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The genomic and transcriptomic landscape
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Metastatic urothelial carcinoma (mUC) is a lethal cancer, with limited ther-
apeutic options. Large-scale studies in early settings provided critical insights
into the genomic and transcriptomic characteristics of non-metastatic UC. The
genomic landscape of mUC remains however unclear. Using Whole Exome
(WES) and mRNA sequencing (RNA-seq) performed on metastatic biopsies
from 111 patients, we show that driver genomic alterations from mUC were
comparable to primary UC (TCGA data). APOBEC, platin, and HRDmutational
signatures are the most prevalent in mUC, identified in 56%, 14%, and 9% of
mUC samples, respectively. Molecular subtyping using consensus tran-
scriptomic classification in mUC shows enrichment in neuroendocrine sub-
type. Paired samples analysis reveals subtype heterogeneity and temporal
evolution. We identify potential therapeutic targets in 73% ofmUC patients, of
which FGFR3 (26%), ERBB2 (7%), TSC1 (7%), and PIK3CA (13%) are the most
common. NECTIN4 and TACSTD2 are highly expressed regardless of molecular
subtypes, FGFR3 alterations and sites of metastases.

Although recent significant improvements have been made in the
management of patients with metastatic urothelial cancers (mUC)1–8,
mUC remain incurable and are a major cause of cancer-related
deaths. Patients with mUC are managed with platinum-based
chemotherapy9 and/or PD(L)1 inhibitors1–4. Recently, the ther-
apeutic armamentarium has been enriched with antibody-drug con-
jugates, enfortumab vedotin6, and sacituzumab govitecan7, as well as
the pan FGFR inhibitor erdafitinib8,9. Unfortunately, the prognosis
remains dismal, and all patients eventually succumb to mUC.

In recent years, several large-scale whole exome sequencing
(WES) and transcriptomic analyses have provided critical insights into
molecular alterations and pathways that drive early-stage urothelial

carcinoma, paving the way for precision-medicine care in UC10–12.
These studies have shown that non-metastatic UC can be subgrouped
into several classes with basal- and luminal-like characteristics and
different clinical outcomes13. Additionally, these comprehensive ana-
lyses identified a number of significantly mutated genes and high-
lighted APOBEC-signaturemutagenesis as a critical oncogenic process
in early-stage UC. However, most analyses were performed in early
settings, i.e., non-muscle invasive bladder cancer (NMIBC) and non-
metastatic muscle-invasive bladder (MIBC) cancer samples, while
metastatic cancers,which causenearly all cancer deaths in this disease,
have been less thoroughly investigated, mainly due to the difficulty in
obtaining tumor samples in this fast-growing disease.

Received: 6 March 2024

Accepted: 20 September 2024

Check for updates

A full list of affiliations appears at the end of the paper. e-mail: yohann.loriot@gustaveroussy.fr; maud.kamal@gustaveroussy.fr

Nature Communications |         (2024) 15:8603 1

12
34

56
78

9
0
()
:,;

12
34

56
78

9
0
()
:,;

http://orcid.org/0000-0002-8338-1739
http://orcid.org/0000-0002-8338-1739
http://orcid.org/0000-0002-8338-1739
http://orcid.org/0000-0002-8338-1739
http://orcid.org/0000-0002-8338-1739
http://orcid.org/0000-0003-1466-0950
http://orcid.org/0000-0003-1466-0950
http://orcid.org/0000-0003-1466-0950
http://orcid.org/0000-0003-1466-0950
http://orcid.org/0000-0003-1466-0950
http://orcid.org/0009-0005-5749-0738
http://orcid.org/0009-0005-5749-0738
http://orcid.org/0009-0005-5749-0738
http://orcid.org/0009-0005-5749-0738
http://orcid.org/0009-0005-5749-0738
http://orcid.org/0000-0001-8084-1173
http://orcid.org/0000-0001-8084-1173
http://orcid.org/0000-0001-8084-1173
http://orcid.org/0000-0001-8084-1173
http://orcid.org/0000-0001-8084-1173
http://orcid.org/0000-0003-2535-1010
http://orcid.org/0000-0003-2535-1010
http://orcid.org/0000-0003-2535-1010
http://orcid.org/0000-0003-2535-1010
http://orcid.org/0000-0003-2535-1010
http://orcid.org/0000-0002-8878-4916
http://orcid.org/0000-0002-8878-4916
http://orcid.org/0000-0002-8878-4916
http://orcid.org/0000-0002-8878-4916
http://orcid.org/0000-0002-8878-4916
http://orcid.org/0000-0002-1129-4978
http://orcid.org/0000-0002-1129-4978
http://orcid.org/0000-0002-1129-4978
http://orcid.org/0000-0002-1129-4978
http://orcid.org/0000-0002-1129-4978
http://orcid.org/0000-0003-4345-3598
http://orcid.org/0000-0003-4345-3598
http://orcid.org/0000-0003-4345-3598
http://orcid.org/0000-0003-4345-3598
http://orcid.org/0000-0003-4345-3598
http://orcid.org/0000-0002-5696-6424
http://orcid.org/0000-0002-5696-6424
http://orcid.org/0000-0002-5696-6424
http://orcid.org/0000-0002-5696-6424
http://orcid.org/0000-0002-5696-6424
http://orcid.org/0000-0003-1604-6823
http://orcid.org/0000-0003-1604-6823
http://orcid.org/0000-0003-1604-6823
http://orcid.org/0000-0003-1604-6823
http://orcid.org/0000-0003-1604-6823
http://orcid.org/0000-0003-1678-7410
http://orcid.org/0000-0003-1678-7410
http://orcid.org/0000-0003-1678-7410
http://orcid.org/0000-0003-1678-7410
http://orcid.org/0000-0003-1678-7410
http://orcid.org/0000-0002-5526-077X
http://orcid.org/0000-0002-5526-077X
http://orcid.org/0000-0002-5526-077X
http://orcid.org/0000-0002-5526-077X
http://orcid.org/0000-0002-5526-077X
http://orcid.org/0000-0001-5090-8189
http://orcid.org/0000-0001-5090-8189
http://orcid.org/0000-0001-5090-8189
http://orcid.org/0000-0001-5090-8189
http://orcid.org/0000-0001-5090-8189
http://orcid.org/0000-0001-5795-8357
http://orcid.org/0000-0001-5795-8357
http://orcid.org/0000-0001-5795-8357
http://orcid.org/0000-0001-5795-8357
http://orcid.org/0000-0001-5795-8357
http://orcid.org/0000-0001-9772-4686
http://orcid.org/0000-0001-9772-4686
http://orcid.org/0000-0001-9772-4686
http://orcid.org/0000-0001-9772-4686
http://orcid.org/0000-0001-9772-4686
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-52915-0&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-52915-0&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-52915-0&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-52915-0&domain=pdf
mailto:yohann.loriot@gustaveroussy.fr
mailto:maud.kamal@gustaveroussy.fr
www.nature.com/naturecommunications


