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Abstract

Rationale: High-grade T1 (HGTI) Non-Muscle Invasive Bladder Cancer (NMIBC) is a clinically heterogeneous disease
characterized by unpredictable treatment responses and limited tools for recurrence prediction. Despite advances in molecular
classification, patient stratification still relies mainly on clinicopathological features, providing limited precision.

Methods: In this study, we integrated bulk chromatin profiling with single-nuclei RNA-seq, immunohistochemistry, and spatial
transcriptomics to define epigenetic subtypes of HGT1, characterize their heterogeneity, and explore tumor—microenvironment
interactions.

Results: We identified distinct chromatin landscapes distinguishing urothelial (URO) and micropapillary (MP) histological variants
of high-risk HGT1. Three main epigenetic states emerged: luminal-like inflammatory (LLI) and basal-like (BL) subtypes within URO
tumors, and a separate signature unique to MP tumors. Single-cell and spatial analyses confirmed intratumoral heterogeneity and
revealed subtype-specific microenvironmental contexts.

Approximately 40% of URO tumors exhibited spatially distinct coexisting LLI and BL components. BL regions, enriched for
angiogenesis and hypoxia pathways, were preferentially located near vascular stroma, whereas LLI regions were situated at the
tumor core. MP tumors displayed a markedly different microenvironment with abundant cancer-associated fibroblasts (CAFs) and
M2-polarized macrophages intermingled with tumor cells, suggesting an immunosuppressive niche that may underlie their poor
prognosis. In contrast, URO tumors showed a more immune-excluded phenotype.

Conclusion: These findings provide a detailed molecular and spatial map of HGT1 heterogeneity, linking epigenetic states to
tumor architecture and microenvironmental interactions. They underscore the need for subtype-specific therapeutic strategies to
effectively address the biological diversity already present in HGT1 bladder cancer.

Introduction

Non-muscle invasive bladder cancer (NMIBC) is  disease recurrence (approximately 40%) and
an early-stage bladder cancer that shows  progression (approximately 21%) (1). Currently, the
heterogeneity in terms of disease outcomes. risk of HGT1 progression cannot be estimated based
High-grade T1 (HGT1) NMIBC has the highest risk of ~ on classic clinicopathological prognostic markers.
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Several histological subtypes are known to have poor
prognostic outcomes in HGT1 management. A
well-known example is the presence of a
micropapillary variant associated with adverse
pathological features and poor outcomes (2). The
micropapillary subtype (diagnosed when there is a
micropapillary component > 10%) represents
approximately 0.6-2.2% of urothelial tumors (3-5).

Efforts have been made to establish a molecular
classification for bladder cancer, particularly in the
muscle-invasive stage (6,7). Data from these studies
have been jointly reviewed to develop a consensus
classification of the six subtypes of MIBC with
different degrees of luminal and basal characteristics
(8). More recently, molecular classification of NMIBC
has been described for NMIBC (8-10). The large
NMIBC analysis of the multi-institutional UROMOL
study subclassified the tumors into four types (11,12),
however, these subtypes are still not used clinically.
One initial limitation is the extensive intratumor
heterogeneity recently described with the advent of
single-cell methodologies (13,14).

An important characteristic of bladder cancer
across stages is the occurrence of recurring mutations,
some of which affect genes involved in chromatin
structure, such as KMT2A and KDM6A (15,16). We
previously investigated the cancer -cell-intrinsic
genetics of HGT1 NMIBC by leveraging human
patient samples (15,17). Our results showed a higher
similarity in the pattern of somatic mutations between
HGT1 and MIBC as compared to low-grade (LG)
NMIBC (15,18,19). The genetic similarity between
HGT1 and MIBC suggests the activation of invasive
mechanisms in HGT1. Considering the high
abundance of genetic alterations in chromatin genes at
a similar level between MIBC and HGT1, we
hypothesized that the mechanisms associated with
progression could be impacted by chromatin
structure (15,20). Some of the identified mutations in
chromatin genes in HGT1 affect the genes involved in
different levels of enhancer regulation. For instance,
ARID1A, which 1is associated with disease
progression in HGT1 (15) is a member of the
chromatin remodeling complex SWI/SNF (21).
KMT2D methylates H3K4 at promoters and enhancers
(22) and EP300 is a histone acetyltransferase involved
in enhancer activation (16,23). This high
representation of mutations in chromatin remodelers
suggests an impact of chromatin reprogramming on
BC tumorigenesis across stages.

Chromatin analysis, even in bulk, can reveal
truncal lineages because chromatin states are less
transient and reflect the regulatory potential more
than the current gene expression levels (20,24). Based
on this, we performed H3K27ac profiling of HGT1
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tumors. This led to the discovery of three chromatin
subclasses, two subclassifying classic URO histology,
and a distinct one associated with the micropapillary
(MP) histological subtype. The subtypes differ in their
relevant molecular characteristics and are associated
with the outcome. Single-cell, immunohistochemistry,
and spatial transcriptional analyses showed that the
two URO subtypes are not homogeneous across
cancer areas but occupy distinct spatial regions. The
differences between the histology of URO and MP are
seen in a markedly distinct tumor microenvironment
(TME). MP is characterized by increased stromal
infiltration, enriched populations of cancer associated
fibroblasts  (CAFs), and  predominance  of
M2-polarized macrophages interspersed within the
tumor. Our findings highlight the complex
heterogeneity of HGT1 bladder cancer and
underscore the relevance of single-cell and spatial
resolution analyses to advance target discovery and
biomarker identification in precision medicine.

Results

Chromatin analysis reveals subtypes in HGTI
bladder cancer

We explored the status of activation of enhancers
and super-enhancers (SE) by H3K27ac profiling of a
cohort of 17 HGT1 patients with clinically annotated
outcomes using FiTAc-seq analysis of FFPE archived
clinical tissues, as previously described by our group
(25) (Table S1). We included a set of samples enriched
for micropapillary (MP) content, which is known to be
associated with worse clinical outcomes (26). For all
cases included in the analysis, we ensured a minimum
of 80% enrichment in cancer cells, performing
macrodissection whenever required. The analysis
produced high-quality results in terms of the
identified peaks and the fraction of reads in the peaks
(summarized in Table S2). The results showed
activation of enhancers at previously known genes
related to bladder cancer, such as NECTIN4 and SOX4
across the cases (Figure 1A), validating the specificity
and quality of the results.

Unsupervised hierarchical analysis of the
H3K27ac-marked (transcriptionally active) regulatory
regions (promoters and enhancers) distinguished
three statistically different clusters (Figure 1B). Two
clusters subdivided the conventional urothelial
histology (URO) and the other, corresponding to the
MP histology (Figure 1B-C). Of the two URO clusters,
UROL1 was closer to the micropapillary (MP) than to
the other URO clusters (URO2) (Figure 1C). Next, we
performed a differential analysis (27) to identify
regulatory sites specific to each of the three clusters
(Figure S1A). To investigate the transcriptional
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mechanisms underlying chromatin differences, we
applied HOMER analysis (28) to assess the
enrichment of transcription factor (TF) DNA-binding
motifs in the differential regions. The results were
concordant with the luminal origin of the MP cluster
by showing enrichment of the GRHL2 motif in the
differential regions of the MP cluster (Figure S1B)
(22,29). In contrast, the differential regions for the
URO2 cluster showed TP63 as the top enriched motif
(Table S3), suggesting more basal-like characteristics
for this cluster (30,31). Closer to the MP than to the
URO?2, the URO1 cluster showed enrichment in motifs
for inflammation-related TFs, such as IRF2 and HNF1,
supporting a more luminal-like inflammatory
phenotype (Table S3). In summary, chromatin
analysis showed three distinct clusters that were
positioned on an axis (PC1) from the luminal to the
basal phenotype (Figure 1C).

Urothelial tumors segregate into basal-like
and luminal-like inflammatory chromatin
states

We further investigated urothelial subtypes
without the potential confounding parameter of MP
histology, focusing on URO cases and assessing the
differences between their two clusters. Comparison of
URO1 with URO2 resulted in the identification of
3556 regulatory regions differentially H3K27ac-
activated in URO1 and 9479 differentially activated in
URO2 (Figure 1D), showing differences within the
same histological subtype. Motif analysis of these two
sets of regions showed similar results to those
observed in the previous analysis, although it
included enrichment in GATA motifs on the
luminal-like side (Figure 1E). Next, we compared the
differentially active regions to published chromatin
immunoprecipitation sequencing (ChIP-seq) profiles
compiled in CistromeDB (32). The results showed that
the top URO1-peaks overlap with STAT4 and GATA3
peaks in previously published datasets. The overlap
with these transcription factor binding sites validates
the inflammatory and luminal phenotypes revealed
by motif analysis (Figure 1F). The URO2-activated
regions showed the highest overlap with TP63
binding in keratinocytes, validating the basal
characteristics (Figure 1F). Consistent subtype
characteristics were also exhibited when differential
regions were analyzed using the Genomic Regions
Enrichment of Annotations Tool (GREAT) analysis
(33). This tool associates genomic regions with nearby
genes and then examines the enrichment of Gene
Ontology (GO) pathways for the set of genes
associated with each specific subtype. The results
showed that the immune pathway “Leukocyte
cell-cell adhesion” as the top enriched pathway for the

6894

URO1 cluster (Figure 1G) while showing enrichment
for “skin development” and “cornification” for the
URO2 cluster (Figure 1G).

Chromatin-derived subtype signatures
integrate enhancer activity with
transcriptional programs

Next, we integrated the differentially activated
promoters and enhancers with gene expression from a
subset of the 17 cases for which we had available
RNA-seq (17) (Figure 1H) by combining the
differential regions between URO1 and URO2 with
the corresponding differential gene expression. As
shown in the volcano plot, the top differentially
expressed genes with corresponding differential
enhancer activation in their vicinity included relevant
genes involved in EMT and angiogenesis, such as
BMP7, ERN2, and SRPX?2 (34,35) for the URO2 cluster
(Figure 1H). The UROL1 side showed a more complex
phenotype, including a number of genes associated
with immune pathways, such as SLC4A4 (36), KALRN
(37) and SELL (38) (Figure 1H). The relevance of the
inflammatory genes for URO1 was further revealed
by the presence of superenhancers (SE) at some of
these genes, as is the case for SELL and SELE (Figure
1I), along with SE at luminal genes such as GATA3
(39,40) (Figure S1C). Conversely, URO2 showed
activation of a transcriptional circuit for TP63 where
motif enrichment was accompanied by activation of
the super-enhancer at the TP63 locus (Figure 1I,
Figure 51C), potentially involved in the maintenance
of the basal lineage for the URO2 cluster (41). The
basal lineage was further reflected by the presence of
an SE at KRT5 (Figure 1I).

Overall, our findings revealed the presence of
distinct chromatin subtypes in HGT1 bladder cancer
samples. We showed that urothelial histology can be
further divided into basal-like (BL) and luminal-like
inflammatory (LLI) subtypes and that MP histology is
associated with a distinct chromatin profile, in this
limited cohort. While luminal and basal subtypes
have been previously described in bladder cancer, our
study established a chromatin-based framework for
these subtypes and extended it to the MP histological
subtype.

