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Abstract: Although immune checkpoint blockade therapy (ICBT) has revolutionized cancer treatment with good
therapeutic response in a number of human cancers, including bladder cancer, many cancers still do not respond
to ICBT. Analyzing genetic signatures helps the understanding of underlying biological mechanisms. Here, based
on two cohorts of bladder cancer patients receiving ICBT, we identified three novel ICBT-associated signatures in
the bladder cancer microenvironment, involving genomic stability, angiogenesis and RNA regulatory, which affect
PD-L1 expression and patient response to ICBT. The combinations of these signatures with TMB or PD-L1 expres-
sion improved the overall survival prediction efficiency over TMB and PD-L1 expression alone for patients receiving
ICBT. Moreover, we utilized two methods to search potential drugs or small-molecules that have an impact on ICBT-
associated signatures. This study provides new molecular insight into ICBT response of bladder cancer and has the
potential to improve the prediction accuracy for patients to benefit from ICBT.
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Introduction

In the last decade, with the mechanistic under-
standing of immune checkpoints and success
in checkpoint blockade using antibodies for the
treatment of certain cancers, immunotherapy
has become one of the hottest areas in cancer
research, with promise of long-lasting thera-
peutic effect [1]. Currently, however, only a pro-
portion of cancers have a good response to
immune checkpoint blockade therapy (ICBT).
Now, it has been recognized that the use of
molecular signatures has been particularly
important, linking diverse experimental sys-
tems that dissect the complexity of biological
systems using next generation sequencing
data of clinical samples in a way that was not
previously feasible. The molecular heterogene-

ity of cancer in individuals, resulting from the
acquisition of multiple genetic alterations that
contribute to the development of cancer, under-
lies the discrepancy of immunotherapy. Indeed,
this heterogeneity might contribute to the ob-
servation of tumor signature, which can often
find in multiple cohorts that represent a com-
mon biological feature, such as the signature
represented breast cancer recurrence in previ-
ous study [2, 3]. Although the ability to interpret
the meaning of the individual genes in these
signatures remains a challenge, this does not
diminish the power of the signature to charac-
terize biological states [4]. At present, there are
various ways that can identify tumor signatures
from rich datasets, some of which may be with-
in the modules of co-expressed genes discov-
ery [5]. In the previous study, Wolf et al. used
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co-expression networks to identify and define
11 modules of genes, which are consistently
co-regulated across multiple datasets, as sig-
natures to reflect the biological process such
as estrogen signaling, development/differenti-
ation and immune signaling [6]. Clustering
approaches can classify a selected set of ge-
nes into subsets each of which contains mutu-
ally related genes. For instance, Karasinska et
al. have used consensus clustering to identify
glycolytic and cholesterogenic genes in pancre-
atic ductal adenocarcinom samples [7].

Bladder urothelial carcinoma (BLCA) is the sixth
most common cancer and one of the few can-
cers with good response to ICBT. However, only
30% advanced/metastatic bladder cancers
respond to anti-PD-1/PD-L1 ICBT, and it has
been suggested as a good model to study can-
cer immune response mechanisms in order to
improve immunotherapy efficacy [1]. Due to the
limited understanding of the tumor signature of
BLCA in immunotherapy, improving the efficien-
cy of immunotherapy and designing new treat-
ment strategies for BLCA has continued to be
an arduous task. In the current study, we per-
formed weighted gene co-expression networks
and consensus clustering analyses of two
cohorts of BLCA patients receiving ICBT to dis-
cover the potential alterations impacting the
outcome of ICBT immunotherapy of BLCA and
identified three novel ICBT signatures: ICBT
Genomic stability (IGS), ICBT angiogenesis sig-
nature (IAS) and ICBT RNA regulatory signature
(IRS). They share some interactions and biologi-
cal processes within molecules and significant-
ly improve the treatment response predictive
ability of TMB. The combination of ICBT signa-
tures with TMB can enhance TMB’s ability to
distinguish the patients responding to immuno-
therapy. Furthermore, they diversely affect the
prognosis related to PD-L1 expression of pa-
tients with ICBT treatment, which may provide
us extra potential mechanisms for understand-
ing immunotherapy based on anti-PDL1/PDL1.
Additionally, using two methods, silico screen-
ing of 2249 drug targets and 1770 compounds
and connectivity map (CMap) analysis, we iden-
tified PGR, SSTR5 and BDKRB1 as potential
target molecules; and PHA.00816795, fasudil
and imatinib as potential drugs, which may
have an impact on ICBT-associated signatures
to improve the efficiency of ICBT therapy.
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Material and methods
Study cohort