As cancer molecular features evolve over time, especially with
drug exposure11, the genomic landscape of early cancers might not be
representative of thatof lethal cancers. Abetter understandingofmUC
will be highly valuable to improve medical strategies for advanced
mUC in the context of precision-medicine. There is thus an urgent
clinical need to compare the genomic characteristics of primary and
metastatic bladder cancers for potentially actionable genomic
alterations.

In this work, we took advantage of three prospective institution-
wide tumor sequencing studies14–16 to analyze the genomic landscape
of metastases from 97 patients withmUC (bothmMIBC andmUTUC)
by performing both whole exome sequencing (WES) and whole-
transcriptome sequencing (RNA-seq) with the following aims: 1- to
decipher both the genome and transcriptome landscape of mUC, 2-
to compare metastases and primary tumors (i.e., muscle-invasive
bladder cancer, [MIBC] from TCGA), and 3- to explore the clinical
relevance of genomic alterations in the context of druggable
alterations.

Results
In order to study the genomic landscape of mUC, we collected demo-
graphic, clinical and treatment data fromurothelial cancer patientswho
underwent prospective tumor DNA and RNA profiling in the context of
three clinical trials between 2012 and 2020: SHIVA01 [NCT01771458]14,
MOSCATO-01 [NCT02613962]15, MATCH-R [NCT02517892]16. The sam-
ple distribution over clinical characteristics and primary tumor type
([UBC] vs [UTUC]) broadly reflects the disease characteristics (Supple-
mentary Data 1, Supplementary Data 2A, B, Fig. 1A). Overall, 111 patients
with mUC were enrolled in the three studies, five patients were
enrolled both MOSCATO and MATCH-R trials and thus 116
samples were obtainedmainly from lymph nodes (n =40), liver (n = 29)
and lung (n = 24) (Fig. 1B). Median age at biopsy was 67 years and
median timebetweendiagnosis ofmetastasis andbiopsywas 13months
(IQR: 7–23).

Genomic landscape of metastatic UC
We first sought to identify the genomic alterations driving metastases
of UC.WESwas performed on 97 samples withmatched germline DNA
from 97 patients (mean coverage 105X, with 86% of target bases cov-
ered >30X). Median inferred cellularity was 0.6 (IQR =0.44–0.78).
Figure 2A describes somatic single nucleotide variants (SNVs), shorts
indels and copy number alterations (CNVs) along with tumor muta-
tional burden (TMB), mutational signatures, fusions, transcriptomic
subtypes and clinical data. We identified 21,124 somatic mutations

(including 20,258 SNVs and866 indels), withmedian somaticmutation
rate of 5.17 mutations (IQR: 4.93; 8.31) per megabase (Mb). Using a
custom algorithm (see supplementary methods) to assess frequent
alterations, the most frequently altered (≥10%) oncogenes were FGFR3
(27%), CCND1 (14%), PI3KCA (14%), ERBB2 (11%) and MDM2 (11%)
(Fig. 2A). The most frequently altered (≥10%) tumor suppressor genes
(TSG) were TP53 (38%), KMT2D (27%), CDKN2A (23%), CDKN2B (21%),
ARID1A (19%), RB1 (18%) KDM6A (16%). Analysis of TERT promoter
reported alterations in 77.5% of the cases. Validated fusions in mUC
sampleswere reported in FGFR3 (n = 4 and 1 patient not included in the
WES analysis also showed a FGFR3 fusion; Supplementary Data 3),
ARID1A (n = 2), PIK3R1 (n = 1) and CREBBP (n = 1) genes. Additional
fusion transcripts were identified involving mismatch-repair (MMR)-
related partner genes (EEA1-RAD50, TAF3-GATA3 and COLQ-PPARG).
Interestingly, four fusion transcripts involving SWI/SNF related part-
ners were detected: ARID1A-ZDHHC18 (n = 2), ARID4B-POLR2D (n = 1)
and CABIN1-SMARCB1 (n = 1) (Supplementary Data 3). Known cancer-
susceptibility genes (e.g, MSH2, MSH6, MLH1, BRCA2) were not fre-
quent in mUC. One sample (M2125) exhibit somatic MSH2/MSH6
mutation. Five genes were significantly mutated (q <0.05) across the
cohort using MutsigCV. All were reported to be drivers in non-
metastatic UC: TP53, CDKN1A, RB1 andKMT2D. RB1 and FGFR3were the
most mutually exclusive gene pair in mUCs (exclusivity score
Φ =0.014). Pathway-based analysis (Supplementary Data 4) showed
alterations in chromatin organization (59%), cell cycle (55%), genome
integrity (52%), RTK-MAP (48%), PI3K-AKT (36%), transcription factors
and regulators (20%), Hippo (16%) and apoptosis (13%) path-
ways (Fig. 2B).