Single-cell chromatin accessibility confirms
subtype identity

Next, we assessed the homogeneity of chromatin
subtypes in HGT1 by performing single-cell (sc)
ATAC-seq analysis on two independent HGT1 patient
samples from a separate cohort (HGT1_1 and
HGT1_2). Using our previously established protocol
(42) we isolated nuclei from frozen clinical tissue and
performed scATAC sequencing with 10X Genomics.
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After filtering out low-quality nuclei, 12,173 nuclei =~ Chromatin-derived score (CDS)). To further
were retained across both samples for analysis (Figure  investigate the subtype distribution, we applied the
S1D). Combined UMAP analysis of the two patient  gene activity score from this signature to scATAC-seq
samples revealed multiple clusters (Figure S1D). To  data (Figure S1G) (Table S1). The analysis revealed
distinguish tumors from normal cell populations, we  distinct differences between the two tumors: HGT1_1
applied Copy Number Variation (CNV) inference  exhibited stronger enrichment for the BL subtype,
(43,44) (Figure S1E). Notably, while clusters of normal =~ whereas HGT1_2 was more enriched for the LLI
cells overlapped between the two patients, the subtype (Figure S1G).
clusters of cancer cells remained distinct, indicating Supporting these classifications, the subtypes
greater chromatin structural differences in tumor cells ~ were aligned using well-established lineage markers.
than in normal cells (Figure S1D, 1F). To further = BL-scored cancer cells showed increased KRT5
characterize normal cell lineages, we leveraged an  promoter accessibility along with a higher enrichment
atlas of previously published scATAC datasets from  of the TP63 motif (Figure S1H-I). Conversely, cells
normal human tissues (45). By projecting our samples ~ with lower BL scores exhibited increased KRT20
onto the UMAP representation of this reference  promoter accessibility and GATA3 motif enrichment,
dataset, we identified a diverse set of normal cell  consistent with an LLI phenotype (Figure S1H-I).
types, including B cells, T cells, macrophages, Despite the overall homogeneity within each tumor,
endothelial cells, and smooth muscle cells (Figure the alignment between the CDS scores and known
S1F). markers was not complete. A subset of cells lacked
The top genes with differentially activated  accessibility to both keratin promoters, which is
enhancers and corresponding overexpression in the  indicative of terminal differentiation states (Figure
bulk analysis were used to generate two signatures,  S1G). This incomplete overlap suggests a spectrum of
designed to classify cancer cells as either LLI or BL  differentiation within each subtype, with only a
subtypes  (Figure 1H) (from now  on: fraction of the cells expressing terminal markers. Such
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Figure 1. Epigenetic analysis of HGT1 tumors. A) Genome tracks of H3K27ac FiTAc-seq data from HGT1 samples at the NECTIN4 (scale 0-2.5 in number of reads per million
per base pair (rbm) and SOX4 loci (scale in rbm) for MP subtype (top, in yellow) and URO subtype (bottom, in green). B) Heatmap showing the correlation between HGTI
samples. Above the heatmap is a hierarchical clustering of the samples indicating the statistical significance of the three main branches of the tree, Pvalue=0.001 (Permanova test).
C) Principal component analysis (PCA) representing the same data showing the three clusters identified in the correlation analysis. PC1 illustrates the axis of Luminal to Basal
characteristics. D) Heatmap representation of the differential H3K27ac regions distinguishing URO1 (n=3556 up peaks) and URO2 (n=9479 up peaks) samples. (scale in rbm) E)
Top enriched motifs at the center of the differential peaks between UROI (top) and URO2 (bottom). F) Similarity (GIGGLE) scores between regions of increased H3K27ac signal
genome-wide in UROI (left) and URO2 subtypes (right), and GEO-archived datasets of ChIP-seq for transcription factors. On the UROI side, top overlapping TF is STAT4 in
lymphocytes. For the URO2 peaks top overlapping is TP63 in keratinocytes. G) Gene Ontology analysis showing the enriched pathways in genes with nearby LLI specific H3K27ac
regions (left) and BL specific H3K27ac regions, determined by GREAT analysis. H) Association between differential H3K27ac regions and differential gene expression for UROI
(left) and UROZ2 (right). Each volcano plot depicts RNAseq log2-fold change (x-axis) and p-value adjusted for multiple hypothesis testing (y-axis) as calculated by DESeq2. Each dot
represents one gene with blue dots (left) indicating significant differential expressed genes (DEG) with a differential H3K27ac region nearby for the LLI subtype. Orange dots on
the right represent the same for DEGs in the BL subtype. Gray dot: DEG with no significant differential H3K27ac region nearby. |) Representative IGV tracks at SELL and SELE
showing super enhancers for the LLI subtype and TP63 and KRT5 (scales in rbm) superenhancer for the BL subtype.
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a continuum of differentiation states could also
explain the varying enrichment of transcription factor
motifs observed intratumorally across the clusters
(Figure S1J). Overall, we concluded that the CDS
classifier, derived from a chromatin-based signature,
may provide robust lineage stratification independent
of differentiation status.

Expression of the LLI and BL chromatin
derived subtypes in two independent urothelial
bladder cancer patient cohorts

To assess the representation of the two URO
subtypes, Basal-Like (BL) and Luminal-Like
Inflammatory (LLI), in an expanded cohort of
high-grade T1 (HGT1) urothelial tumors, we applied
the Chromatin Differentiation Score (CDS) to score a
bulk RNA-seq dataset of 62 previously collected and
analyzed HGT1 cases (17) (Table S1).

The CDS results revealed a continuous
distribution of scores ranging from cases with high BL
signatures to those with high LLI signatures, with
many cases exhibiting mixed characteristics (Figure
2A). A similar spectrum was observed in the
UROMOL dataset, an independent cohort of 438
NMIBC cases, including 78 HGT1 tumors (11) (Figure
2B). In both cohorts, LLI cases exhibited significantly
higher expression of KRT20, whereas BL cases were
enriched for KRT5 and TP63 expression (Figure 2C).
Interestingly, other luminal markers, such as PPARG,
GATA3, and CDH3 did not show subtype-specific
expression patterns in either cohort (Figure 2C, Figure
S2A-B), potentially because of lower expression levels
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and higher inter-patient variability compared to
keratin genes.

To contextualize our classification, we compared
our CDS-based subtypes with the molecular subtypes
described by Lindskrog et al. (UROMOL2021), which
define four NMIBC classes with varying basal and
luminal features (11). Although our classification
defines two distinct chromatin-defined subtypes,
notable similarities have emerged. For instance, BL
and UROMOL2021 Classes 1 and 3 shared elevated
TP63 expression, whereas LLI and UROMOL2021
Class 2a were both characterized by high KRT20 and
ERBB2? expression (Figure 2A-B). These overlapping
molecular features supported the existence of
biologically distinct NMIBC subgroups with
chromatin-associated differences.

We observed a significant overlap between the
LLI subtype and UROMOL2021 Class 2a in the
UROMOL cohort (chi-squared test, p=3.3E-08), while
BL showed features like Classl and showed
significant overlap with Class 3 (chi-squared test,
p<2.2 E-16). As UROMOL2021 Class 2a has been
linked to an increased risk of disease progression (11)
we next aimed to stratify UROMOL cases by CDS (BL
vs. LLI) based on the median score to evaluate LLI
and patient risk. Our results also revealed that the LLI
subtype was significantly associated with a higher
risk of progression (Figure 2D). This trend was also
observed in the 62-HGT1 cohort, where LLI cases had
a significantly increased likelihood of progression to
muscle-invasive bladder cancer (MIBC) (p = 0.02;
Figure 2A), despite the smaller sample size (Figure
2A).
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Figure 2. Analysis of chromatin-derived signatures in two NMIBC patient cohorts. A) Heatmap of BL and LLI signature scores analyzed from gene expression in HGT1 cohort
(n=62). Patients are ordered from most BL to most LLI and also annotated by UROMOL2021 classification in the 4 subclasses (1, 2a, 2b and 3). The clinical outcome is also
annotated for the cases as cancer progression (yes (orange) and no(green)). There is a statistically significant association between cancer progression and LLI subtype (p = 0.02).
B) Heatmap of BL and LLI signature scores analyzed on the UROMOL gene expression cohort, ordered and annotated as in A. The clinical outcome is also annotated for the cases
as cancer progression (yes and no). C) Boxplots showing the expression of marker genes analyzed in cases scored as BL (red) or LLI (blue) in the HGT1 cohort (difference
analyzed by t-test). D) Kaplan-Meier survival curves for BL and LLI groups in the UROMOL cohort. Cases were dichotomized between BL and LLI based on the median of the

score values. E) Gene Set Enrichment Analysis (GSEA) of BL and LLI differential genes in
values (most BL vs most LLI).

HGT1 cohort. The differential analysis was done comparing the top quartiles of score
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To further explore the biological differences
between the subtypes, we performed differential gene
expression analysis between the top and bottom CDS
quartiles in the 62-HGT1 cohort (Figure 2A),
identifying 1,115 differentially expressed genes. Gene
Set Enrichment Analysis (GSEA; Subramanian et al.,
2005) revealed that LLI tumors were enriched in
inflammatory = pathways, including “Allograft
rejection,” while BL tumors were enriched for the
“p53 pathway”, “TGF_BETA signaling, and
“Hypoxia” (Figure 2E).

Taken together, these findings confirmed the
existence of two distinct chromatin states, BL and LLI,
in clinical HGT1 bladder cancer samples from two
independent cohorts. The results validated their
associated transcriptional programs and showed that
the LLI subtype is associated with poorer clinical
outcomes.

Single cell expression analysis validates the
existence of subtypes and shows intratumor
heterogeneity

To assess heterogeneity at single-cell resolution
in a larger cohort, we performed single-nuclei RNA
sequencing (snRNA-seq) using GEM-X Flex
technology from 10XGenomics, on nine FFPE tumors
from the 62-HGT1 cohort, along with two additional
MIBC surgical specimens. These latter tumors were
selected based on their combined micropapillary
>30% and URO histology (hereafter referred to as
MPBC1 and MPBC2). Nuclei were isolated using an
in-house FFPE-optimized protocol, which builds on
our previously published method for frozen tissue
(42) and includes additional deparaffinization and
rehydration steps.

This approach yielded 37,879 high-quality nuclei
in 11 patients (Table S1). Data were visualized using
UMAP to examine inter- and intratumoral
heterogeneity =~ (Figure S3A). Malignant and
nonmalignant populations were distinguished using a
combination of CNV inference via inferCNV (46) and
the expression of cancer markers, such as NECTIN4
(Figure S3B-C). Consistent with our scATAC-seq
findings (Figure S1D), snRNA-seq shows that normal
cell clusters were more homogeneous across patients,
whereas tumor cell clusters displayed higher
heterogeneity (Figure S3A,D). Lineage annotation
based on canonical markers (as described in
Methods), identified diverse normal cell types
including T cells, B cells, endothelial cells, fibroblasts,
plasma cells, and normal epithelial cells (Figure
S3D-E). These findings confirm the ability of our FFPE
snRNA-seq workflow to preserve the TME
complexity.

Focusing on malignant cells (Figure 3A), we
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evaluated the cancer subtypes. To this end, we
extended the CDS framework to include a MP-specific
signature, derived analogously to the BL and LLI
signatures, by identifying MP-specific enhancers and
corresponding gene expression (Figure S3F). We then
performed subtype scoring using CDS, classifying
cells as BL, LLI, or MP (Figure 3B-C). We observed
varying degrees of intratumoral heterogeneity, with
BL and LLI cancer cells coexisting within individual
tumors, particularly among URO carcinomas (Figure
3C-D). As expected, the MP signature showed the
highest scores in MPBC cases with a mixed MP/URO
histology, validating its applicability in these
independent cases (Figure 3C-D). In these instances,
the URO component of MPBC1 was scored mainly as
the BL subtype, whereas in MPBC2, the URO
component was classified as LLI (Figure 3D). These
findings further suggest that HGT1-derived
signatures may also be applicable to MIBC tumors.

Interestingly, a few tumors diagnosed with pure
URO histology, such as vhl, vh24, and vh122,
contained small cell populations with elevated MP
scores, suggesting previously unrecognized MP
histology (Figure 3D). Among the URO cases, several
tumors (vh12, vh176, vh125, vh75, vh24, and vh15)
exhibited a mixture of BL and LLI cells, whereas vh1l
and vh6l were predominantly BL and LLI,
respectively (Figure 3D). Tumor vh122, although
classified as LLI, lacked KRT20 expression (Figure
S3G) and harbored an MSH2 splice-site mutation (15)
which may enhance neoantigen production and drive
inflammation (Figure 3C-D). In accordance with their
lineage characteristics, the snRNA-seq results also
showed that the BL subtype was associated with
KRT5 and TP63, and LLI/MP with KRT20 (Figure
S3G).