Three independent cohorts were collected to
analyze, including two public cohorts that pa-
tients received ICBT, IMvigor210 trial and
GSE176307 cohort. Patients did not receive
ICBT were collected from the Cancer Genome
Atlas (TCGA) BLCA cohort. IMvigor210 trial was
a single-arm phase |l study investigating the
PD-L1 immune checkpoint inhibitors (Atezoli-
zumab, 1200 mg three times weekly) in pa-
tients with metastatic bladder urothelial carci-
noma [8, 9]. All data of IMvigor210 trial were
accessed through the IMvigor210CoreBiolo-
gies R package (http://research-pub.gene.
com/IMvigor210CoreBiologies/). Patients in
GSE176307 cohort with advanced urothelial
carcinoma had received treatment with at
least one dose of ICBT within the University
of North Carolina hospital system between
January 2014 and June 2018 [10]. All data of
GSE176307 cohort had been obtained from
Gene Expression Omnibus (GEO) database
(GEO accession: GSE176307). In the cohorts
received ICBT, both patients who had achieved
complete response (CR) and partial response
(PR) to ICBT were defined as responders in this
study, while patients with stable disease (SD)
and progressive disease (PD) were defined as
non-responders [11]. The clinicopathological
characteristics and genomic data of patients
without ICBT in TCGA BLCA cohort were down-
loaded from https://xenabrowser.net/datapa-

ges/.

Identification of tumor ICBT signature

Unsigned gene co-expression networks were
constructed by the WGCNA package as used in
previous articles [12, 13]. To ensure that the
results of network construction were reliable,
outlier samples were removed. Module identifi-
cation was accomplished with the dynamic tree
cut method by hierarchically clustering genes
and highly similar modules were identified by
clustering and then merged together with a
height cut-off of 0.25. To test the stability of
each identified module, module preservation
and quality statistics were computed with the
modulePreservation function (nPermutations=
200) implemented in the WGCNA package by
using GSE176307 cohort as test dataset. The
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correlation between modules and clinical fea-
tures was evaluated by spearman’s correlation
tests to search biologically meaningful mod-
ules. The unsupervised clustering was execut-
ed by using the ConsensuClusterPlus R pack-
age and repeated 1,000 times to ensure the
classification stability [14].

Functional enrichment analysis and construc-
tion of PPl network

Genes within the ICBT signatures were subject-
ed to over-representation analyses with Gene
Ontology (GO) by enrichGO function in cluster-
Profiler package and the simplify function was
performed to reduce redundancy of enriched
GO terms [15]. Based on the online database
resource STRING (Search Tool for the Retrieval
of Interacting Genes/Proteins, http://string-db.
org) [16], the protein-protein interaction (PPI)
networks required experimental evidence of
genes within the ICBT signatures were provided
with confidence score cutoff of 900, PPl net-
work was constructed and explored using vari-
ous interactive visualization methods offered
within Network Analyst (https://www.network-
analyst.ca/) [17]. Oncoplot function be per-
formed to visualize the landscape of mutated
genes for each ICBT signature by maftools
package.

Quality control and processing of single-cell
sequencing

CellRanger (version 3.0.0) was used to process
the raw data from BioProject PRINA662018 in
GEO database [18], including demultiplex cel-
lular barcodes, map reads to the transcriptome,
and down-sample reads. The R package Seurat
(version 4.1.1) was used to create “Seurat
object” by CreateSeuratObject function for fur-
ther processing [19], cells with UMI numbers
<1,000 or with over 10% mitochondrial-derived
UMI counts were considered low-quality cells
and were removed. Single cells with over 6,000
genes detected were also filtered out to elimi-
nate potential doublets. Finally, 55,922 single
cells remained, and they were applied in down-
stream analyses. SingleR is an R package for
automatic cell-type annotation of single-cell
RNA-seq sequencing data and 55,922 cells in
present study were annotated based on cell
samples with known type labels as reference
data sets by SingleR [20]. CellPhoneDB (V3)
was used to execute the analysis of cell-cell
communication at the molecular level [21].
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Cancer cell line cell growth/survival depen-
dent gene analysis

Expression profile data of human cancer cell
lines (CCLs) were sourced from the Broad In-
stitute’s Cancer Cell Line Encyclopedia (CCLE)
project (https://portals.broadinstitute.org/cc-
le/) [22]. The CERES score was used to mea-
sure the dependency of a particular gene in a
specific CCL, where a lower score indicates a
higher probability that the gene is crucial for
the growth and survival of the given CCL. CERES
scores from genome-wide CRISPR knockout
screens for 18,333 genes across 739 cell
lines were obtained from the dependency map
(DepMap) portal (https://depmap.org/portal/).