A recent study suggested that UC patients harbor a high pre-
valence of putative deleterious germline variants that truncate tumor
suppressor proteins17. We thus analyzed germline DNA in order to
detect small germline variations in 66 tumor suppressor genes (TSG)
of interest18. Five validated germline variants in RAD51D, FANCI, ATM,
TP53 and FANCC were identified in 4 cancer predispositions genes (4%
of all patients) (Supplementary Data 5).

Comparison with early UBC (eMIBC) from TCGA
To gain insight into overall genomic differences between primary and
mUC,we restricted our analysis to themMIBCsubgroup (n = 68) of our
metastatic cohort and compared the genomic landscape of mMIBC
cohort with the TCGA dataset10 (thereafter defined as eMIBC). We
reanalyzed the TCGA raw data with the same pipeline used for mUC
samples and showed that our pipeline provides similar data to that of
TGCA (correlation =0.9, p = 2e−16, Wilcoxon–Mann–Whitney test)
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Fig. 1 | Study design and biopsy sites. A Study design. B Biopsies’ sites. WES Whole Exome Sequencing. Adapted from Servier Medical Art under the licence Creative
Commons Attribution 3.0 France.
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Fig. 2 | Genomic alterations in mUC. A Driver gene mutations in mUC. Clinical
features, immunohistochemical subgroups, and somatic genetic alterations iden-
tified in 97 mUC subjected to whole-exome sequencing. The effects of the somatic
alterations are color-coded according to the legend. B Main altered pathways in
mUC. Frequently altered genes were regrouped into specific signaling pathways

detailed in Supplementary Table 4. Clinical features, immunohistochemical sub-
groups, and somatic genetic alterations identified in 97 mUC subjected to whole-
exome sequencing. ICI Immune Checkpoint Inhibitor. Differential analysis between
groups was performed using Fisher’s exact test, and Benjamini–Hochberg correc-
tion, two-sided. Source data are provided as a Source Data file.
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(Supplementary Fig. 2). In our metastatic cohort, the most frequent
mutational signatures were APOBEC (62%), Platin (14%), HRD (6%),
Deamin-5MC (5%), MMR (5%) and Aflatoxin (5%) (Supplementary
Fig. 3A, B) consistent with the prior exposure to platinum-based che-
motherapy. Following our quality controls (see methods), the
treatment-naïve cystectomydata set included 219 samples eMIBC. The

mMIBC most frequently altered (≥10%) oncogenes were FGFR3 (22%),
CCND1 (13%), ERBB2 (13%), PIK3CA (12%), MDM2 (12%) and E2F3 (10%).
The mMIBC most frequently altered (≥10%) TSG were TP53 (43%),
KMT2D (24%), ARID1A (21%), RB1 (21%), CDKN2A (19%), CDKN2B (18%)
and KDM6A (18%) (Fig. 3A right panel, Supplementary Data 6). The
frequency of altered genes is similar to that reported in eUBC by the
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TCGA10 (Fig. 3A left panel, Supplementary Data 7). Pathway-based
analysis (Supplementary Data 4) in eMIBC found alterations in chro-
matin organization (60%), cell cycle (55%), Genome integrity (49%),
RTK-MAP (33%), PI3K-AKT (31%), transcription factors and regulators
(16%) and adhesion/migration (11%) pathways (Fig. 3B). At single-gene
level, FGFR3 DNA alterations were enriched in mMIBC as compared to
eMIBC (22% vs 11% respectively; p =0.043, Fisher’s exact test and
Benjamini–Hochberg correction). ARID2 and BCL2L1 alteration had a
tendency to be enriched in mMIBC as compared to eMIBC (7% vs 2%
p =0.060 and 6% vs 1% p = 0.057; respectively, Fisher’s exact test and
Benjamini–Hochberg correction) (Fig. 3C, Supplementary Data 8). At
pathways level, alterations in the following pathways were enriched in
mMIBC as compared to eMIBC: RTK-MAP (47% vs 33%; p = 0.043,
Fisher’s exact test and Benjamini–Hochberg correction) and apoptosis
(10% vs 3%; p =0.026, Fisher’s exact test and Benjamini–Hochberg
correction) (Fig. 3B, Supplementary Data 9).

TMB was not significantly different (median 5.45 mut/Mb in
mMIBC vs median 4.95 mut/Mb in eMIBC, p =0.32, Wilcoxon–
Mann–Whitney test) (Supplementary Fig. 4).

To obtain insight into ongoing tumor evolution dynamics, we
examined the clonality of all variants. Notably, most mMIBC samples
exhibit clonal mutations (mean fraction of clonal mutation = 74%,
IQR =0.26; 0.89–0.63). Although the cohort contains some samples
with high fraction of clonal variants, most metastatic tumor samples
are heterogeneous. When we compared the data to that of eMIBC, we
found that the clonal diversity as assessed by the mean percentage of
subclonal mutations was significantly higher mMIBC (p =0.002,
Wilcoxon–Mann–Whitney test) indicating that mutational diversity
occurs over time in UC (Supplementary Fig. 5). We studied the evo-
lution of the clonal composition from the eMIBC to the matched
metastases in four patients (Fig. 3D, Supplementary Data 10). While
mutational burden was not significantly different (p =0.24, Fisher’s
exact test and Benjamini–Hochberg correction), the average muta-
tional concordance rate was low at 24% for all mutations (ranged
between 9 and 47%).

