf.io/z5fe9/overview?view only=596e2b3900b445eab3790d67c38e8673

The transcriptomic data can be obtained at the following link:

https://www.ncbi.nlm.nih.gov/sra/PRINA1253429

Code availability

All the scripts used for differential expression analysis and GSEA analysis can be obtained at the

following link:

https://github.com/SimonePonzetto/Ducci.et.al CommsBiol.2026

All the scripts used for the in-silico fluxomics computation are available at:

https://github.com/CompBtBs/BladderCancer FGFR3
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Figure Captions

Figure 1 Alterations in FGFR3 impair lateral cell migration but do not correlate with other functional
properties. (a) Representative images of 2D cultures from bladder cancer cell lines and table resuming
classification in terms of staging, grading and presence of alteration of FGFR3 (cell lines presenting an
alteration in FGFR3 are marked with diagonal lines). Scale bar is 50 um. (b) Growth rate constants of the
five UBC cell lines. (c,d) Glutathione levels in UBC cell lines: free reduced glutathione (free GSH, c), ratio
between free GSH and total glutathione (d). (e,f) Representative images of cells stained with DCFDA dye
(e) and analysis of intracellular ROS concentration measured as DCFDA intensity per cell (f). Scale bar is
100 pm. (g,h) Representative images of cells stained with CellEvent dye (g) and analysis of cell death by
apoptosis measured as CellEvent intensity per cell (h). Nuclear staining (Hoechst 33342) is shown in (g)
the lower panel for reference of the total cell number. Scale bar is 200 um. (i,j) Representative images of
lateral migration (i) and analysis of average migration speed (j). Scale bar is 200 um. (k,I) Representative



images of transwell migration inserts (k) and analysis of transwell migrated cells (I). Scale bar is 1 mm. All
the results are shown as mean + standard deviation. Results are mean of 2-4 experimental replicates and
a total of 5-17 technical replicates. Statistical test: ordinary one-way ANOVA, * for p < 0.05; ** for p < 0.01;
*** for p < 0.001; **** for p < 0.0001.

Figure 2 Alterations in FGFR3 correlate with a predominantly oxidative phenotype. Cell lines
presenting an alteration in FGFR3 are marked with diagonal lines. (a-h) Parameters measured using
Seahorse technology: basal respiration (a), maximal respiration (b), spare respiratory capacity (c), basal
glycolysis (d), maximal glycolysis (e), glycolytic reserve (f), ratio between basal respiration and basal
glycolysis (g), ATP production rate index, or ratio between glycoATP and mitoATP production rates (h). (i)
Unsupervised hierarchical clustering of the five UBC cell lines based on Seahorse data, normalized through
UV scaling. Red shades indicate higher-than-average values, while blue shades represent lower-than-
average values relative to the dataset mean. White regions correspond to values near the mean. Variables
are referred as: BasalR = basal respiration; MaximalR = maximal respiration; MitoATP = ATP produced by
mitochondrial respiration; SpareR = spare respiratory capacity; BasalG = basal glycolysis; SpareG =
glycolytic reserve; MaximalG = maximal glycolysis; GlycoATP = ATP produced by glycolysis; ATPIndex =
GlycoATP/MitoATP. (j) Glycolytic flux measured by imaging analysis using Hylight Biosensor, a fluorescent
biosensor for fructose 1,6-bisphosphate (FBP), under baseline condition and after the sequential addition
of glucose 10mM, oligomycin 2.5 pM and 2-Deoxy-D-glucose (2-DG) 50 mM. (k) Unsupervised hierarchical
clustering of the five UBC cell lines based on exometabolomic data, normalized through UV scaling. Red
shades indicate higher-than-average values, while blue shades represent lower-than-average values
relative to the dataset mean. White regions correspond to exchange rates near the mean. All abbreviations
are reported in Supplementary Table 2. (I-n) Linear regression analysis between basal respiration from
Seahorse technology and glutamine consumption from exometabolomics (l); basal glycolysis from
Seahorse technology and glucose consumption from exometabolomics (m); basal glycolysis from Seahorse
technology and lactate excretion from exometabolomics (n). All the results are shown as mean + standard
deviation. Results are mean of 7-10 experimental replicates and a total of 80-107 technical replicates (a,d);
2-3 experimental replicates and a total of 8-15 technical replicates (b,c); 5-7 experimental replicates and a
total of 41-61 technical replicates (e,f); 3-5 experimental replicates and a total of 18-42 technical replicates
(h). Statistical test: ordinary one-way ANOVA, * for p < 0.05; ** for p < 0.01; *** for p < 0.001; **** for p <
0.0001.