Connectivity Map (CMap) analysis

The Connectivity Map (CMap) is a database
containing genome-wide transcriptional expre-
ssion profiles of bioactive small molecules
derived from cultured human cell lines, along
with pattern-matching algorithms. This combi-
nation facilitates the discovery of drug-disease
relationships and the elucidation of drug mech-
anisms of action [23, 24]. Genes comprising
three novel ICBT signatures were gathered and
used for CMap analysis. The “CMAP_gene_sig-
natures.RData” file, containing signatures relat-
ed to 1,288 compounds, was downloaded from
the database (https://www.pmgenomics.ca/
bhklab/sites/default/files/downloads) website
and utilized to calculate the matching score.
The analysis process adhered to the methodol-
ogy described in previous publications [25, 26].

Statistics

All statistical analyses were conducted in R
(version 4.1.3). Fisher’s exact test for categori-
cal data and Kruskal-Wallis test or Student’s t
test for continuous data when appropriate was
used to depict the discrepancy of subgroups.
Kaplan-Meier method was used to assess over-
all survival (OS), whereas log-rank test and Cox
proportional hazards regression were appli-
ed for the assessment of the prognostic and
risk significance. Spearman correlation analy-
sis was performed to investigate the bivariate
correlation, Fisher’s r-to-z transformation was
used to calculate a value of z that was applied
to assess the significance of the difference
between two correlation coefficients. Multiple
logistic regression analysis was used to estab-
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lish the ICBT signature and TMB panel. Receiver
operating characteristic (ROC) curves were con-
structed, and area under the ROC curve (AUC)
was used to evaluate the diagnostic perfor-
mance of the selected panel. Statistical signifi-
cance was defined as P<0.05 unless specified
otherwise.

Results

Expression patterns of gene modules in blad-
der cancer

Eight gene modules were identified through
weighted correlation network analysis (WGCNA)
in IMvigor210 cohort (Figure 1A) and fur-
ther validated using the GSE176307 dataset.
Comparing the gene modules discovered in
IMvigor210 cohort with the validation dataset
GSE176307 cohort, turquoise, brown, blue and
red modules were found to be most stable,
whereas the rest modules were not very stable
with their Z-summary statistics below 10
(Figure 1B) [27]. Turquoise and brown modules
were significantly positive and negative, respec-
tively, correlated with the outcome of immuno-
therapy. By consensus clustering, turquoise
and brown modules show three different ex-
pression patterns. The gene set from turquoise
module that appears in the C1 subtype was
defined as turquoise-A signature, those in C3
subtype were turquoise-B signature. Brown
module in C2 subtype was defined as brown
signature (Figure 1C). We considered these
three signatures as ICBT signatures.

Tumor stratification by ICBT signatures reveals
different relationship between the signatures
and PD-L1 expression

To identify whether the two signatures from tur-
quoise module are discrepant in the stratifica-
tion of tumors in combination with brown signa-
ture, we calculated median expression levels of
turquoise-signatures (A or B, respectively) and
brown signature genes for each sample, which
were used in assignhing the samples into one of
four groups based on the expression of brown
and one of the turquoise signatures (A or B):
‘Quiescent’ (with both signatures at low expres-
sion levels), ‘Turquoise’ (with high expression
level of a turquoise signature and low expres-
sion level of brown signature), ‘Brown’ (with low
expression level of a turquoise signature and
high expression level of brown signature) and
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‘Mixed’ (with both signatures highly expressed).
When turquoise-A and brown signature were
used in combination, expression levels of tur-
quoise-A and brown signature genes across
the subgroups are consistent with expectation
of stratification (Figure 2A). Turquoise-B and
brown signature were utilized with the same
method to complete the stratification of the
tumor (Figure 2B).