Next, we compared CNVs profiles across
subtypes. In the two mixed-histology cases (MPBC1
and MPBC2), the MP and URO components harbored
distinct clonal profiles showing two distinct genetic
backgrounds (Figure 3E). In contrast, within URO
histology, the BL and LLI subtypes shared similar
clonal origins (Figure 3F), suggesting epigenetic
regulation rather than genetic divergence. Distinct
chromatin subtypes with the same genetic
characteristics support the occurrence of cancer cell
plasticity in URO histology, based on chromatin
switching. In contrast, the distinct genetic structures
of MP and URO histologies suggest more stable
subtypes.

To benchmark our classification strategy, we
compared CDS scores with previously proposed
UROMOL2021 subtypes (11). When applying the
UROMOL2021 classification to the nine HGT1
snRNA-seq datasets, we observed the coexistence of
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multiple subtypes within individual tumors; for
example, vh125 and vh176 showed a mixture of
classes 2a and 3, consistent with previously reported
intratumoral heterogeneity (47) (Figure S3H).
Notably, we could not identify cells classified as class
2b in our single-cell analysis (Figure S3H). This
finding suggests that class 2b may be the result of a
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enrichments per cancer subtype (Figure 3G). BL
clusters were enriched in “angiogenesis” and
“hypoxia” pathways; LLI clusters in “inflammatory”
and “allograft rejection” pathways and MP clusters in
metabolism related like “cholesterol-homeostasis”
and in cell polarity like “apical junction” pathways
(Figure 3G). These pathways involve the interaction

between cancer cells and the microenvironment,
which we can further investigate using single-cell

mixed phenotype at the bulk level rather than a
distinct tumor entity.

We then used pseudo-bulk clustering and  methodologies.
single-sample GSEA to identify the pathway
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Figure 3. snRNA-seq study of nine HGT1 cases and two MIBC with mixed URO and MP histology. A) UMAP combining the cancer cells from the eleven datasets, colored by
sample ID. B) UMAP plot showing the scoring of all the cancer cells in our study by the CDS classificator in MP, LLI and BL chromatin derived signatures (scale on the right,
represents enrichment score values). C) CDS classification of the cancer cells in the combined UMAP plot showing cancer cells scoring for the LLI subtype (blue), the BL (red)
and the MP subtype (yellow). D) Barplot showing the relative percentage of each cancer subtype in each tumor sample. E) CNV analysis of the cancer cells in the two
micropapillary mixed samples clustered by histological subtype. These cell populations show distinct CNV patterns indicating that they are distinct clones. The MP clones from
both MPBC samples show alterations on chromosome 17 consistent with ERBB2 amplifications. The color scale represents relative copy-number variation (CNV) signal. Values
are centered around | (neutral copy number). Red indicates copy-number gains, while blue indicates copy-number losses. F) CNV analysis of two representative URO samples
(vh75 and vh125) separated by CDS subtype and then clustered with Kmeans=3 to show the subclonal structure. In both cases the BL components of the tumor show similar
clonal structure as the LLI cells. The scale is as in panel E. G) GSEA pathway analysis of the differentially expressed genes for BL, LLI and MP pseudoclusters of cancer cells. H)
Bar plot showing the relative percentage of M1 and M2 macrophages in each tumor sample. [) UMAP of all CAFs identified across the eleven datasets and colored by sample ID.
J) Subclassification of the CAF population based on the expression of canonical markers into the following subtypes: myCAF, iCAF, apCAF, INF-CAF, and PSCA-CAF. Left: Dot
plot showing marker gene expression across annotated cell types. Dot size represents the percentage of cells within each cell type expressing the gene, and color intensity
indicates the average scaled expression level. Canonical marker genes were selected to support cell-type annotation. Right: UMAP of the subclassified CAF populations from
panel |, showing that myCAFs are present only in the two MPBC samples. K) UMAP plot showing the scoring of all the tumor cells in our study with a HIF target genes signature.
Right bar plot shows the quantification of the HIF target gene signature across the subtypes for the entire snRNA-seq cohort. L) Three representative NMIBC cases from a TMA
that are positive for KRT5 and KRT20 staining. The two stains have been merged showing that the positive cell populations are nearly mutually exclusive. Also, the KRT5+ cells
(orange) are largely near the blood vessels (v.s.) with the KRT20+ cells (blue) further away.

https://lwww.thno.org



Theranostics 2026, Vol. 16, Issue 12

Assessment of subtypes and
microenvironment by single-cell
transcriptional analysis

When analyzing the TME, we observed several
notable features. One consistent finding across all
subtypes was the presence of M2 macrophage
polarization, as determined using canonical markers
including CD163 (Figure 3H) (described in the
Methods section). In particular, MP tumors
demonstrated activation of mucins, such as MUC4
(Figure S3F), which is involved in glycosylation and is
known to contribute to a pro-tumorigenic immune
environment. For instance, the SPP1-MUC4 axis has
been implicated in promoting M2 polarization (48)
(49). Consistently, the two MPBC samples with MP
components showed a higher abundance of
M2-polarized macrophages as compared with the
URO cases (Figure 3H). However, this is a very small
cohort, and the results would need to be validated in
larger cohorts. The M2 polarization observed in
general in bladder cancer suggests a pervasive
subtype-independent immunosuppressive
microenvironment.

Next, we  analyzed the status of
Cancer-Associated Fibroblasts (CAFs), which are
known to promote M2 macrophage polarization (50).
CAFs can be categorized into different subtypes
including:  Myofibroblastic = CAFs  (myCAFs),
immunoregulatory inflammatory CAFs (iCAFs),
Antigen-Presenting CAFs (apCAFs), IFN dependent
CAF (IFN-CAFs), and Prostate Stem Cell Antigen
(PSCA)+ CAFs (PSCA+CAFs) (51). Previous studies
used inferred CAF signatures from the UROMOL
bulk RNA-seq cohort-associated UROMOL2021 class
2b with high fibroblast signature activity and class 3
with immune depletion and low CAF activity (52).
However, these subtypes do not appear to represent
distinct entities when analyzed using single-cell
approaches, and the characteristics of CAFs in bladder
cancer remain poorly defined.

Our single-cell resolution data provides new
insights into this question. The CAF were reclustered
(Figure 3I) showing presence of the distinct CAF
subtypes in the cohort, as assessed by the expression
of specific markers (Figure 3I, J). Both MPBC samples
exhibited myCAF populations, with MPBC2 showing
a mixture of myCAFs and iCAFs (Figure 3]). Both
MPBC samples showed a very low percentage of
IFN-CAFs and PSCA* CAF (lower than 3% combined
for these subtypes in both cases) (Figure 31, ]J). The
HGT1 cases, conversely, were enriched in INF-CAFs
and PSCA* CAF. Notably, VH122, which harbors an
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MSH?2 mutation, was enriched in apCAFs (Figure 3I,
J), suggesting a potential role for apCAFs in
neoantigen presentation as a result of MSH2
mutation.

Within the URO histology group, we observed
notable differences in pathway enrichment between
subtypes (Figure 3G). Interestingly, “hypoxia” and
“angiogenesis” pathways were significantly enriched
in the BL subtype compared to LLI (Figure 3G), with
marked differential activation of the HIF1 target
pathway in BL tumors (Figure 3K). These findings
suggest that the chromatin-defined subtypes are
associated  with  distinct  microenvironmental
conditions.

To  spatially validate the  intratumor
heterogeneity in the expression of cancer subtypes
and its spatial compatibility with the enriched
pathways, we performed immunohistochemistry
(IHC) on tissue microarrays (TMAs) from an
independent cohort of 162 pure urothelial tumors (53)
comprising 102 high-grade T1 (HGT1), 41 low-grade,
and 19 muscle-invasive bladder cancer (MIBC)
samples. We applied immunostaining of KRT5, TP63,
and KRT20 as surrogate markers for BL and LLI
subtypes. Notably, coexistence of KRT5- and
KRT20-expressing tumor cell populations was
observed in 44% of the samples (53/120), reflecting
intratumoral heterogeneity (Figure S3I). In contrast,
exclusive expression of KRT5 (27%), KRT20 (21%), or
neither marker (8%) further underscored subtype
diversity, patterns consistent with those observed in
our scRNA-seq dataset (Figure 2A,B).

Spatial mapping confirmed subtype-specific
cellular organization: KRT5 positive cells were
enriched at the tumor-stroma interface, whereas
KRT20 positive cells were centrally located (Figure
S3]). TP63 primarily overlapped with KRT5,
indicating a distinct BL subset. Minimal co-expression
supported the statistical spatial separation of the
subtypes (Figure S3K, 3L). The localization of basal
KRT5 positive cells was significantly closer to the
vascular stroma (Figure S3],K) supports the idea that
oxygen availability may play a role in maintaining BL
and LLI phenotypes, with BL cells showing increased
sensitivity to hypoxic signaling.

Together, these findings underscore the value of
single-cell analysis combined with IHC to resolve the
molecular and spatial complexity of bladder cancer.
Both methods highlighted the coexistence of
transcriptionally distinct subtypes within individual
tumors and emphasized the biological relevance of
spatial organization for understanding tumor
heterogeneity and progression.
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a highly infiltrated TME, where cancer cells represent 49% of total cells in the area. In the URO component of MPBCI, cancer cells represent the 96% total cells in that area. B)
Spatial transcriptomic results from MPBC2, as shown in part A. In the MP component of MPBC2, cancer cells represent 58% of the total cells in the area, compared with 77%
cancer cells in the URO region. C) Expanded view of the MP region of MPBC2 showing cell type annotation on top of the H&E image. The solid line surrounds the MP tumor cells
and the dashed line demarcates the immune cell cluster. D) Analysis of the fibroblast population in this region using mean expression of canonical markers across a high fraction
of cells to identify the CAF subtypes (apCAF, iCAF, myCAF). Dot plot shows CAF- specific marker gene expression across annotated cell types. Dot size represents the
percentage of cells within each cell type expressing the gene, and color intensity indicates the mean expression level. E) Expanded view of the MP region of MPBC2 showing CAF
subtype annotation on top of the H&E image. The solid line surrounds the MP tumor cells and the dashed line demarcates the immune cell cluster. F) Quantitative analysis of the
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measured in pixel units. G) Spatial representation of EGLN3 target gene expression in the basal urothelial cells of sample MPBCI. Dot plot shows Macrophages- specific marker
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Violin plot of EGLN3 gene expression levels in MP cells versus the URO (BL) cells in the MPBCI spatial dataset. Significantly higher expression is detected in the URO-BL cells
(t-test; p<0.01). J) UMAP of EGLN3 expression levels in the MPBC1 snRNA-seq dataset, showing higher expression in the URO subtype compared with the MP component. K)
Violin plot of EGLN3 expression levels in MP cells versus the URO (BL) cells in the MPBCI snRNA-seq dataset. Significantly higher expression is observed in the URO-BL cells
(t-test; p<0.01).

bin-to-cell methodology that combines the H&E
image with the transcriptional information, as
described in the Methods section. Next, we performed
clustering analysis using a graph-based method using

Assessment of subtypes and
microenvironment by spatial whole
transcriptional analysis

Next, we applied the 10x Genomics Visium HD
platform to spatially investigate the transcriptional
profiles of bladder cancer subtypes and to visualize
their interactions with the TME. This technology
enables transcriptome-wide spatial profiling at an
enhanced resolution (2 x 2 pm contiguous barcoded
squares) and integrates = hematoxylin-stained
histological imaging, enabling spatial mapping of
transcription between cancer cells and their
surrounding stroma. We conducted this analysis on
two MPBC cases for which we had surgical specimens
containing both micropapillary (MP) and urothelial
(URO) histology (Table S1). Unlike biopsies, these
samples preserved the tissue architecture required for
spatial transcriptomic analysis (Figure 4AB; Figure
S4A). We performed cell segmentation to assign
transcriptional information to each cell using a

the Scanpy/Squidpy framework (54,55) (Figure 4A-B
and Figure 54B).