Given the genomic heterogeneity observed at an individual level,
we compared mutational signatures in mMIBC vs eMIBC to further
understand mutational process operative in mUC. The most frequent
signatures in eMIBC were APOBEC (SBS2/SBS13), Tobacco (SBS3/
SBS29) and MMR (SBS15/SBS21/SBS26/SBS44) at 72%, 9% and 8%
respectively, reflective of different mutagenic mechanisms operative
in MIBC. Compared to eMIBC, Platin (SBS31/SBS35) signature was
significantly increased in mMIBC subgroup (14% vs 0.46%, p = 0.0001,
Fisher’s exact test and Benjamini–Hochberg correction) (Supplemen-
tary Fig. 3A, B, Supplementary Data 11). Platin signature was pre-
dominant in 9 samples, of which 8 had low TMB and one moderate
TMB in mMIBC. These observations probably reflect the mutagenic
effects of the previous treatments received, especially platinum-based
chemotherapies. Other major mutational signatures including APO-
BEC signatures were not different between eMIBC and mMIBC (Sup-
plementary Data 11).

Prior studies suggested that UBC and UTUC might have different
biological characteristics given the disease evolution and
aggressiveness19,20. We assessed overall survival (OS) in mUC from the
timeof biopsy, by primary tumor site (UBC vsUTUC).We found that the
1-year OS rate for patients withmUTUC tumors was 46.1 % compared to
28.6 % for patients with mMIBC tumors (p=0.11, Fisher’s exact test and
Benjamini–Hochberg correction). To evaluate whether a genetic basis
exists, we analyzed TMB and gene alterations by primary tumor site
(mMIBC n =68; mUTUC n = 28). There were few genomic differences
between mUC and mUTUC. The TMB was not significantly different
between mMIBC and mUTUC (median 5.445 vs 4.125 mut/Mb, p-
value =0.08). Conversely, mMIBC tumors showed a higher proportion
of ARID1A alterations, although not significant (p =0.08, Fisher’s exact
test and Benjamini–Hochberg correction). (Supplementary Data 12).
Visceral metastases and especially liver metastases are well-known
prognosis factors in mUC. A higher proportion of tumors in patients
with visceral metastases harbored alterations in RB1 gene (p=0.02,
Fisher’s exact test and Benjamini–Hochberg correction), consistent
with an increased tumor cell proliferation (as verified by GSEA analysis
from RNAseq analysis; data not shown) and poorer prognosis asso-
ciated with visceral metastases (Supplementary Data 13).

Finally, frequently altered genes and pathways, TMB, mutational
signatures, breakpoints number, Percentage of Genome Altered (PGA)
and clonality were correlated with overall survival (OS). TMB, break-
points number, Percentage of Genome Altered (PGA) and clonality
were not associated with outcome. Cell cycle pathway alterations were
significantly associated with a poorer OS (p =0.03, log-rank test),
which is also illustrated by the negative prognostic impact of CDKN2B
alterations (p =0.04, log-rank test) and CDKN2A (p = 0.06, log-rank
test) (Supplementary Data 14)

Transcriptomic molecular subtypes of metastatic UC
Recent studies reported that non-metastatic bladder cancer was a
molecularly diverse disease at a transcriptomic level with hetero-
geneous clinical outcomes13. An important question arose as to whe-
ther or not transcriptomic features along with microenvironment
characteristics evolve over time in UC. To investigate the phenotypic
landscape of mUC, we first analyzed the transcriptomes of 104 mUC
samples from 98 unique patients. We first sought to evaluate the dis-
tribution of the consensus molecular subtypes13 compared to those
reported earlier in non-metastatic setting by TCGA study. Overall, the
proportion of each subtypewas similar between eMIBC andmUC,with
the exception of the Neuroendocrine-like subtype which was more
frequent in the metastatic population (Figs. 4A, 8.16% vs 2.2% in TCGA
eMIBC, p =0.007, Fisher’s exact test), suggesting a higher metastatic
potential. Given that metastatic biopsies may derive from different
tumor clones, we then estimated the composition of metastatic sam-
ples in each of the six consensus subtypes (i.e. the proportion of each
subtype in each sample) rather than focusing solely on the major
component. This approach showed that some metastatic sites were
preferentially associated to specific subtype composition (Fig. 4B), in