In the two subgroups established by turquoise-
A/B and brown signature, the proportion of
patients responding to ICBT was consistent,
‘Turquoise’ group was the highest, ‘Brown’
group was the lowest, and ‘Quiescent’ and
‘Mixed” were moderate (Figure 2C and 2D left).
The alterations of the proportion of IC (PD-L1
expression on immune cells) and TC (PD-L1
expression on tumor cells) levels was more sig-
nificant between ‘Turquoise’ and ‘Brown’ group
(IC level: Figure 2C and 2D midst; TC level:
Figure 2C and 2D right), we speculated that this
change was determinate by the correlation tur-
quoise-A/B and PDL1 expression. To verify our
speculation, we performed correlation tests.
Turquoise-B signature showed a higher corre-
lation with PD-L1 expression (rmrmise’B=
0.292, P=4.08e-05) compared to Turquoise-A
signature (rquuoise,A=O.142, P=0.0494), the dis-
crepancy of correlations was statistically sig-
nificant (Test r, .z andr, ... P=0.0632)
(Figure 2E). PD-L1 expression was higher in
the subgroup with high turquoise-B signature
expression than in low turquoise-B signature
expression subgroup (Figure 2F, P<0.001).
However, there was no difference of PD-L1
expression between the high/low expression
subgroups of turquoise-A signature (Figure 2G,
P=0.128). Above results indicate that although
turquoise-A and turquoise-B signature were
derived from the same gene module, only one
signature, turquoise-B signature, affects PD-L1
expression, suggesting the intrinsic functional
differences between the two signatures from
the same gene module.

Functional and molecular characteristics of
ICBT signatures

The characteristics of ICBT signatures were
shown in Figure 3. GO functional enrichment
analyses for ICBT signatures showed that tur-
quoise-A signature is mainly related to the bio-
logical processes of regulation of RNA, such as
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Figure 1. Expression patterns of gene modules in bladder cancer. A. 8 co-expressed modules were identified. While
the “grey” module was reserved for genes identified as not co-expressed. Each row to a feature related to immu-
notherapy. Each cell contains the correlation and the P-value. The table is color-coded by correlation according to
the color legend. B. The Z-summary statistics of the module preservation, the dashed blue and green lines indicate
the thresholds Z=2 and Z=10, respectively. These horizontal lines indicate the Z-summary thresholds for strong
evidence of conservation (above 10) and for low to moderate evidence of conservation (above 2). C. Consensus
clustering solution (k=3) for turquoise and brown module genes in IMvigor210 cohort (n=192).

RNA splicing, mRNA catabolic process, RNA
localization and mRNA transport, which is an
RNA regulatory signal. Therefore, we defined
turquoise-A signature as ICBT RNA regulatory
Signature (IRS). The biological processes in-
volved in Turquoise-B signature mainly include
nuclear division, chromosome segregation, mi-
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totic nuclear division, DNA replication and re-
gulation of mitotic cell cycle, suggesting that
turquoise-B signature is associated with po-
tential genomic instability. We defined tur-
quoise-B signature as ICBT Genomic stability
Signature (IGS). Brown signature is an angio-
genesis signal, involving lymph vessel develop-
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on turquoise-B and brown signature genes. Scatter plot showing median expression levels of turquoise (A or B) and
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Figure 3. Functional and molecular characteristics of ICBT signatures. Blue represent IRS, yellow for IGS, red for
IAS. In the PPI network, each node is an independent protein, and the lines represent the interaction between the
nodes. The size of a node is determined by the number of edges connected to the node. The position of a node
is determined by the distance between the node and all the interacting nodes around it, meaning that proteins in
the network tend to interact with neighboring proteins. ICBT, immune checkpoint blockade therapy; IRS, ICBT RNA
regulatory signature; IGS, ICBT genomic stability signature; IAS, ICBT angiogenesis signature; PPI, Protein-protein

interaction.

ment, sprouting angiogenesis, endothelium
development and extracellular matrix organi-
zation. We defined it as ICBT Angiogenesis
Signature (IAS). PPI networks analysis revealed
the interaction pattern within the three ICBT
signatures. There are a wide range of interac-
tions within independent ICBT signatures, and
IRS has an intensive mutual regulation effect
on IGS and IAS, while there is less interaction
between IGS and IAS.