Unsupervised clustering revealed distinct
clusters corresponding to normal cell lineages and
cancer cell subtypes, which we annotated using a
marker-based approach, as done for the snRNA-seq
analysis and described in the Methods (Figure 4A-B;
Figure S4B). Notably, the MP and URO histologies
formed transcriptionally distinct clusters in the
UMAP plot (Figure S4B), which spatially matched
their corresponding histological spatial locations as
shown by comparison with the Hematoxylin-Eosin
staining (Figure 4A-B). In MPBC1, the URO
component scored as the BL subtype without
significant LLI enrichment (Figure S4C), differing
from the snRNA-seq results for the same tumor that
also showed a LLI component (Figure 3D). This
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difference could likely be due to sampling from
different tissue sections (Figure S4C). Conversely, the
URO component of MPBC2 consistently scored as LLI
subtype across both platforms (Figure S4D).

The spatial organization of the TME varied
significantly between the MP and URO components.
The URO-associated stroma displayed a relatively
simple structure, whereas the MP histology featured a
more complex stromal architecture with a lower
representation of cancer cells versus stromal cells and
a higher presence of cancer-intermixed macrophages
and CAFs (Figure 4A-B).

Since our snRNA-seq analysis revealed the
presence of myCAFs, iCAF, and apCAFs populations
in MP samples, we aimed to investigate the spatial
location of these CAFs subtypes. We found a
particularly complex CAF representation in the MP
component of MPBC2 (Figure 4C), that in accordance
with the snRNA-seq result, showed significant
representation of myCAFs, iCAF, and apCAFs
subtypes based on the expression of corresponding
canonical markers (Figure 4D). These three CAF
subtypes in MPBC2, occupied distinct spatial niches:
myCAFs were embedded within the tumor core,
whereas iCAFs were localized to the periphery and
were interspersed within the cluster of immune cells,
including B cells, T cells, and macrophages (Figure
4E). We also found populations of apCAFs closer to
the periphery of the tumor (Figure 4E). We further
analyzed the co-occurrence probability of CAF
populations relative to that of MP cancer cells. These
results validated the spatial observation, showing that
myCAFs were more likely to co-occur closer to MP
cancer cells (Figure 4F). In MPBC1 in contrast, we did
not find iCAF, but there was still a high population of
myCAFs and apCAFs that were intermixed with MP
cancer cells (Figure S4E-F). This result emphasizes the
additional value of spatial technology in spatially
contextualizing snRNA-seq findings.

The representation of M2-polarized
macrophages was observed across all bladder cancer
samples analyzed by snRNA-seq (Figure 3H). For
MPBC1 and MPBC2 in particular, we found a
statistically significant higher M2-to-M1 macrophage
ratios (Figure 4G), as reflected by the expression of
M2-associated markers (Figure 4G).

To investigate the TME in URO subtypes and the
results from the IHC analysis, we spatially analyzed
the oxygen-related features enriched in BL subtypes.
The snRNA-seq results showed an enriched
expression of “hypoxia” and “angiogenesis”
pathways in the BL subtype compared to the LLI and
MP (Figure 3G). In addition, immunohistochemical
analysis showed that the KRT5 positive basal cells
were significantly closer to the vascular stroma
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(Figure 3K). Therefore, we analyzed the spatial
distribution of the standard hypoxia marker EGLN3
within the BL component of MPBC1. EGLN3 is a
marker of sustained or late-stage hypoxic responses
and is more stable than HIF1IA mRNA, which can be
transient (56). We observed strong overexpression of
EGLN3 in the BL component as compared with MP
histology (Figure 4H-I), which was also validated in
the snRNA-seq analysis of the same sample (Figure
4]-K). This result was extended to the snRNAseq 11
sample cohort, which showed that EGLN3 was
significantly higher in BL than in LLI and MP (Figure
54G). These findings support that BL cells might
exhibit a distinct sensitivity to oxygen availability,
which is consistent with observations from
immunohistochemical  analyses. @ However, a
comparison with the LLI component was not possible
because of its absence.

In summary, spatial transcriptomics
complemented and  spatially  contextualized
snRNA-seq analysis, highlighting the complexity of
the TME and revealing distinct differences between
MP and URO histologies within the same tumor
specimens.

Discussion

Chromatin profiling refines and validates
molecular subtypes

In this study, we defined chromatin subtypes in
HGT1 NMIBC based on enhancer profiling that show
intratumor heterogeneity, that are associated with the
activation of distinct molecular pathways and have
divergent interactions with the TME. Previous
classifications, using bulk RNA-seq lacked resolution
to uncover this complexity (11), underestimate the
significance of intratumor heterogeneity and limit the
ability to correlate molecular subtypes with patients’
clinical outcomes. More recently, single-cell
technologies have revealed the coexistence of
subtypes within individual tumors (47), however,
further refinement and functional interpretation of
these subtypes are required. Our study builds upon
these findings by anchoring subtype distinctions to
the chromatin landscape. Specifically, our results
provide chromatin support for the UROMOL2021
subtypes 1, 2a, and 3. By contrast, LC subtype 2b (11)
may represent a heterogeneous mixture of cellular
states rather than a discrete, transcriptionally, and
epigenetically defined entity. This is supported by the
lack of alignment between subtype 2b and any
chromatin-defined subtype as well as the absence of
2b signature scoring at the single nucleus level in our
cohort.

Our epigenetic profiling subdivides URO tumors
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into two distinct chromatin subtypes originating from
potentially distinct cells of origin. Although we
cannot rule out the existence of additional subgroups,
especially given the size limitation of our H3K27ac
dataset, we show the presence of two major states: a
luminal-like (LLI) and a basal-like (BL) chromatin
program, sharing features with UROMOL2021
subtypes 2a and 3, respectively. Therefore, our
chromatin findings provide a mechanistic substrate
that supports the stability and steady state of those
UROMOL2021 subtypes. Chromatin states capture
regulatory potential and lineage commitment that are
less sensitive to transient transcriptional fluctuations
than mRNA profiles alone. It also reflects the
cell-of-origin either luminal or basal, that still shows
chromatin characteristics and memory from lineage.
Our work validates the existence of steady states
subtypes 2a and 3 likely reflecting the lineage's
determination.

Epigenetic subtypes reflect tumor plasticity
and spatial organization

The LLI and BL states were found to coexist in
approximately 40% of the tumors analyzed. Copy
number variation (CNV) inference from snRNA-seq
data revealed that both URO subtypes share similar
genetic backgrounds within the same tumor.
Immunohistochemical analysis further supported this
coexistence of the classification, showing that
KRT5-positive basal-like cancer cells were frequently
located near the vascularized stroma, whereas
KRT20-positive luminal-like cells tended to cluster
toward the tumor center. Taken together, the
non-genetic mechanism, spatial
compartmentalization, and variable degrees of
heterogeneity across cases suggest that epigenetic
subtypes may reflect tumor plasticity driven by
environmental factors. For example, oxygen
accessibility has been implicated in cancer plasticity
(57) particularly through the oxygen-sensing activity
of the H3K27 histone demethylase KDM6A. KDM6A
(UTX) catalytic activity falls sharply as oxygen drops,
leading to increased H3K27me3 at specific loci,
impairing demethylation, and blocking
differentiation. This drop in KDM6A activity allows
cells to translate hypoxia into stable chromatin and
transcriptional changes (57). Through this chromatin
reprogramming, KDM6A could link oxygen
availability to control of cell fate decisions and acts as
a tumor suppressor whose inactivation can support
adaptive responses in low-oxygen environments (58).
Inactivating mutations in KDM6A, which are more
common in bladder tumors with luminal features,
may further support the role of hypoxia-mediated
epigenetic reprogramming in shaping tumor
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heterogeneity. Further analysis of KDM6A mutational
status and their correlation with predominant
chromatin subtypes could further support this
hypothesis.

URO and MP subtypes display contrasting
TME architectures

In contrast, the two distinct histological
subtypes, URO and MP, which can coexist within the
same tumor specimen, represent, in the studied
samples, separate genetic clones and may correspond
to more stable transcriptional states. Importantly, our
analysis shows that URO and MP exhibit markedly
different interactions between cancer cells and their
respective TMEs. The MP subtype is characterized by
a more complex microenvironment, with a diverse
population of cancer-associated fibroblasts (CAFs)
occupying spatially distinct regions. In the MP
compartment of the studied cases, myofibroblastic
CAFs (myCAFs) are found in close proximity to
tumor cells, whereas inflammatory CAFs (iCAFs) are
more intermingled with immune cells. This spatial
organization coincides with higher infiltration of
M2-polarized tumor-associated macrophages (TAMs)
within the MP component. The presence of M2
macrophages and these CAF subtypes suggests an
immunosuppressive microenvironment associated
with the MP cellular niche. CAFs are increasingly
being recognized as key regulators of tumor
progression  through  mechanisms such as
extracellular matrix remodeling, secretion of growth
factors, and modulation of immune responses
(561,59,60). Similarly, M2-polarized TAMs promote
tumor progression and immune evasion by
supporting  tissue repair, angiogenesis, and
immunosuppression (61). CAFs can recruit and
polarize macrophages toward the M2 phenotype (62)
via cytokine and fibroblast growth factors (63). The
reciprocal interaction between CAFs and M2
macrophages reinforces an immunosuppressive TME
and contributes to the resistance to immune
checkpoint inhibitors in multiple cancer types (64).
Specific TME characteristics can contribute to worse
outcomes associated with MP histology. In contrast,
the URO subtype exhibited an immune-excluded
phenotype with fewer infiltrating immune cells,
reflecting a less complex stromal landscape. Further
studies in larger, independent cohorts will be
required to assess the robustness and generalizability
of these observed differences between histological
subtypes.

Summary

The presence of chromatin-based subtypes
exhibiting intratumor heterogeneity and phenotypic
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plasticity underscores the complex challenges faced in
cancer treatment. These potentially dynamic
epigenetic states may enable tumors to adapt to
therapeutic pressures, contributing to resistance and
disease progression. Furthermore, the differences
observed between the micropapillary (MP) and
urothelial (URO) subtypes are based on variations in
the TME, suggesting that microenvironmental factors
may actively drive or sustain divergent tumor
programs. Together, these insights highlight the
complex heterogeneity of bladder cancer and
underscore the relevance of single-cell and spatial
resolution analyses in uncovering disease biology,
ultimately guiding the development of more precise
and context-specific therapeutic strategies.

Methods
NMIBC tissues and FiTAc H3K27Ac profiling

NMIBC tissues were obtained from collections at
the Hospital del Mar-Parc de Salut MarBiobank in
Barcelona, Spain. For H3K27ac profiling, we selected
17 NMIBC, five of which had identified
micropapillary content (Table S1). All the patients
were treatment-naive. To increase the enrichment of
cancer cells, we macro-dissected FFPE sections
whenever needed to obtain >80% tumor cells. To
increase the enrichment in micropapillary content,
cores were taken at areas of high MP content, as
selected by a pathologist. All procedures performed in
studies involving human participants were in
accordance with the ethical standards of the
institutional and/or national research committee and
with the 1964 Helsinki Declaration and its later
amendments or comparable ethical standards. The
FiTAc-seq method was performed as previously
described (25). We started from 10 sections, 10 pm
thick, that were washed three times with xylene to
remove paraffin, and rehydrated in an ethanol/water
series. The tissue was resuspended in lysis buffer as
previously described and sonicated for 5 minutes
using a Covaris E220 instrument (setting: 140 peak
incident power, 5% duty factor, and 200 cycles per
burst) in 1 ml adaptive focused acoustics (AFA) fiber
millitubes.  Soluble chromatin (5 pg) was
immunoprecipitated with 10 pg of H3K27ac
(Diagenode catalog number C15410196) antibody
(Ab). ChIP-seq libraries were constructed using
ThruPLEX-FD kits (Rubicon Genomics), following the
manufacturer’s protocol. 75-bp single-end reads were
sequenced using a NextSeq instrument (Illumina).