Fig. 3 | Genomic alterations in early and metastatic MIBC. A Driver gene muta-
tions in eMIBC (right panel; n = 219) and mMIBC (left panel; n = 68). Clinical fea-
tures, immunohistochemical subgroups, and somatic genetic alterations identified
in 219 eMIBC and 68mMIBC subjected to whole-exome sequencing. The effects of
the somatic alterations are color-coded according to the legend. Differential ana-
lysis between groups was performed using Fisher’s exact test, and
Benjamini–Hochberg correction, two-sided. B Main altered pathways in eMIBC
(right panel; n = 219) andmMIBC (left panel; n = 68). Frequently altered genes were
regrouped into specific signaling pathways detailed in Sup Table 4. Clinical fea-
tures, immune histochemical subgroups, and somatic genetic alterations identified
219 eMIBCand68mMIBCsubjected towhole-exome sequencing. The effects of the
somatic alterations are color-coded according to the legend. Differential analysis
between groups was performed using Fisher’s exact test, and Benjamini–Hochberg

correction, two-sided. C Comparison with eMIBC from the TCGA cohort revealed
significantly mutated genes in mMIBC. Scatter plots depicting the mutational fre-
quencies (percentage of patients) between the overall cohorts of mMIBC (n = 68)
and eMIBC (n = 219) (FGFR3 - p =0.043/ARID2 – p =0.060/BCL2L1 – p =0.057,
Fisher’s exact test and Benjamini–Hochberg correction, two-sided).D Evolution of
the clonal composition from the eMIBC to thematchedmetastases in four patients.
The intersections represent clonal and subclonal variants common to both eMIBC
andmMIBC. The blue circles represent variants (clonal or subclonal) detected only
in eMIBC or variants that are contradictory between the two categories (i.e. sub-
clonal in eMIBC and clonal inmMIBC). The orange circles represent variants (clonal
or subclonal) detected only in mMIBC or variants that are contradictory between
the two categories. ICI ImmuneCheckpoint Inhibitor. Source data are provided as a
Source Data file.
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particular lung metastases exhibited higher proportions of luminal
papillarymolecular components. Consistently, FGFR3 gene alterations
were enriched in lung metastases (p =0.028, Fisher’s exact test). We
next evaluated the phenotypic evolution in 9 patients from which
paired samples were obtained. Figure 4C shows the proportion of the
molecular subtypes in both primary tumor and metastatic lesions. In
most cases (7 out of 9), the discrepancies between the predominant
subtypes of the two lesions resulted from amajor stroma-rich subtype
composition in metastases. To avoid potential misclassification of
samples ought to non-urothelial contamination in metastases com-
pared to paired primary tumors, we focused on the epithelial pheno-
types by estimating the proportion of the five epithelial specific
molecular subtypes. In six patients, the predominant epithelial mole-
cular constituent in the primary sample remained the same in the
metastatic lesion. Interestingly, in two patients (M092 and M128), the
co-existence of significant basal/squamous and luminal papillary epi-
thelial components were observed in both primary and metastatic
lesions. In parallel, we also evaluated class concordance and subtype-
scores with a classifier designed to work independently of stromal-
content (Lund classifier https://github.com/LundBladderCancerGroup/
LundTaxonomy2023Classifier). The Lund classifier demonstrated the
sameobservationwithonly one clear subtype change and the reiterated
demonstration of tumors combining a luminal and basal-squamous
subtype (Supplementary Fig. 6).

Finally, unlike in primary tumors13, molecular subtypes were not
associated with survival in our mUC cohort (Fig. 4D). Overall, the data
suggest a high level of transcriptomic heterogeneity inmetastatic with
coexistence of several subtypes within the same metastatic samples.

Transcriptomic-based immune landscape of metastatic UC
To interrogate the relationship between cancer genomics and
the immune landscape, we next applied different bioinformatics

methods to deconvolute immune cell populations from bulk
transcriptome data using immune cell–specific signatures
(CIBERSORT21, XCELL22, MCPcounter23, Epic24 and microenviron-
ment composition signatures (ESTIMATE25). From these data, we
inferred overall immune infiltrate and relative immune cell popula-
tions in mUC biopsies, and observed substantial heterogeneity in
overall immune infiltrate–related transcripts among tumor biopsy
sites, as well as heterogeneity in inferred immune cell populations.
The overall level of inferred immune infiltration was not associated
with TMB (Fig. 5A), prior exposure to FGFR3 inhibitors (Fig. 5B) and
immune checkpoint inhibitors (Fig. 5C). The level of inferred
immune infiltration was associated with the site of biopsy with
lymph-nodemetastasis exhibiting overall higher immune infiltration
(Fig. 5D). Livermetastases have been associated with lower response
to ICI. There was no statistical significance in terms of immune score
between the different metastatic sites. Liver metastases have a lower
immune score (mean Estimate immune score: 1.9e4) compared to
lymph nodes (mean: 2.11e4, Student’s test p-value: 4.71e−4) which is
expected given that the purity of the liver metastasis samples is not
100% and that lymph-node metastases are surrounded entirely by
lymphocytes. We did then an exploratory analysis of 762 immune-
related genes in order to discover transcripts differentially over-
expressed or underexpressed in liver metastases. We hypothesized that
such transcriptsmighthavea key role toplay in anticancer inflammation
and, if rigorously validated, could yield not only a better understanding
of these processes, but novel anticancer therapeutic strategies. Overall,
36 genes were upregulated in liver metastases after adjustment for
multiple hypothesis testing (FDR=5%), of which 31 were also found to
be overexpressed in normal liver (Supplementary Data 15). Of the
remaining 5 genes specifically upregulated in liver metastasis (MST1R,
TGFB2, DMBT1, CDKN1A, TOLLIP), TGFB2 has a known role in
immunosuppression26.
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We then assessed the association between molecular subtypes
with tumor immune composition. We showed that in metastatic sam-
ples unlike in primary tumors, molecular subtypes have virtually no
association with the tumor immune landscape (Fig. 5E). For example,
metastatic FGFR3mutated tumors have similar immune infiltrates than
FGFR3-WT tumors. The composition of the microenvironment of
metastatic tumors, in particular its enrichment in B-cells, CD8 cyto-
toxic T-cells and endothelial cells (Fig. 5F) is significantly predictive of
an improved prognostic (after correction for biopsy site and the pre-
sence of visceral metastases at the time of biopsy) while these have no
impact on the survival of patients with localized diseases (Fig. 5G).