ICBT signatures improve the prediction value
of TMB or PD-L1 ICBT response and patient
overall survival in BLCA

In order to check the ability of ICBT signatures
in improving the prediction value of TMB or
PD-L1 ICBT response, we calculated the predic-
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tive power of ICBT signatures, TMB, and PD-L1
expression for patients receiving ICBT. All fea-
tures had certain values in predicting ICBT
response, with TMB of the highest area under
the curve (AUC) and PD-L1 the lowest AUC in
both cohorts, except slightly higher AUC of PD-
L1 (0.621) than IAS (0.615) in the GSE176307
cohort. However, there were not statistical dif-
ferences between these AUCs (Figure 4A and
4B). The combination of all the three ICBT sig-
natures and TMB increased the prediction
value from AUC 0.688 and 0.779 for TMB to
0.733 and 0.822 for the combination in the
IMvigor210 and GSE176307 cohort respective-
ly (Figure 4C and 4D). We also visualized the
landscape of the top 10 most frequently mutat-
ed genes for each ICBT signature (Figure 4E).
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Figure 4. ICBT signatures and TMB or PD-L1 panel predicts response and benefit of ICBT in BLCA. (A and B) Predic-
tive power of TMB, PD-L1, and ICBT signatures used independently for response of ICBT in the IMvigor210 cohort (A)
and GSE176307 cohort (B). (C and D) The combination of ICBT signatures and TMB could significantly improve the
predictive ability of ICBT signatures for the response of ICBT in the IMvigor210 cohort (C) and GSE176307 cohort
(D). (E) The landscape of the top 10 most frequently mutated genes for each ICBT signature. (F-H) Kaplan-Meier
survival curves of IRS/IGS/IAS and TMB panel for OS of patients with ICBT from IMvigor210 cohort. (I-K) Kaplan-
Meier survival curves of IRS/IGS/IAS and PD-L1 panel for OS of patients with ICBT from IMvigor210 cohort. ICBT,
immune checkpoint blockade therapy; TMB, tumor mutation burden; BLCA, bladder urothelial carcinoma; PD-L1,
programmed cell death ligand-1; IRS, ICBT RNA regulatory signature; IGS, ICBT genomic stability signature; IAS, ICBT
angiogenesis signature; OS, overall survival.

We further investigated the impact of ICBT sig-
natures on the survival outcome of patients
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of combined

received ICBT. Using Kaplan-Meier analysis
IRS expression with TMB in
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the IMvigor210 cohort, we noted that the
IRSME"TMBMe" subgroup have the best progno-
sis compared to other three groups (Figure 4F,
compared to IRS*TMB"" subgroup P=0.002,
compared to IRS"&"TMB"* subgroup P=0.003,
compared to IRS“TMB"e" subgroup P=0.036).
Similar data and feature were observed for the
combination of IGS expression and TMB (Fi-
gure 4G, IGS"e"TMB"e" subgroup compared to
IGS™*TMB"* subgroup P=0.007, compared to
IGS"e"TMB'" subgroup P=0.001, compared to
IGS™*TMB"e" subgroup P=0.024). In both analy-
ses, only the group with both high relevant ICBT
signature and TMB had significant improved
overall survival over the other groups, while the
other three groups had a similar survival rate,
suggesting that both TMB and the ICBT signa-
tures should be considered for patient outcome
prediction under ICBT. However, adding high
IAS expression to TMB high group did not im-
proved OS compared to TMB high only patients
(Figure 4H), therefore, no additional prediction
value over TMB.

We also investigated if these signatures can
be used to improve the prediction value of
PD-L1 for ICBT efficiency. As expected, in
both IMvigor210 and GSE176307 cohort, high
PD-L1 expression was significantly associated
with improved OS (Figure S1A, P <0.001,

_IMvigor210
P =0.03). We examined the combined

_GSE176307

effect of IRS panel and PD-L1 expression on
patients’ OS benefit. In the IMvigor210 cohort,
patients in IRSM&"PD-L1Me" subgroup had a sig-
nificantly better OS than IRS°*PD-L1"" sub-
group (Figure 4l, P_leigor21O<O.001). However,
there was no difference observed between
IRS"&"PD-L1"e" and IRS“PD-L1°" subgroup
in the GSE176307 cohort (Figure S1C, P
sseresor=0-713), potentially due to small num-
ber of sample number in this cohort, therefore
high change of false message. The long-term
survival rates of combination of IRS and PD-L1
expression (Both synchronized high or low
expression) compared to using PD-L1 alone,
obtained the improvement after about eleven
months of ICBT (Figure S1B, blue and green
line). We speculated that this was due to the
delayed clinical effect of immunotherapy [28].
These results suggest that both IRS and IGS
combining with TMB had significant predictive
value for the survival benefit of ICBT in BLCA.