Nuclei preparation and single-cell ATACseq

For each of the two HGT1 cases, a 40 pm section
was obtained, and nuclear isolation was performed as

6903

previously described(25,42) Briefly, the section was
suspended in 300 pl of cold buffer comprising 0.1%
NP40, 0.1% Tween-20, and 0.01% digitonin. The
homogenized tissue was then transferred to a
pre-chilled 1.5 ml microfuge tube and incubated on
ice for 10 min. Lysates were then filtered through a 40
pm cell strainer, and nuclei were centrifuged for 10
min at 1500 relative centrifugal force (RCF) in a
pre-chilled (4 °C) fixed-angle centrifuge. Nuclei were
resuspended in 300 pl of buffer containing 0.1%
Tween-20 and enumerated using a hemocytometer
with trypan blue stain. Approximately 7000 cells were
targeted per sample and processed following the 10x
Genomics scATAC-seq sample preparation protocol
(Chromium Single Cell ATAC Library & Gel Bead Kit,
10% Genomics). Paired-end reads of 150 bp were
sequenced using NovaSeq XP.

Nuclei isolation and snRNA-seq from FFPE
tissue

Nine NMIBC clinical samples were selected from
the Hospital del Mar-Parc de Salut MarBiobank in
Barcelona, Spain. Two MPBC samples were obtained
from the Gelb Center, Dana Farber Cancer Institute.
Nuclei were isolated using a modified version of a
protocol originally developed for frozen specimens,
optimized for FFPE materials. Paraffin was removed
through sequential xylene washes, followed by tissue
rehydration in a graded ethanol series, and finally in
distilled water. After centrifugation, the tissue pellet
was resuspended in a dissociation buffer composed of
phosphate-buffered saline (PBS, 896.5 uL), Liberase
TM (38.5 uL at 6.5 U/pL), Collagenase D (40 pL at 100
mg/mL), and RNase inhibitor (25 pL at 40 U/pL).
Samples were incubated at 37°C for 1 h in a
thermomixer to facilitate enzymatic tissue
dissociation. Following dissociation, the samples were
washed with PBS, centrifuged, and the resulting pellet
was resuspended in 300 pL of lysis buffer containing
0.1% NP-40, 0.1% Tween-20, and 0.01% digitonin. The
suspension was incubated overnight at 37°C in a
thermomixer to ensure complete cell lysis and nuclear
release. After incubation, 700 pL of 0.1% Tween-20
RSB buffer was added before passing through a 40 pm
cell strainer to remove debris. The nuclei were
counted on Countess II before pelleting them down
by centrifugation at 1,250 x g for 10 min at 4°C using a
fixed-angle rotor. Approximately 10,000 nuclei per
sample were processed for single-nucleus RNA
sequencing using the 10x Genomics GEM-X Flex Gene
Expression protocol. Libraries were prepared,
multiplexed, and sequenced as 150 bp paired-end
reads on the [llumina NovaSeq XP platform.
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Visium HD protocol

Spatial transcriptomic profiling was performed
using the 10x Genomics Visium HD platform
following the manufacturer's protocol with minor
modifications. Formalin-fixed, paraffin-embedded
(FFPE) tissue blocks were sectioned at 5 pm thickness
and mounted onto standard glass slides. Sections
were then fixed, stained with hematoxylin and eosin
(H&E), and imaged using a high-resolution slide
scanner to capture the detailed tissue morphology.
Following  imaging,  tissue  sections  were
permeabilized  to  facilitate  probe  access.
Subsequently, probe hybridization was carried out
overnight to target mRNA sequences.

After hybridization, the slides were processed
using the Visium CytAssist instrument. This step
involved aligning the tissue sections on standard glass
slides with the capture areas on the Visium HD slide,
enabling the transfer of spatially barcoded probes to
the capture areas. The CytAssist instrument facilitates
the transfer of spatial information from the tissue
sections to the Visium HD slide. Library preparation
was completed using the Visium HD library
construction kit, and sequencing was performed on an
[llumina NovaSeq system to a depth sufficient for
highresolution spatial gene expression analysis.

Immunohistochemistry

We performed immunohistochemistry on tissue
microarrays made from a collection of 162 bladder
tumor samples, composed mainly of HGT1 (102 cases)
but also containing 41 low-grade tumors and 19
MIBC(53). Tissue sections were deparaffinized in
xylene and hydrated using an ethanol and water
series. After antigen retrieval, the slides were treated
with 3% H202 in PBS for 10 min to quench
endogenous peroxidases, washed, and incubated in
blocking solution (PBS containing 1% BSA and 1%
Tween-20) for 1h at ambient temperature. Slides were
incubated with TP63(FLEX Monoclonal Mouse
Anti-Human p63 Protein, VENTANA anti-p63 (4A4),
Part Number:GA66261-2) KRT5 (KRT 5 VENTANA
anti-Cytokeratin 5/6 (D5/16B4) Mouse Monoclonal
Primary Antibody), KRT20 (KRT 20 VENTANA
anti-Cytokeratin 20 (SP33) Rabbit Monoclonal
Primary Antibody) (Ab diluted in blocking solution
for 1 h. Slides were washed in PBS and incubated with
the peroxidase-based EnVision Kit (Dako).

Computational and statistical analysis

H3K27Ac FiTAc-seq analysis

Alignment and peak calling: All samples were
processed through the computational pipeline
developed at the Dana-Farber Cancer Institute Center
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for Functional Cancer Epigenetics using open-source
programs  (https://github.com/liulab-dfci/ CHIPS)
(27). Sequence reads were aligned with the
Burrows-Wheeler Aligner (BWA) (65) to build hgl9,
and uniquely mapped, nonredundant reads were
retained. These reads were used to generate binding
sites with ModelBased Analysis of ChIP-Seq 2 (MACS
v2.1.1.20160309), with a g-value (FDR) threshold of
0.01 (66). We evaluated multiple quality control
criteria based on alignment information and peak
quality: (i) sequence quality score; (ii) uniquely
mappable reads (reads that can only map to one
location in the genome); (iii) uniquely mappable
locations (locations that can only be mapped by at
least one read); (iv) peak overlap with Velcro regions,
a comprehensive set of locations - also called
consensus signal artifact regions - in the genome that
have anomalous, unstructured high signal or read
counts in next-generation sequencing experiments
independent of cell line and of type of experiment; (v)
number of total peaks (the minimum required was
8,000); (vi) high confidence peaks (the number of
peaks that are tenfold enriched over background);
(vii) Overlap with known DHS sites derived from the
ENCODE Project (the minimum required was an 80%
overlap); and (viii) peak conservation (a measure of
sequence similarity across species based on the
hypothesis that conserved sequences are more likely
to be functional). Genome tracks were visualized
using IGV (v2.14.1) (67).

Unsupervised analysis of the H3K27ac dataset:
We used Permutational Multivariate Analysis of
Variance (PERMANOVA) to statistically assess
differences among the three clusters identified
through hierarchical clustering of gene expression
data. The PERMANOVA is a non-parametric method
that evaluates whether the centroids of predefined
groups differ significantly in multivariate space. This
analysis was conducted using the “Adonis2’ function
from the ‘vegan’ package in R, which operates on
distance matrices and employs permutation tests to
determine the statistical significance. By applying
PERMANOVA, we tested the null hypothesis that
there are no differences in the multivariate centroids
among the three clusters. The analysis was performed
with 999 permutations to assess the significance of the
observed differences. This approach provided a
robust statistical framework to validate the clustering
results and ensure that the observed groupings
reflected meaningful biological variation rather than
random chance.

Differential binding analyses: The COBRA
pipeline was used for differential analysis (27).
Briefly, peaks from all samples were merged to create
a union set of sites for each transcription factor and
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histone mark using Bedops (68). Read densities were
calculated for each peak for each sample and used to
compare cistromes across samples. Sample similarity
was determined by hierarchical clustering using
Spearman correlation between samples with
significant differences. PCA plots were generated
using standard R tools. Differential peaks were
identified by DEseq2 with adjusted P < 0.05 and
|log2FoldChange | > 0.5. The total number of reads in
each sample was applied to the size factor in DEseq?2,
which normalizes the sequencing depth between
samples. Peaks from each group were used for motif
analysis using the motif search findMotifsGenome.pl
in HOMER? (v3.0.0) (28) with a cutoff g-value < 1e-10.
The signals of each sample on the different binding
sites were visualized using Deeptools (28,69). For the
PCA of H3K27Ac signals in Figure 1B, all peaks from
H3K27Ac ChIP-seq data were used.

Cistrome toolkit and GREAT analysis: We
utilized the 'cistrome toolkit' web tool (70,71) to
predict which factors exhibit significant binding
overlap with differential peaks between URO1 (LLI)
and URO2 (BL). Differential peaks were also analyzed
using the GREAT web tool (33) to predict functions. A
threshold for the single nearest genes within 400 kb
was set. The prediction results for the GO biological
processes were visualized using ggplot2 (72).

Bulk RNA-seq analysis

Quality control and differential analysis: Read
alignment, quality control, and data analysis were
performed using the Visualization Pipeline for
RNA-seq (VIPER) (73). Alignment to the hgl9 human
genome was done using STAR v2.7.0f (74) followed
by transcript assembly using cufflinks v2.2.1 (74,75)
and RseQC v2.6.2 (76). Differential gene expression
analyses were performed by comparing LLI with BL
using DESeq2 v1.18.1 (76,77) utilizing absolute gene
counts for RNA-Seq data and raw read counts for
transcriptomic profiling data. The samples in the LLI
and BL groups were matched with samples from
H3K27ac ChlIP-seq analysis. Specifically, in the
H3K27ac dataset, there were six samples assigned to
URO1 (LLI) and six to URO2 (BL), while in the
RNA-seq cohort, there were three samples for URO1
(LLI) and four for URO2 (BL).

Clinical analysis

CDS development: To develop a robust classifier
reflecting the epigenetic states of HGT1 tumors, we
integrated H3K27ac FitAc-seq data with matched bulk
RNA-seq profiles. The derivation process followed a
systematic multi-step pipeline. First, we identified
subtype-specific regulatory elements by performing
differential enrichment analysis of H3K27ac signals
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between the URO1, URO2, and MP clusters.
High-confidence peaks were defined using a g-value
(FDR) threshold of less than 0.01. These differentially
enriched H3K27ac regions were then linked to their
predicted target genes and cross-referenced with
differential expression data from matched RNA-seq
samples. Candidate genes for the BL and LLI
signatures were selected based on a differential
expression magnitude of |log2FC| > 5, while genes
for the MP signature were selected using a threshold
of |log2FC| > 2, as the MP subtype exhibited more
nuanced transcriptional differences compared to the
highly divergent BL and LLI states. All candidate
genes were required to have an adjusted P-value <
0.05 and a direct association with a subtype-specific
H3K27ac-enriched region. To determine the optimal
number of features for the Chromatin-Derived Score
(CDS) classifier, we performed iterative testing of
signature sizes ranging from 5 to 25 genes. We found
that selecting 15 genes per subtype provided the
highest classification accuracy while maintaining
statistical parity across all three states.