Clinical actionability of genomic alterations
Finally, we evaluated how often genomic analysis provides potentially
clinically actionable therapeutic information in mUC and compared
the spectrum of targetable genomic alterations by primary tumor site.
Using the OncoKB classification27, we stratified frequent genomic
alterations (in the oncoprint) by highest level of clinical actionability
(Fig. 6, Supplementary Data 16). OncoKB assigns levels of actionability
based on evidence for the genomic alteration to serve as a biomarker
either in that cancer type or in other cancer types. The only Level 1
alterations in mUC are hotspot FGFR3mutations and FGFR2/3 fusions,
which are markers for anti FGFR erdafitinib8. In our cohort of mUC, 25
(26%) patients had an FGFR2/3 alteration, 13 (13%) PIK3CAmutations, 7
(7%) ERBB2 mutations and 7 (7%) TSC1 mutations. Overall, 71 (73%)
patients harbored at least one predicted actionable target event. We
identified 8 patients (8%) with HRD signature and 6 patients (6%) that
did harbor loss-of-function alterations in HRD genes (Fig. 2B and

Supplementary Data 1). Only 1 patient was reported to have HRD sig-
nature and LOF alterations in HRD genes. Based on their HRD-pheno-
type, these patients might benefit from PARP-inhibitors and/or
chemotherapeutics that induce double strand DNA breaks. Finally, we
sought to investigate NECTIN-4 and TROP-2 expression as enfortumab
vedotin and sacituzumab govitecan might be approved in the man-
agement of patients with mUC. We found that both targets showed
similar expression levels in all metastatic sites, suggesting that meta-
static localization should not impact treatment. TROP-2/TACSTD2 and
NECTIN-4 also displayed high levels of expression in all molecular
subtypes except for the tumors classified as Neuroendocrine-like
which had lower expression, suggesting that these might not be sui-
table for such therapies (Supplementary Fig. 7A). In addition, both
NECTIN 4 and TACSTD2 were expressed in FGFR3-wild-type and FGFR3
altered mUC (Supplementary Fig. 7B), in ICI-naïve and ICI-exposed
mUC (Supplementary Fig. 7C) and independently frommetastatic site
(Supplementary Fig. 7D).

Discussion
Although some progress has been achieved in mUC, the prognosis for
these patients remains dismal. To define and identify targets and new
strategies for therapy, it is of utmost importance to better understand
the biology of mUC. We reported a large cohort of fresh-frozen
metastatic samples analyzed by whole exome and RNA sequencing.
Our results showed that at the cohort level, the molecular landscapes
at the DNA level are globally similar to that reported for primaryMIBC,
consistent with other pan genomic analyses28. However, we found that
FGFR3 alterations were enriched inmUC (22% inmUC vs 11% in eMIBC).
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Fig. 5 | Immune infiltration in mUC. Different bioinformatics methods were
applied to deconvolute immune cell populations from bulk transcriptome data
using immune cell–specific signatures (CIBERSORT, XCELL,MCPcounter, Epic) and
microenvironment composition signatures (ESTIMATE). N = 98 samples. Source
data are provided as a Source Data file. Global immune infiltration (estimated from
transcriptomic profiles using the ESTIMATE algorithm) was associated to TMB (a),
prior FGFR inhibitor therapy (N = 88 naive and N = 10 treated patients) (b), prior
immunotherapy (N = 80 naive and N = 18 treated patients) (c), and biopsy sampling
site (N = 20 lung; N = 34 lymph nodes; N = 25 liver and N = 19 other) (d). Whiskers
boxplot represent interquartileswith 1.5x IQR, andoutliers dots. e Subtype-specific
immune enrichment in eMIBCvsmUC. The level of immune and stromal infiltration

(estimated by MCPcounter in upper panel and ESTIMATE in lower panel) was
compared in one subtype versus the others, or in FGFR3-mutated tumors vs wild-
type, in either mUC after removing lymph-node biopsies (left panel) or in eMIBC
from the TCGA (right panel). f Forest plot of univariate survival models in mUC of
stromal and immune estimates, stratified by presence of visceral metastasis and
lymph node biopsy site. The squares represent HR with the confidence intervals in
gray lines. Two-tailed Mann–Whitney test was applied g Forest plot of univariate
survivalmodels in eMIBC of stromal and immune estimates. The squares represent
HR with the confidence intervals in gray lines. Two-tailed Mann–Whitney test was
applied. TMB Tumor Mutational Burden, LN lymph node, MCP Microenvironment
Cell Population, HR Hazard Ratio. N = 98 mUC versus N = 408 eMIBC from TCGA.
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Of note, reanalysing a subset of the TCGA data, FGFR3 alterations were
found to be 11% rather than 14% as previously reported in the
literature10. This could be explained by our restrictive analysis and
samples selection that are more coherent with our metastatic dataset.
Recent reports suggest a similar frequency of FGFR3 alteration based
onmetastases samples. A recent study29 analyzed whole-genome DNA
and RNA sequencing data for fresh-frozen metastatic tumor biopsies
from 116 mUC patients who were scheduled for palliative systemic
treatment within the context of a clinical trial (NCT01855477 and
NCT02925234). 21% of patients had FGFR3 alterations (mainly muta-
tions) which seems very similar to our findings.

Additionally, we identified the APOBEC mutational process as
predominant in mUC, similar to eUC, but we found that acquired
mutational signatures resulted from prior exposure to che-
motherapies, especially platinum-containing regimens.