Figure 3 Integration of Seahorse and exometabolomic data. (a) Unsupervised hierarchical clustering of
the five UBC cell lines based on their 24 hour-metabolic exchange rates with the medium, four metabolic
ratios, and the Seahorse parameters. Unit-Variation scaling was applied to normalize the absolute
exchange rates. Red shades indicate higher-than-average exchange rates (either increased consumption
or excretion), while blue shades represent lower-than-average exchange rates relative to the dataset mean.
White regions correspond to exchange rates near the mean. Metabolites and Seahorse metrics are
organized in seven major metabolic clusters. All abbreviations are reported in Supplementary Table 2. (b)
OPLS-DA score plot of FGFR3-alt. (RT112 and J82) and FGFR3-wt (5637, UMUC3, and HT1376) UBC
cell lines based on 48 metabolite exchange rates, 4 metabolic ratios and 11 Seahorse data. (c) Loading
plot displaying the contribution of individual metabolites to the group separation. Red markers represent
metabolites with VIP > 1. OPLS-DA parameters: A= 1+1+0; N x K= 30 x 64; R2X= 0.484; R2Y=0.987; Q2=
0.983; CV ANOVA p-value<<0.001.

Figure 4 Endo-metabolomics analysis corroborates fluxes from Seahorse and exo-metabolomics.
(a) Unsupervised hierarchical clustering of the five UBC cell lines based on endo-metabolomic data. Red
shades indicate higher-than-average values, while blue shades represent lower-than-average values
relative to the dataset mean. White regions correspond to values near the mean. (b) Metabolite enrichment



analysis considering metabolites from endo-metabolomics analysis in the comparison between FGFR3-
altered vs FGFR3-wt cell lines. The analysis shows the 25 most represented metabolite sets, ordered for
statistical significance (-log10 of p-value). (c, d) Ratios of metabolites, namely glutamate/glutamine (c) and
lactate/alanine (d), grouping samples in the comparison FGFR3-altered vs FGFR3-wt cell lines. All the
results are shown as mean + standard deviation. Results are mean of 2 experimental replicates and a total
of 6 technical replicates for each cell line. Statistical test for graphs in panels ¢ and d: unpaired Student’s t-
test, * for p < 0.05.

Figure 5 Transcriptomic analyses on our UBC cell line panel confirm FGFR3-altered BC shift toward
oxidative metabolism. (a) Gene Set Enrichment Analysis (GSEA) on transcriptomic data using the 50
Hallmark gene sets. Significative gene sets were selected for an FDR g-val < 5% and ordered for
Normalized Enrichment Score (NES). (b) Map representing fluxes’ prediction of main metabolic reactions
using ENGRO2 model*"“8, Purple and yellow arrows represent respectively down-regulated and up-
regulated reactions in the FGFR3-altered compared to the FGFR3-wt group, setting fold change > 1.2 and
p-value < 0.05 as thresholds.

Figure 6 A computational analysis performed on transcriptomic data from the BC patient’s dataset
(TCGA, Cell 2017) corroborates experimental results on cell lines. (a) Gene Set Enrichment Analysis
(GSEA) on transcriptomic data using the 50 Hallmark gene sets. Significative gene sets were selected for
an FDR g-val < 5% and ordered for Normalized Enrichment Score (NES). (b) Mapping of RASs using
ENGRO2 model*’#8, Purple and yellow arrows represent respectively down-regulated and up-regulated
reactions in the FGFR3-altered compared to the FGFR3-wt group, setting z-score > 0.5 and p-value < 0.05
as thresholds.

Figure 7 FGFR3 and OXPHOS pharmacological inhibition in UBC cell lines. (a, b) Viable cell number
(a, cell count at t0=1) and cell mortality (b, vehicle mortality=0) and cell mortality (g, showed as vehicle
mortality=0) after 72h of treatment with increasing concentrations of FGFR3 inhibitor Erdafitinib (0.5, 5, 50,
500 nM). (c-e) Respiratory parameters measured through Seahorse analysis on cells after 24h of treatment
with increasing concentrations of Erdafitinib (0.5, 5, 50, 500 nM). Basal respiration (c, vehicle=1), maximal
respiration (d, vehicle=1), ATP-linked respiration (e, vehicle=1). (f, g) Viable cell number (f, cell count at
t0=1) and cell mortality (g, vehicle mortality=0) after 72h of treatment with increasing concentrations of ETC
complex | inhibitor IACS-010759 (0.5, 5, 50, 500 nM). All the results are shown as mean * standard
deviation. Results are mean of 2-3 experimental replicates and a total of 6-9 technical replicates. Statistical
test: ordinary two-way ANOVA (a,b,f,g), ordinary one-way ANOVA (c-e), * for p < 0.05; ** for p < 0.01; ***
for p < 0.001; **** for p < 0.0001.



Editor Summary

A multi-omics study demonstrates that FGFR3 oncogenic activation drives oxidative metabolic
reprogramming in bladder cancer. These findings highlight a vulnerability to mitochondrial
inhibitors as a precision therapy for FGFR3-altered tumours.
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Gene Set Enrichment Analysis in our cell line panel
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