Next, we combined IGS, the signature shown
above as significant correlation with PD-L1
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expression status. IGS"$"PD-L1"&" subgroup
had a significantly better OS than IGS""PD-L1'*"
subgroup in two cohort (Figure 4J, P, .~ <
0.001; Figure S1D, P ., 4,,=0-02). Moreover,
considering the relation between IGS and
genomic instability, we validated the impact of
the IGS subgroup on adjuvant chemotherapy
(ACT) for patients in TCGA cohort. In the sub-
group with high expression of IGS, patients with
ACT had a significant survival benefit compared
with patients without ACT (Figure S1F, top),
however, there was no benefit of OS between
patients with and without ACT in the subgroup
with low expression of IGS (Figure S1F, bottom).
Finally, we found IAS"*"PD-L1"e" subgroup had a
significantly better OS than other subgroups
(Figure 4K, IAS"“PD-L1"e" subgroup compared
to IASME"PD-L1Me" subgroup P=0.031, com-
pared to IAS°*PD-L1°% subgroup P=0.001,
compared to IAS"e"PD-L1'% subgroup P<
0.001). We only found the trend of better OS to
IAS'“PD-L1Me" subgroup in GSE176307 cohort
(Figure S1E) with a limited cohort size. The per-
formance of long-term survival rates using the
combination of IAS and PD-L1 expression
(IAS'°*PD-L1"e" compared to [|AS"&"PD-[1'ow
group) compared to using PD-L1 alone was
similar to IGS above, but an ascent was ob-
served after 17 months of treatment (Eigure
S1B, red and green line). Furthermore, to iden-
tify whether the effect of IAS was consistent
with the known angiogenic signal pathways, we
tested the effect with PD-L1 expression panel
on ICBT benefit of patient in vascular endothe-
lial growth factors (VEGF) pathway (Kyoto ency-
clopedia of genes and genomes, KEGG) [29]
and angiogenesis signature (Bindea et al.) [30].
VEGF pathway showed an opposite effect in the
two cohorts, lacking consistency. The influence
of angiogenesis signature on the ICBT benefit
prediction value of PD-L1 expression was con-
sistent with IAS, but Angio*PD-L1"e" subgroup
couldn’t indicate the trend toward improved
immunotherapy response rate, which was a
special characteristic of IAS (Figure S1G and
S1H).

Expression pattern of ICBT signatures in differ-
ent cell types within the cancer lesion

To determine which cell population in BLCA
lesion produced the expression pattern of ICBT
signatures, we used scRNA-seq data from
BioProject PRINA662018 in GEO database,
control and removal of the batch effect between

Am J Cancer Res 2024;14(9):4411-4428



Novel signatures in bladder carcinoma with checkpoint blockade immunotherapy

patients (Figure S2A-D, see “Methods”). 55,922
cells were clustered into six major clusters by
annotating cell types with ‘HumanPrimary-
CellAtlasData’ [31] of singleR: epithelial cells,
endothelial cells, cancer-associated fibroblasts
(CAF), T cells, B cells and myeloid cells (Figure
S2E). Immune cells and CAF were further anno-
tated by using ‘MonacolmmuneData’ [32-34]
from singleR as: CD8+ T cells, CD4+ T cells,
monocytes, dendritic cells and B cells, inflam-
matory cancer-associated fibroblasts (iCAF)
and myo-cancer-associated fibroblasts (mCAF)
(Figure 5A). We noted that IGS was not exten-
sively activated in BLCA cells, and there was
a specific cluster of bladder cancer epithelial
cells, which were not clustered with the main
epithelial cell cluster, with significant activation
of IGS (Figure 5B). At the same time, IGS was
also activated in a specific cluster of CD4+ T
cells, which was defined as ‘CD4+ T cell (IGS+)'.
IAS was significantly activated only in endothe-
lial cells, iCAFs and mCAFs (Figure 5C), where-
as VEGF pathway was activated in all cell types
(Figure S2F) and angiogenesis signature was
activated only in endothelial cells (Figure S2G).
Consistent with our speculation, IRS was a
broad RNA regulatory signal that was activated
in all cell types, especially the IGS activated
clusters, which may be due to both of them
derived from one co-expression module in
WGCNA (Figure 5D). Using CellphoneDB, we
investigated the cell-cell interaction network
between the cells with activated IAS and
immune cell based on the genes from IAS.
Notably, cells with activated IAS showed the
most interactions inside of them, mainly endo-
thelial cells, iCAF and mCAF. For other cell
types, endothelial cells had the most interac-
tion with T cells expected cytotoxic T cell (CTL),
mainly based on the NOTCH family and corre-
sponding ligands, suggesting a possible path-
way of angiogenesis and immune regulation in
bladder cancer (Figure 5E).