A recent study29 of WGS found two major genomic subtypes
GenS1 in metastatic samples: the predominant (found in 67%) was
APOBEC-driven with a large contribution from APOBEC-associated
SBS2 and SBS13 signatures, and the second GenS2 (24%) pre-
dominantly comprised tumors with low APOBECmutagenesis and was
characterized by COSMIC signatures of unknown etiology. In this
study, other signatures were the platinum treatment signature, the
defective DNAmismatch repair signature, themicrosatellite instability
signature, and the reactive oxygen species signature. The same study
also reported that driver genes resembled those found in eUC29.
Another study of 32 chemotherapy-treated patients showed that the
APOBEC mutational process was enriched in samples collected after
platinum-based chemotherapy11. Such differences may reflect the
timing of sample collection and differences in prior therapies.

Importantly, we analyzed several paired samples, and we showed
that at an individual level, a high degree of heterogeneity exists
between the primary and the metastatic samples. These results are
consistentwith prior studies that suggest that branched evolutionmay

occur during disease progression11. In the context of precision medi-
cine with the approval of FGFR3 inhibitors8,9 (i.e., erdafitinib) and the
development of HER2 and PARP inhibitors30, these data raise the
question of what type of samples should be tested in daily practice, as
themajority of patients withmetastaseswere found to have actionable
alterations. Our data suggest that the analysis of a fresh biopsy or cell-
free DNA should be recommended, at least for the Level 1 targets (e.g.,
FGFR3 mutation), as the concordance between cfDNA and metastasis
samples was acceptable.

The important finding of our study was that molecular subtyping
based on gene expression is highly heterogeneous. We found the six
different subtypes previously identified in non-metastatic MIBC13,
suggesting that all transcriptomic subtypes have metastatic potential.
However, the NE-like subtype was enriched in mUC compared to
eMIBC. This may reflect, again, the therapeutic impact of prior thera-
pies, including chemotherapies, immunotherapy, and targeted thera-
pies as recently reported in the literature31. Interestingly, we analyzed
several paired samples and were able to find different subtypes
coexisting within individual samples. For the majority of the patients,
the predominant subtype remains despite the use of several lines of
systemic therapies.

We also showed that in metastatic samples, unlike in primary
tumors, molecular subtypes have virtually no association with the
tumor immune landscape. Metastatic FGFR3 mutated samples exhib-
ited similar immune infiltrates to FGFR3-wild-type samples, which is
not consistent with prior reports in non-metastatic MIBC13. Che-
motherapy has been associated with the induction of inflammation,
and the apparent discrepancy might be explained by the prior expo-
sure to chemotherapy in the patients included in our analysis. The
composition of the microenvironment of metastatic tumors, particu-
larly its enrichment in B-cells, CD8 T-cells, and endothelial cells, was
associated with prognosis. B-cells and T-cell signatures have been
associated with better outcomes in patients treated with ICI32,33.
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Another level of complexity lies in the differences between metastasis
sites, as the proportion of each subtypemay vary across tumor sites. A
previous study applied hierarchical consensus clustering to organ-
corrected paired RNA-seq data for 90 mUC samples and revealed five
transcriptomic subtypes with two luminal subtypes (40% of the
cohort), stroma-rich tumors (24% of samples), a basal/squamous sub-
type (23% of samples), and a nonspecified subtype (12% of samples).
Studies with larger numbers of paired biopsies (obtained before and
after treatment) would be needed to confirm these data in mUC. In a
recent study, molecular subtypes of urothelial bladder cancer show
significant associations with particular metastatic sites, indicating that
subtype-specific molecular factors may play roles at various stages of
the metastatic process34. Overall, these data suggest that patient
stratification based on RNA analysis for therapy selection may be dif-
ficult, at least in the metastatic setting.

Overall, the majority of patients with mUC have actionable tar-
gets, making precision medicine relevant in urothelial cancer. In the
context of antibody-drug conjugates, we found that all molecular
subtypes express both NECTIN-4 and TROP-2 except the NE-like sub-
type. Currently, there is no need to test tumor samples for adminis-
tering enfortumab and sacituzumab govitecan. This is not consistent
with a previous study that reported low NECTIN-4 expression in the
basal/squamous subtype35.

Limitations of the study include the heterogeneity of the study
population and the lack of pathological data. However, the study
provided insights into themolecular subtypes ofmUCbasedonwhole-
exome and transcriptome analyses of metastatic biopsies from almost
100 mUC patients. Also, we analyzed several paired samples, which
added data to the context of tumor heterogeneity in urothelial cancer.
The collection of metastatic samples from larger cohorts is needed,
especially in the context of international collaboration, given the dif-
ficulty to performbiopsies ofmetastases in urothelial cancer. The next
step will be to focus at the single-cell level to better decipher tumor
heterogeneity and the tumor microenvironment. We also acknowl-
edge that the current study enrolled patients who had received mul-
tiple and different lines of therapies before sample collection, which
may interfere with the understanding of the metastatic process and
preclude any reliable association with outcomes. Nevertheless, our
study provides a large set of genomic and transcriptomic data in a
currently under-explored field in urothelial cancer.

Methods
Patient eligibility
Biopsies anddatawere collected in the context of three prospective IRB-
approved clinical trials: SHIVA0114 [NCT01771458], MOSCATO-0115

[NCT02613962], and MATCH-R16 [NCT02517892]. All patients were
included after written informed consent. The three trials were approved
by the Ethics Committee of the National Institute of Pharmacy and
Nutrition, and carriedout in accordancewith theDeclarationofHelsinki,
the Good Clinical Practice guidelines of the International Conference on
Harmonization, and relevant French and European laws and directives.