HGT1 and UROMOL bulk RNA-seq scoring and
statistics: The Gene set variation analysis (GSVA) (79)
score was computed for both HGT1 and UROMOL
RNA-seq cohorts, and the differences between the
GSVA scores of LLI and BL were used for sample
classification. Samples falling within the 1st quartile,
reflecting the highest LLI to BL score, were classified
as LLI-like, while those within the 4th quartile were
categorized as BL. Boxplots representing marker
expression in the BL and LLI groups were plotted
using the ggplot2 v3.5.1. GSVA was also conducted
using data from the UROMOL cohort. Samples with
LLI-BL > 0 were classified as LLI-like, while those
with LLI-BL < 0 were designated as BL-like. For the
UROMOL cohort, chi-square tests were conducted to
assess the associations between the four classes
defined in the UROMOL2021 classification and the
two subtypes identified by our LLI-BL classification.
Chi- square tests were also used to evaluate the
association between tumor progression and tumor
class.

Marker expression between LLI and BL cases
was compared using Student’s t-test with Welch
correction for the UROMOL cohort (n > 50, unequal
variances; F-test p-value < 0.05) and the Wilcoxon
rank-sum test for the HGT1 cohort (n < 50,
non-Gaussian distribution; Shapiro test p-value <
0.05), with results visualized by boxplots. All
statistical analyses were performed using the stats
package (v4.3.2) in RStudio (R v4.3.2).

Cox proportional hazards analyses were
performed using the survival package (v3.7.0), and
Kaplan-Meier curves were plotted using ggsurvfit

https://lwww.thno.org



Theranostics 2026, Vol. 16, Issue 12

(v1.1.0). The log-rank test was used to compare
survival distributions between groups.

Gene Set Enrichment Analysis (GSEA) was
conducted using GSEA software (GSEA Java; v4.1.0)
with Hallmark gene sets. Genes were pre-ranked
based on log?2 fold change (log2FC) for the BL versus
LLI comparison, and enrichment scores were
computed (p = 1, weighted). The top 10 enriched gene
sets on each side were visualized using ggplot2
(v3.5.1) (78).

IHC staining scoring

The scoring of the immunohistochemical
analysis of the collection of 162 bladder tumor
samples included in TMAs was performed by an
expert pathologist. p63 staining was assessed using
Histoscore (H-score), a metric that considers both the
percentage of stained cells and staining intensity. The
H-score was calculated as follows: 3 x percentage of
strongly stained nuclei + 2 X percentage of moderately
stained nuclei + percentage of weakly staining nuclei.
Intensity was scored as follows: 0, no staining; 1, weak
staining; 2, moderate staining; and 3, strong staining.
For KRT 5/6 and KRT20, the percentage of positive
cells was assessed.

Single-cell ATAC-seq data processing

Quality control: The scATAC-seq data from two
samples (UROL1 - 7166 cells; URO2 - 1733 cells) were
processed using the cellranger-atac (v2.0.0) (80)
pipeline with default parameters. Quality control
filtering of low-quality cells was performed using the
R packages Seurat (v3) (81) and Signac (v1.6.0) (81,82)
based on criteria including nucleosome-binding
pattern strength, transcription start site enrichment
score, number of fragments in peaks>100, and peaks >
600.

Sample integration: Integration of samples was
achieved using a common peak set derived from the
peaks of each sample with peak widths ranging from
20 to 10,000. The peak count matrix was subjected to
TF-IDF normalization using the Signac package.
Singular value decomposition (SVD), also referred to
as latent semantic indexing (LSI), was performed on
the normalized matrix using the RunSVD function in
Signac, resulting in 2:30 LSI components. These
components were then utilized for nonlinear
dimensionality reduction wusing the RunUMAP
function from the Seurat package. The Seurat function
FindNeighbors was used to create a shared nearest
neighbor graph based on the 2:30 LSI components.
Subsequently, the FindClusters function was
employed to iteratively cluster nuclei and optimize
modularity using the Louvain algorithm. The gene
activity score for the integrated object was computed
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using the GeneActivity function, and subsequently
normalized wusing the NormalizeData function.
Differential analysis for each cluster was conducted
using the FindMarkers function, whereas differential
motifs for each cluster were identified using
chromVar. The LLI and BL signature scores were
computed using the AddModuleScore function. Motif
enrichment analysis for each cluster was performed
using ChromVAR (83).
Single-cell ATAC cell type annotation: The scATAnno
(45) was used to perform cell type annotation.
Single-cell ATAC CNV inference: Our internal
CNV calling tool was used to call copy number
variation from single-cell ATAC-seq samples, which
adapted an existing bulk ATAC-seq method to utilize
off-target scATAC-seq reads to infer DNA copy
number changes. The genome was divided into large
intervals and the coverage of each interval was
determined. The scATACCNYV averaged the coverage
of 100 GC-matched intervals to establish background
levels. Comparisons between interval coverage and
the corresponding GC-matched background enabled
the estimation of CNV fold changes. Interval size of 1

Mb was chosen to accommodate the sparse
scATAC-seq data wusing the "ChunkGRanges"
function in Genomics Range. The "GCcontent"

function of biovizBase was used to calculate GC
content for each interval. The coverage adjustment for
the removed peaks was achieved by incorporating the
effective window size during the calculation.

Fixed snRNA-seq (FLEX) data processing

Quality control, dimensionality reduction and
clustering: Cellranger (version 6.0.2) (84) using 10x
Genomics aligned reads to the prebuilt GRCh38
genome reference version 2020-A
(refdatagex-GRCh38-2020-A). The R package Seurat
was used to perform subsequent processing using the
cell-by-gene matrix from the cellranger. Doublets
were identified and removed using the scDblFinder
(85) package. The barcodes were filtered using UMISs,
expressed genes, and mitochondrial gene percentages.
Cell cycle and mitochondrial genes were regressed
out using ScaleData function. The filtered gene-count
matrix underwent scaling and normalization for
sequencing depth wusing Seurat’s ‘SCTransform'
function. The principal components were then
calculated using Seurat's RunPCA function. The cells
were then clustered using a Louvain graph-based
approach. Initially, the Seurat function FindNeighbors
was employed to construct a k-nearest neighbor
graph based on Euclidean distances in principal
component analysis (PCA) space. Cells with similar
expression patterns are connected by edges. The first
30 principal components were used in this step with
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default parameters. Clustering was then performed
using  modularity =~ optimization  techniques,
specifically the Louvain algorithm from the Seurat
FindClusters function.

Data integration and snRNA-seq cell type
annotation: After quality control, the nine filtered
samples were merged. Subsequently, the merged
objects were normalized wusing the Seurat
SCTransform function, employing the same
parameters as when normalizing the individual
objects. Cells were then clustered using the top 30
PCA dimensions via the FindNeighbors and
FindClusters functions, with the resolution parameter
set to 0.2. Next, the RunUMAP function is applied to
obtain new cell embeddings. Cell type annotation was
performed on nine transcriptionally distinct clusters
using Seurat-derived marker genes and SingleR. For
each cluster, we identified differentially expressed
genes with FindAllMarkers and assigned identities
based on canonical markers per lineage:
tumor/epithelial cells (KRT7, KRT19, FGFR3, GATA3),
fibroblasts (COL1A1, COL1A2, COL3A1, DCN),
macrophages/monocytes (CD163, CSFIR, MS4A6A,
AEBP1), endothelial cells (PECAM1, VCAM1, VASHI,
EGFL?), B cells (MS4A1, CD37, BANK1, MZB1), T cells
(CD3D, CD3E, CD4, IL7R), and plasma cells (MZB1,
XBP1, SDC1, PRDM]1). In parallel, SingleR was run on
the normalized expression matrix using appropriate
reference datasets to obtain automated cell type labels
at the single-cell level. Cluster-level annotations were
finalized by integrating SingleR (83) predictions with
the marker-based assignments, and only labels that
were concordant between the two approaches and
biologically plausible in the disease and tissue context
were retained; clusters with discordant or ambiguous
profiles were left unannotated or grouped as other.
Finally, for epithelial clusters, we also integrated copy
number profiles obtained from inferCNV to support
the distinction between malignant tumor cells and
non-malignant epithelial populations. The LLI and BL
signature scores were calculated wusing the
AddModuleScore function. InferCNV (https://
github.com/broadinstitute/inferCNV)(v1.19.1) was
used to identify CNA in single cells with threshold:
cutoff = 0.1, HMM = TRUE, leiden_method="simple,”
cluster_by_groups=TRUE, denoise=TRUE.

Classification, GSEA

Tumor cells were classified based on their
signature scores. Cells were ranked using LLI and BL
scores, and a quantile threshold was established. Cells
in the 1st quantile of LLI that did not meet the BL
threshold were classified as LLI-like. Similarly, cells
meeting the BL, but not the LLI threshold, were
classified as BL-like. The remaining cells were labeled
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as unidentified. The ssGSEA analysis was performed
using ‘escape’ in scRepertoire toolkit for 3 classes with
hallmark gene sets (86).

CAF subtype classification and macrophage signature
scoring

CAF subtype classification and macrophage
signature scoring of snRNA-seq cancer-associated
fibroblast subtypes were classified by expression of
EN1 (myCAFs), C3 (iCAFs), CD74 (apCAFs), SLC14A1
(IFN CAF) and PSCA (PSCA+ CAF). Macrophage
polarization was assessed by calculating M1 and M2
signature scores using the Add ModuleScore function
in Seurat, based on established gene sets: M1 marker -
CD80, CD86, NOS2, IL12B, IL1B, CXCL9, CXCL10,
CXCL11, EMP1 (87,88); M2 marker - CD163, ARGI,
IL10, TGFB1, C1QA, C1QB, C1QC, MMP?9 (87,89).

IHC image analysis

Alignment: Staining for KRT5 and KRT20 was
performed on two adjacent slides of the same FFPE
block for each tumor. The StackReg plug-in
(https:/ /bigwww.epfl.ch/thevenaz/stackreg/) was
used in FiJi (v1.53t) to align the images. The same
filters as previously described were used to detect
KRT5 and KRT20 positive regions. Image annotation
was performed using RStudio (R v4.3.2).

Distances: Nineteen images of tumors positive
for both KRT5 and KRT20 (36% of the mixed tumors)
were analyzed to measure the distance between
KRT20-positive or KRT5-positive) cells and the
vascular stroma. Briefly, for each image, the vascular
stroma was outlined manually (under the supervision
of) a patho-histologist using FiJi (v1.53t). Each colored
image was then converted to black and white, and
stained areas were detected using the “Set Auto
Threshold" tool with the “Moments"algorithm.
Because nuclei were stained with hematoxylin, they
appeared dark blue and were thus detected as part of
the KRT5 or KRT20 positive areas. To distinguish the
diaminobenzidine signal (marking the KRT20 or
KRT5 cells) from the hematoxylin signal (marking
nuclei), an additional filter was applied to remove
pixels that were more blue than brown from the
KRT5+/KRT20+ region. This was performed in
RStudio by removing pixels with a higher blue
intensity than the red one. Finally, for each pixel in the
stained area, the closest blood vessel pixel was
identified using Python’s R-tree library, and the
Euclidean distance between them was measured.
Image annotations and paired dot plots were
performed using RStudio (R v4.3.2). The Wilcoxon
rank-sum test was performed to compare distances
between KRT5/KRT20 positive pixels and the
vascular stroma.
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Spatial transcriptomics data processing and analysis

Raw sequencing reads were processed using the
10x Genomics Space Ranger HD pipeline (version
3.1.3), which included alignment to the GRCh38
human reference genome and assignment of reads to
spatial barcodes. Gene expression matrices were
generated at 2-um resolution. Cell segmentation was
performed with bin2cell (90) using the binned output
from Space Ranger as the input, with parameters:
mpp = 0.5, prob_thresh=0.1, nms_thresh=0.5.

Segmented cell-level gene expression data were
analyzed wusing Scanpy (version 1.10.2) (54).
Low-quality cells and lowly expressed genes were
filtered based on gene count, UMI count, and
mitochondrial RNA content. The data were
normalized, log-transformed, and scaled. Highly
variable genes were selected using Seurat v3.
Principal component analysis was performed,
followed by mneighborhood graph construction,
UMAP dimensionality reduction, and Leiden
clustering to identify transcriptionally distinct cell
populations.