Identification of potential drug and small-mole-
cules targets for ICBT signatures

To identify potential targets for improving ICBT
based on ICBT signature, we collected target
information for 6,125 compounds and per-
formed a two-step analysis to identify candi-
date targets. Firstly, the correlation coefficient
between the expression level of druggable
MRNA and ICBT signatures was calculated.
Targets were identified with a correlation coef-
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ficient greater than an absolute value of 0.30
(P<0.05). Next, by conducting a correlation
analysis between CERES scores and ICBT sig-
nature scores based on bladder cancer cell
lines, we further identified poor prognosis-
dependent targets, defined as Spearman’s r
absolute value >0.5 and P<0.05 (Figure 5F-H).
The final targets identified were PGR (for IRS)
and BDKRB1 (for IAS), with the corresponding
compounds listed in Table S1. We did not find
significant targets for IGS based on the above
criteria. When we downregulated the cutoff of
Spearman’s r absolute value to 0.3, SSTR5 was
identified. This analysis suggests that inhibiting
these three genes in ICBT signature patients
could achieve favorable treatment outcome in
ICBT. Several hypotheses linking therapeutic
compounds to new disease signature have
been experimentally validated using CMap
analysis [35-37]. In CMap analysis, we identify
that PHA.00816795 as potential synergist of
IRS-mediated (Figure 5I) and fasudil as poten-
tial synergist of IGS-mediated improvement of
ICBT efficacy (Figure 5J), while Imatinib as
potential inhibitors of IAS-mediated poor out-
comes of ICBT (Figure 5K).

Discussion

Treatment of bladder urothelial carcinoma,
especially muscle invasive bladder urothelial
carcinoma is still a big problem. Anti-immune
checkpoint therapies, in particular anti-PD-1/
PD-L1, benefit only less than 30% of patients
with advanced disease [1]. New targets or com-
bined therapy strategies are still waiting to be
discovered, and such development could be
enhanced by a better understanding of the
tumor signature of bladder urothelial carcino-
ma. In the present study, we identified three
novel signatures related to ICBT response in
bladder urothelial carcinoma: IGS, representing
a special state of genomic stability; IAS, an
angiogenesis signal; IRS, an RNA regulatory
signal.

The extracellular immunopathogenic PD-L1/
PD-1 pathway described in cancer immune
checkpoint therapy is represented by PD-L1
expressed on the surface of cancer or stromal
cells, which binds to PD-1 expressed on the
surface of immune cells, leading to signaling
downstream of PD-1 to suppress anti-tumor
immunity [38, 39]. Our study found that IGS,
associated to DNA duplication, cell division and
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Figure 5. Expression pattern of ICBT signatures among cells in tumor microenvironment and identification of ICBT
signatures-related drug targets. (A) tSNE plot of single cells profiled in the presenting study colored by major cell
types. (B-D) tSNE plot of the expression pattern of IGS in the single cells profiled (B); IAS in the single cells profiled
(C); IRS in the single cells profiled (D). (E) Bubble plots show ligand-receptor pairs of genes from IAS between clus-
ters with activated IAS and other immune cell groups; (F) Red volcano plot (left) and scatter plots (right) of Spear-
man’s correlations and significance between IRS score and mRNA expression of drug targets. Red dots indicate the
significant positive correlations (P<0.05, and Spearman’s r absolute value >0.3). Blue volcano plot (left) and scatter
plots (right) of Spearman’s correlations and significance between IRS score and CERES score of drug targets. Blue
dots indicate the significant negative correlations (P<0.05, and Spearman’s r absolute value >0.3); (G) IGS; (H) IAS;
(I) CMap analysis of IRS, the lower the score of compounds, the more likely the drug is to reverse the molecular char-
acteristics of the disease; (J) CMap analysis of IGS; (K) CMap analysis of IAS. ICBT, immune checkpoint blockade
therapy; IRS, ICBT RNA regulatory signature; IGS, ICBT genomic stability signature; IAS, ICBT angiogenesis signature.

cell cycle transition, was only positive in a spe-
cial subgroup of BLCA epithelial cells signifi-
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cantly discrepancy from the majority of BLCA
epithelial cells. Tumor endogenous PD-L1 also