Demographic and clinical characteristics, as well as genomic data,
were collected from patients enrolled at Gustave Roussy (MOSCATO-
01 and MATCH-R) and Institut Curie (SHIVA01) between 2012 and
2020. Blood was collected along with fresh tumors at the time of trial
enrollment. Clinical characteristics, including demographics, prior
therapies, response, and survival outcomes, were extracted from
electronic medical databases.

In our study,we didnot conduct analyses basedongender, sex, or
ethnicity. This decision aligns with common practices in France, where
such distinctions are generally not made unless there is a specific sci-
entificquestion that necessitates it. French law tends toprotect against
making distinctions based on these categories except in cases where it
is explicitly justified by the research objectives, which was not
applicable in our case.

Whole exome and RNA sequencing
WES andRNA-seqwere performed using newly extractedDNA andRNA.
Concerning the 97 tumoral DNA and matched normal DNA samples:

i) The 85 matched samples from MOSCATO-01 and MATCH-R
were sequenced in paired-end 75 bp reads on Illumina sequencers
(NextSeq500 or Hiseq 2000/2500/4000) using Sureselect Human All
Exon V5 (Agilent #5190-6213) or Sureselect Clinical Research Exome
captures (Agilent #G9496A-012).

ii) The 12 matched samples from SHIVA01 were sequenced in
paired-end 100 bp reads on NovaSeq (Illumina) instruments, using
Sureselect Clinical Research Exome v2 capture (Agilent #5190-9492).
The intersection of these three different captures was used in all ana-
lyses (Supplementary Fig. 1).

Throughout the text, the “n” refers to the number of samples
analyzed in each section.

TCGA analysis
The TCGA-BLCA dataset, including 410 tumor and matched-normal
samples in BAM file format, and associated clinical data were down-
loaded from the GDC data portal (https://portal.gdc.cancer.gov). BAM
files were converted into FASTQ format using BEDTools and reana-
lyzed applying the same analysis pipeline used for the mUC cohort,
with Agilent SureSelect Human All Exon 50Mb exome capture. To
maintain homogeneity between primary tumors from TCGA and our
metastases samples, only samples with an average depth of coverage
≥65X (219 samples) were kept for downstream analyses.

Exome and RNA analysis
The bioinformatics pipeline and tools are described in the supple-
mentary methods.

Statistical analysis
Differentialmutation analysis between groupswasperformedusing an
oncoprint, Fisher’s exact test, and Benjamini–Hochberg correction.
For statistical analysis of mutational signatures, Fisher’s exact test and
Benjamini–Hochberg correction were also applied. For continuous
data, theWilcoxon–Mann–Whitney test was applied. Survival time was
measured from the biopsy date to the time of the most recent follow-
up (in months). Survival analyses were performed using the R package
Survival (v2.44) on clinical and molecular features, employing the
Kaplan–Meier method.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The original files and raw NGS data generated in this study have
been deposited in the EGA database under accession code
EGAD50000000550 [https : / /ega -arch ive .org/s tudies /
EGAS50000000373]. Data on EGA is under controlled access.
Sequencing data will be made available upon request through EGA,
and additional clinical information can be made available upon
institutional approval. Requests should be addressed to Drs Nicolas
Servant (Nicolas.servant@curie.fr) and Marc Deloger (marc.delo-
ger@gustaveroussy.fr). The estimated timeframe for access to be
granted is 2 months, and the duration will be determined according
to the request needs. The source data generated in this study are
provided in the different Source Data files. All relevant clinical trial
data used in this study are accessible in the Supplementary Data files
and de-identified. Source data are provided with this paper.

Code availability
All code packages were previously published and detailed hereafter.
Veganv1.2.0 [https://doi.org/10.5281/zenodo.12167638];WISP [https://
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doi.org/10.1038/s41467-019-09307-6] (https://github.com/cit-bioinfo/
WISP); ImmuneDeconv R package [https://doi.org/10.1007/978-1-
0716-0327-7_16]; Limma-Voom [https://doi.org/10.1186/gb-2014-15-2-
r29] (https://ucdavis-bioinformatics-training.github.io/2018-June-
RNA-Seq-Workshop/thursday/DE.html); pyTMB script (https://github.
com/bioinfo-pf-curie/TMB); Complex Heatmap package [https://doi.
org/10.18129/B9.bioc.ComplexHeatmap]; CRAN package https://doi.
org/10.32614/CRAN.package.ggpubr]. The software used in this study
comprise: BWA-MEM algorithm (v0.7.15); SAMtools v0.1.19, BEDtools
v2.21.0; MarkDuplicates tool (v2.6.0); Picard Haplotype Caller (GATK
v4.0.2.1); Annovar (2017/07/16 version); 1000Genomes (2015/08 ver-
sion), ESP6500 and ExAC databases; MuTect2 (GATK v4.0.2.1); Facets
(v0.5.11); R (v3.6.0) package Complex Heatmap (v2.2.0); MSIsensor2
(commit 0d6528b6ff, niu-lab); Palimpsest (v2.0.0); COSMIC database
– version 3, release v89; CoMEt (commit 20423da, raphael-group);
MutSigCV tool (v1.41); Ensembl’s human genome and transcriptome
(GRCh38, version 91);MIBCRpackage (https://github.com/cit-bioinfo/
consensusMIBC); GTEX (v7); Arriba (v1.2.0), FusionCatcher (v1.20);
StarFusion (v1.8.1) and FusionReport (v2.0.1).
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