Cell type annotation for spatial transcriptomics

Cell types were assigned by integrating
automated  reference-based  predictions  from
CellTypist (91) with manual curation based on
differentially expressed marker genes from Leiden
clusters. Marker genes were identified via differential
expression analysis and cell identities were confirmed
using known lineage markers and tissue context.

CAF subtype classification and macrophage signature
scoring of spatial transcriptomics

CAF subtype classification and macrophage
signature scoring in the spatial transcriptomics data
were performed using the same CAF marker genes
and M1/M2 macrophage gene signatures as defined
for the scRNA-seq analysis (see “CAF subtype
classification and macrophage signature scoring”
above). Spatial co-occurrence between CAFs and
other cell types was quantified using the
‘gr.co_occurrence()” function in Squidpy, and
macrophage polarization was assessed by calculating
M1 and M2 signature scores in spatial spots using the
“tl.score_genes()" function in Scanpy, applying the
same gene signatures and scoring procedure as in the
single-cell dataset.

Spatial transcriptomics visualization

Data visualization was performed using Scanpy
and Squidpy (54,55) plotting functions, including
UMAP embeddings, spatial feature plots, and
co-occurrence curves to illustrate cellular distribution
and spatial interactions.

6908

Supplementary Material

Supplementary figures and tables.
https:/ /www.thno.org/v16p6892s1.pdf

Acknowledgements

P.C. acknowledges funding from the Ministry of
Economy and Competitiveness, Institute deSalud
Carlos III (Institute of Health Carlos III) — PI23/01533.
P. C. is a scientific advisor and co-founder of Cure51
biotech. JB acknowledges the support from the Kaifer
Family Bladder Research Fund.

Author contributions

JB, P.C., and H.W.L. conceptualized the study.
SK, M. H, MM, SLV, A  F. T, and M. L.
performed the experiments and reviewed the draft.
S.H.L., NJ., and S.M. contributed to the samples and
performed the histological analysis. L.E. analyzed
clinical data. Y.X,, X.Q. YJ., MN.D, and R.L.
performed computational analysis. P.C., J.B.,, HW.L.,
M.B., and T.C. supervised the study and oversight.,
P.C., ].B, HW.L. wrote the manuscript.

Data access

The data are available in GEO under accession
number GSE281743, GSE318916, GSE318917.

Competing Interests

The authors have declared that no competing
interest exists.

References

1. Martin-Doyle W, Leow ]JJ, Orsola A, Chang SL, Bellmunt J. Improving
selection criteria for early cystectomy in high-grade t1 bladder cancer: a
meta-analysis of 15,215 patients. ] Clin Oncol. 2015; 33: 643-50.

2. Amin MB, Ro JY, el-Sharkawy T, Lee KM, Troncoso P, Silva EG, et al.
Micropapillary variant of transitional cell carcinoma of the urinary bladder.
Histologic pattern resembling ovarian papillary serous carcinoma. Am J Surg
Pathol. 1994; 18: 1224-32.

3.  Samaratunga H, Delahunt B. Recently described and unusual variants of
urothelial carcinoma of the urinary bladder. Pathology. 2012;44:407-18.

4. Sui W, Matulay JT, James MB, Onyeji IC, Theofanides MC, RoyChoudhury A,
et al. Micropapillary Bladder Cancer: Insights from the National Cancer
Database. Bladder Cancer. 2016;2:415-23.

5. Vourganti S, Harbin A, Singer EA, Shuch B, Metwalli AR, Agarwal PK. Low
Grade Micropapillary Urothelial Carcinoma, Does It Exist? - Analysis of
Management and Outcomes from the Surveillance, Epidemiology and End
Results (SEER) Database. ] Cancer. 2013;4:336-42.

6. Sjodahl G, Eriksson P, Liedberg F, Hoglund M. Molecular classification of
urothelial carcinoma: global mRNA classification versus tumour-cell
phenotype classification. ] Pathol. 2017;242:113-25.

7. Sjodahl G, Lauss M, Lovgren K, Chebil G, Gudjonsson S, Veerla S, et al. A
molecular taxonomy for urothelial carcinoma. Clin Cancer Res. 2012;18:3377-
86.

8. Kamoun A, de Reynies A, Allory Y, Sjodahl G, Robertson AG, Seiler R, et al. A
Consensus Molecular Classification of Muscle-invasive Bladder Cancer. Eur
Urol. 2020;77:420-33.

9. de Jong FC, Laajala TD, Hoedemaeker RF, Jordan KR, van der Made AC],
Boevé ER, et al. Non-muscle-invasive bladder cancer molecular subtypes
predict differential response to intravesical Bacillus Calmette-Guérin. Sci
Transl Med. 2023;15:eabn4118.

10. Hedegaard J, Lamy P, Nordentoft I, Algaba F, Hoyer S, Ulhei BP, et al.
Comprehensive Transcriptional Analysis of Early-Stage Urothelial Carcinoma.
Cancer Cell. 2016;30:27-42.

11. Lindskrog SV, Prip F, Lamy P, Taber A, Groeneveld CS,
Birkenkamp-Demtrdder K, et al. An integrated multi-omics analysis identifies

https://lwww.thno.org



Theranostics 2026, Vol. 16, Issue 12

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34,

35.

36.

37.

prognostic molecular subtypes of non-muscle-invasive bladder cancer. Nat
Commun. 2021;12:2301.

Prip F, Lamy P, Lindskrog SV, Strandgaard T, Nordentoft I,
Birkenkamp-Demtréder K, et al. Comprehensive genomic characterization of
early-stage bladder cancer. Nature Genetics. Nature Publishing Group;
2025;57:115-25.

Borg Houlberg Thomsen M, Nordentoft I, Lamy P, et al. Comprehensive
multiregional analysis of molecular heterogeneity in bladder cancer. Sci Rep.
2017 Sep 15;7(1):11702

Jin X, Wang Q, Luo F, Pan J, Lu T, Zhao Y, et al. Single-cell transcriptomic
analysis of tumor heterogeneity and intercellular networks in human
urothelial carcinoma. Chin Med J (Engl). 2023;136:690-706.

Bellmunt J, Kim J, Reardon B, Perera-Bel J, Orsola A, Rodriguez-Vida A, et al.
Genomic Predictors of Good Outcome, Recurrence, or Progression in
High-Grade T1 Non-Muscle-Invasive Bladder Cancer. Cancer Res.
2020,80:4476-86.

Robertson AG, Kim J, Al-Ahmadie H, Bellmunt J, Guo G, Cherniack AD, et al.
Comprehensive Molecular Characterization of Muscle-Invasive Bladder
Cancer. Cell. 2017;171:540-56.e25.

Bowden M, Nadal R, Zhou CW, Werner L, Barletta J, Juanpere N, et al.
Transcriptomic analysis of micropapillary high grade T1 urothelial bladder
cancer. Sci Rep. 2020;10:20135.

Kim J, Kwiatkowski D, McConkey DJ, Meeks JJ, Freeman SS, Bellmunt J, et al.
The Cancer Genome Atlas Expression Subtypes Stratify Response to
Checkpoint Inhibition in Advanced Urothelial Cancer and Identify a Subset of
Patients with High Survival Probability. Eur Urol. 2019;75:961-4.

Robertson AG, Kim J, Al-Ahmadie H, Bellmunt J, Guo G, Cherniack AD, et al.
Comprehensive Molecular Characterization of Muscle-Invasive Bladder
Cancer. Cell. 2018;174:1033.

Cejas P, Drier Y, Dreijerink KMA, Brosens LAA, Deshpande V, Epstein CB, et
al. Enhancer signatures stratify and predict outcomes of non-functional
pancreatic neuroendocrine tumors. Nat Med. 2019;25:1260-5.

Mullen ], Kato S, Sicklick JK, Kurzrock R. Targeting ARID1A mutations in
cancer. Cancer Treat Rev. 2021;100:102287.

Hoffmann M]J, Schulz WA. Alterations of Chromatin Regulators in the
Pathogenesis of Urinary Bladder Urothelial Carcinoma. Cancers [Internet].
2021;13. Available from: http:/ / dx.doi.org/10.3390/ cancers13236040
Goodman RH, Smolik S. CBP/p300 in cell growth, transformation, and
development. Genes Dev. 2000;14:1553-77.

Chung C-Y, Ma Z, Dravis C, Preissl S, Poirion O, Luna G, et al. Single-Cell
Chromatin Analysis of Mammary Gland Development Reveals Cell-State
Transcriptional Regulators and Lineage Relationships. Cell Rep. 2019;29:495-
510.e6.

Font-Tello A, Kesten N, Xie Y, Taing L, Vareslija D, Young LS, et al. FiTAc-seq:
fixed-tissue ChIP-seq for H3K27ac profiling and super-enhancer analysis of
FFPE tissues. Nat Protoc. 2020;15:2503-18.

Willis DL, Fernandez MI, Dickstein R], Parikh S, Shah JB, Pisters LL, et al.
Clinical outcomes of cT1 micropapillary bladder cancer. J Urol. 2015;193:1129-
34.

Qiu X, Feit AS, Feiglin A, Xie Y, Kesten N, Taing L, et al. CoBRA:
Containerized Bioinformatics Workflow for Reproducible ChIP/ATAC-seq
Analysis. Genomics Proteomics Bioinformatics. 2021;19:652-61.

Huppert TJ, Diamond SG, Franceschini MA, Boas DA. HomER: a review of
time-series analysis methods for near-infrared spectroscopy of the brain. Appl
Opt. 2009;48:D280-98.

Jovanovi¢ B, Temko D, Stevens LE, Seehawer M, Fassl A, Murphy K, et al.
Heterogeneity and transcriptional drivers of triple-negative breast cancer. Cell
Rep. 2023;42:113564.

Hoadley KA, Yau C, Wolf DM, Cherniack AD, Tamborero D, Ng S, et al.
Multiplatform analysis of 12 cancer types reveals molecular classification
within and across tissues of origin. Cell. 2014;158:929-44.

Murray-Zmijewski F, Lane DP, Bourdon J-C. p53/p63/p73 isoforms: an
orchestra of isoforms to harmonise cell differentiation and response to stress.
Cell Death Differ. 2006;13:962-72.

Taing L, Dandawate A, L'Yi S, Gehlenborg N, Brown M, Meyer CA. Cistrome
Data Browser: integrated search, analysis and visualization of chromatin data.
Nucleic Acids Res. 2024;52:D61-6.

McLean CY, Bristor D, Hiller M, Clarke SL, Schaar BT, Lowe CB, et al. GREAT
improves functional interpretation of cis-regulatory regions. Nat Biotechnol.
2010;28:495-501.

Liu K, Fan J, Wu ]. Sushi repeat-containing protein X-linked 2 promotes
angiogenesis through the urokinase-type plasminogen activator receptor
dependent integrin av(33/focal adhesion kinase pathways. Drug Discov Ther.
2017;11:212-7.

Jiang M, Ku W-Y, Zhou Z, Dellon ES, Falk GW, Nakagawa H, et al.
BMP-driven NRF2 activation in esophageal basal cell differentiation and
eosinophilic esophagitis. ] Clin Invest. 2015;125:1557-68.

Cappellesso F, Orban M-P, Shirgaonkar N, Berardi E, Serneels J, Neveu M-A,
et al. Targeting the bicarbonate transporter SLC4A4 overcomes
immunosuppression and immunotherapy resistance in pancreatic cancer. Nat
Cancer. 2022;3:1464-83.

Li M, Ma Y, Zhong Y, Liu Q, Chen C, Qiang L, et al. mutations promote
antitumor immunity and immunotherapy response in cancer. ] Immunother
Cancer [Internet]. 2020;8. Available from:
http:/ /dx.doi.org/10.1136/jitc-2019-000293

38.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

6909

Watson HA, Durairaj RRP, Ohme J, Alatsatianos M, Almutairi H, Mohammed
RN, et al. L-Selectin Enhanced T Cells Improve the Efficacy of Cancer
Immunotherapy. Front Immunol. 2019;10:1321.

Kouros-Mehr H, Slorach EM, Sternlicht MD, Werb Z. GATA-3 maintains the
differentiation of the luminal cell fate in the mammary gland. Cell.
2006,127:1041-55.

Warrick JI, Walter V, Yamashita H, Chung E, Shuman L, Amponsa VO, et al.
FOXA1, GATA3 and PPARy Cooperate to Drive Luminal Subtype in Bladder
Cancer: A Molecular Analysis of Established Human Cell Lines. Sci Rep.
2016;6:38531.

Saint-André V, Federation AJ, Lin CY, Abraham BJ, Reddy J, Lee TI, et al.
Models of human core transcriptional regulatory circuitries. Genome Res.
2016,26:385-96.

Cejas P, Long HW. High-Resolution ATAC-Seq Analysis of Frozen Clinical
Tissues. Methods Mol Biol. 2022;2458:259-67.

Nikolic A, Singhal D, Ellestad K, Johnston M, Shen Y, Gillmor A, et al.
Copy-scAT: Deconvoluting single-cell chromatin accessibility of genetic
subclones in cancer. Sci Adv. 2021;7:eabg6045.

Ramakrishnan A, Symeonidi A, Hanel P, Schmid KT, Richter ML, Schubert M,
et al. epiAneufinder identifies copy number alterations from single-cell
ATAC-seq data. Nat Commun. 2023;14:5846.

Jiang Y, Hu Z, Lynch AW, Jiang J, Zhu A, Zeng Z, et al. scATAnno: Automated
Cell Type Annotation for single-cell ATAC Sequencing Data. bioRxiv
[Internet]. 2024; Available from: http://dx.doi.org/10.1101/2023.06.01.543296
Tirosh I, Venteicher AS, Hebert C, Escalante LE, Patel AP, Yizhak K, et al.
Single-cell RNA-seq supports a developmental hierarchy in human
oligodendroglioma. Nature. 2016;539:309-13.

Lindskrog SV, Schmgkel SS, Nordentoft I, Lamy P, Knudsen M, Prip F, et al.
Single-nucleus and Spatially Resolved Intratumor Subtype Heterogeneity in
Bladder Cancer. Eur Urol Open Sci. 2023;51:78-88.

Yang X, Liu Z, Zhou J, Guo J, Han T, Liu Y, et al. SPP1 promotes the
polarization of M2 macrophages through the Jak2/Stat3 signaling pathway
and accelerates the progression of idiopathic pulmonary fibrosis. Int J Mol
Med [Internet]. 2024;54. Available from:
http:/ /dx.doi.org/10.3892/ijmm.2024.5413

Elomaa H, Tarkiainen V, Aijéilﬁ VK, Sirni¢ P, Ahtiainen M, Sirkid O, et al.
Associations of mucinous differentiation and mucin expression with immune
cell infiltration and prognosis in colorectal adenocarcinoma. Br J Cancer.
2025;132:660-9.

Monteran L, Erez N. The Dark Side of Fibroblasts: Cancer-Associated
Fibroblasts as Mediators of Immunosuppression in the Tumor
Microenvironment. Front Immunol. 2019;10:1835.

Lavie D, Ben-Shmuel A, Erez N, Scherz-Shouval R. Cancer-associated
fibroblasts in the single-cell era. Nat Cancer. 2022;3:793-807.

Caramelo B, Zagorac S, Corral S, Marqués M, Real FX. Cancer-associated
Fibroblasts in Bladder Cancer: Origin, Biology, and Therapeutic
Opportunities. Eur Urol Oncol. 2023;6:366-75.

Lloreta J, Font-Tello A, Juanpere N, Frances A, Lorenzo M, Nonell L, et al.
FOXO1 down-regulation is associated with worse outcome in bladder cancer
and adds significant prognostic information to p53 overexpression. Hum
Pathol. 2017;62:222-31.

Wolf FA, Angerer P, Theis FJ. SCANPY: large-scale single-cell gene expression
data analysis. Genome Biol. 2018;19:15.

Palla G, Spitzer H, Klein M, Fischer D, Schaar AC, Kuemmerle LB, et al.
Squidpy: a scalable framework for spatial omics analysis. Nat Methods.
2022;19:171-8.

Cavadas MAS, Mesnieres M, Crifo B, Manresa MC, Selfridge AC, Scholz CC,
et al. REST mediates resolution of HIF-dependent gene expression in
prolonged hypoxia. Sci Rep. 2015;5:17851.

Chakraborty AA, Laukka T, Myllykoski M, Ringel AE, Booker MA,
Tolstorukov MY, et al. Histone demethylase KDM6A directly senses oxygen to
control chromatin and cell fate. Science. 2019;363:1217-22.

Strzyz P. Hypoxia makes its mark on histones. Nature Reviews Molecular Cell
Biology. Nature Publishing Group; 2019;20:324-5.

Sahai E, Astsaturov I, Cukierman E, DeNardo DG, Egeblad M, Evans RM, et
al. A framework for advancing our understanding of cancer-associated
fibroblasts. Nat Rev Cancer. 2020;20:174-86.

Gascard P, Tlsty TD. Carcinoma-associated fibroblasts: orchestrating the
composition of malignancy. Genes Dev. 2016;30:1002-19.

Mantovani A, Marchesi F, Malesci A, Laghi L, Allavena P. Tumour-associated
macrophages as treatment targets in oncology. Nat Rev Clin Oncol.
2017;14:399-416.

Chen S, Morine Y, Tokuda K, Yamada S, Saito Y, Nishi M, et al.
Cancer-associated fibroblast-induced M2-polarized macrophages promote
hepatocellular carcinoma progression via the plasminogen activator
inhibitor-1 pathway. Int ] Oncol [Internet]. 2021;59. Available from:
http:/ /dx.doi.org/10.3892/1j0.2021.5239

LeBleu VS, Kalluri R. A peek into cancer-associated fibroblasts: origins,
functions and translational impact. Dis Model Mech [Internet]. 2018;11.
Available from: http:/ /dx.doi.org/10.1242/ dmm.029447

Binnewies M, Roberts EW, Kersten K, Chan V, Fearon DF, Merad M, et al.
Understanding the tumor immune microenvironment (TIME) for effective
therapy. Nat Med. 2018;24:541-50.

Li H, Durbin R. Fast and accurate short read alignment with Burrows-Wheeler
transform. Bioinformatics. 2009;25:1754-60.

https://lwww.thno.org



Theranostics 2026, Vol. 16, Issue 12

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

Zhang Y, Liu T, Meyer CA, Eeckhoute ], Johnson DS, Bernstein BE, et al.
Model-based analysis of ChIP-Seq (MACS). Genome Biol. 2008;9:R137.
Robinson JT, Thorvaldsdéttir H, Wenger AM, Zehir A, Mesirov JP. Variant
Review with the Integrative Genomics Viewer. Cancer Res. 2017;77:e31-4.
Neph S, Kuehn MS, Reynolds AP, Haugen E, Thurman RE, Johnson AK, et al.
BEDOPS: high-performance genomic feature operations. Bioinformatics.
2012;28:1919-20.

Ramirez F, Diindar F, Diehl S, Griining BA, Manke T. deepTools: a flexible
platform for exploring deep-sequencing data. Nucleic Acids Res.
2014;42:W187-91.

Zheng R, Wan C, Mei S, Qin Q, Wu Q, Sun H, et al. Cistrome Data Browser:
expanded datasets and new tools for gene regulatory analysis. Nucleic Acids
Res. 2019;47:D729-35.

Mei S, Qin Q, Wu Q, Sun H, Zheng R, Zang C, et al. Cistrome Data Browser: a
data portal for ChIP-Seq and chromatin accessibility data in human and
mouse. Nucleic Acids Res. 2017;45:D658-62.

Wickham H. ggplot2: Elegant Graphics for Data Analysis. Springer Science &
Business Media; 2009.

Cornwell M, Vangala M, Taing L, Herbert Z, Koster J, Li B, et al. VIPER:
Visualization Pipeline for RNA-seq, a Snakemake workflow for efficient and
complete RNA-seq analysis. BMC Bioinformatics. 2018;19:135.

Dobin A, Davis CA, Schlesinger F, Drenkow J, Zaleski C, Jha S, et al. STAR:
ultrafast universal RNA-seq aligner. Bioinformatics. 2013;29:15-21.

Trapnell C, Williams BA, Pertea G, Mortazavi A, Kwan G, van Baren MJ, et al.
Transcript assembly and quantification by RNA-Seq reveals unannotated
transcripts and isoform switching during cell differentiation. Nat Biotechnol.
2010;28:511-5.

Wang L, Wang S, Li W. RSeQC: quality control of RNA-seq experiments.
Bioinformatics. 2012;28:2184-5.

Mainz Mainz Press. Moderated Estimation of Fold Change and Dispersion for
RNA-Seq Data with DESeq?2. 2016.

Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA,
et al. Gene set enrichment analysis: a knowledge-based approach for
interpreting genome-wide expression profiles. Proc Natl Acad Sci U S A.
2005;102:15545-50.

Hinzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinformatics. 2013;14:7.

Satpathy AT, Granja JM, Yost KE, Qi Y, Meschi F, McDermott GP, et al.
Massively parallel single-cell chromatin landscapes of human immune cell
development and intratumoral T cell exhaustion. Nat Biotechnol. 2019;37:925-
36.

Butler A, Hoffman P, Smibert P, Papalexi E, Satija R. Integrating single-cell
transcriptomic data across different conditions, technologies, and species. Nat
Biotechnol. 2018;36:411-20.

Stuart T, Srivastava A, Madad S, Lareau CA, Satija R. Single-cell chromatin
state analysis with Signac. Nat Methods. 2021;18:1333-41.

Schep AN, Wu B, Buenrostro JD, Greenleaf WJ]. chromVAR: inferring
transcription-factor-associated accessibility from single-cell epigenomic data.
Nat Methods. 2017;14:975-8.

Zheng GXY, Terry JM, Belgrader P, Ryvkin P, Bent ZW, Wilson R, et al.
Massively parallel digital transcriptional profiling of single cells. Nat
Commun. 2017;8:14049.

Germain P-L, Lun A, Garcia Meixide C, Macnair W, Robinson MD. Doublet
identification in single-cell sequencing data using. F1000Res. 2021;10:979.
Borcherding N, Bormann NL, Kraus G. scRepertoire: An R-based toolkit for
single-cell immune receptor analysis. F1000Res. 2020;9:47.

Martinez FO, Gordon S. The M1 and M2 paradigm of macrophage activation:
time for reassessment. F1000Prime Rep. 2014;6:13.

Orecchioni M, Ghosheh Y, Pramod AB, Ley K. Macrophage Polarization:
Different Gene Signatures in M1(LPS+) vs. Classically and M2(LPS-) vs.
Alternatively Activated Macrophages. Front Immunol. 2019;10:1084.

Murray PJ, Allen JE, Biswas SK, Fisher EA, Gilroy DW, Goerdt S, et al.
Macrophage activation and polarization: nomenclature and experimental
guidelines. Immunity. 2014;41:14-20.

Polanski K, Bartolomé-Casado R, Sarropoulos I, Xu C, England N, Jahnsen FL,
et al. Bin2cell reconstructs cells from high resolution Visium HD data.
Bioinformatics [Internet]. 2024;40. Available from:
http:/ /dx.doi.org/10.1093 /bioinformatics/btae546

Dominguez Conde C, Xu C, Jarvis LB, Rainbow DB, Wells SB, Gomes T, et al.
Cross-tissue immune cell analysis reveals tissue-specific features in humans.
Science. 2022;376:eabl5197.

6910

https://lwww.thno.org