Am J Cancer Res 2024;14(9):4411-4428



Novel signatures in bladder carcinoma with checkpoint blockade immunotherapy

plays an important role in cancer [40], while
IGS was significantly correlated with PD-L1
expression in tumor. IGS, representing genomic
instability usually companies an increase of
neoantigens, which will activate PD-L1 for can-
cer cell to survive [41]. Moreover, previous stud-
ies have shown that tumor PD-L1 expression
changes with cell cycle, which has the highest
expression in M/G1 phase and a sharp de-
crease in G1/S phase [42]. These correlations
may explain that the changes in PD-L1 expres-
sion are associated with IGS, that only cells in a
special cell state (IGS+) would upregulated the
expression of PD-L1. It has also been reported
in melanoma and ovarian cancer studies that
tumor PD-L1 promoted cell proliferation [43],
which may take more activation of IGS. In our
study, it is yet to be investigated if IGS leads
to the up-regulation of cell cycle-dependent
PD-L1 expression or the increased expression
of PD-L1 activates IGS. Moreover, our study
found that the subgroup of patients with high
IGS activation could benefit from adjuvant che-
motherapy, whereas the subgroup with low IGS
expression level could not, although the in-
depth mechanism is not yet clear. Finally, as
expected, combination of IGS panel and TMB or
PD-L1 significantly distinguished a patient sub-
group with high sensitivity of ICBT. We specu-
lated the increased prediction value of TMB or
PD-L1 for ICBT in the IGS positive subgroup
might be due to the cell proliferation activity
and high genomic instability caused by IGS
activation.

In addition to the small subpopulation of epi-
thelial cells, the other cells with significantly
activated IGS were a cluster of CD4+ T cells
and a cluster of dendritic cells, both of them
participate in the signal transduction of antigen
recognition by T cell antigen receptor [44, 45].
At present, the research of immunotherapeu-
tic targets mainly focuses on CD8+ T cells.
However, in tumor immunity, CD4+ T cells can
activate CD8+ T cells through a variety of mech-
anisms to evolve into cytotoxic T lymphocytes,
while maintaining and enhancing the antitumor
response of CTL [46], especially in bladder can-
cer. The enrichment level of CD4+ T cells were
higher than CD8+ T cells, indicating better
tumor-specific states in bladder cancer. More-
over, CD4+ T cells can directly induce apoptosis
of bladder cancer cells in vitro [47]. On the
other hand, CD4+ T cell activation depends on
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subpopulation of dendritic cells [48]. The spe-
cific activation of IGS in above cell types raises
the suspicion that this state of changing
genome occurring simultaneously in multiple
cell types shares a common feature, an antitu-
mor immunity activated program blocked by
PD-1/PD-L1 immune checkpoint, potentially
involving CD4+ T cell proliferation and function-
al recovery [47, 49], which has rarely been
reported in bladder cancer previously.

Overall, IGS is a novel ICBT genomic instability
signature that correlates with tumor PD-L1
expression of tumor and it only exists in the
specific classes of bladder cancer epithelial
cells, CD4+ T cells and dendritic cells. This
finding provides further understanding of the
impact of bladder cancer heterogeneity on
immune checkpoint therapy.

IAS represents a class of gene signature relat-
ed to tumor angiogenesis. Unlike traditional
tumor angiogenesis signature, which is only
expressed in bladder cancer cells and endothe-
lial cells, IAS was activated in tumor microenvi-
ronment non-immune cells, including endothe-
lial cells, iCAF and mCAF. Previous studies have
shown that tumor vascular endothelial cells
can be activated by overexpress PD-L1. The
inhibition of a series of immune functions of
CD8+ T lymphocytes and PD-L1 on tumor vas-
cular endothelial cells promotes tumor genesis,
progression and metastasis [50, 51]. However,
these studies only focus on tumor vascular
endothelial cells. IAS was also activated in
CAFs, which has been reported to affect the
tumor intravasation in microenvironment [52].

We demonstrated that IAS'°“PD-L1"&" subgroup
showed a trend toward improved immunothera-
py response rate compared to other states of
expression. Tumor vessel and immune micro-
environment interact mutually [53]. CAFs can
be differentiated from epithelial cells, endothe-
lial cells, smooth muscle cells and bone mar-
row mesenchymal stem cells in tumor and par-
ticipate in the shape of the tumor extracellular
matrix. The secretion of a large amount of col-
lagen and fibronectin can promote the solidifi-
cation of tumor extracellular matrix, inhibit the
infiltration of immune cells recruited by chemo-
kines secreted from tumor tissues and impede
the penetration of anti-tumor drugs to reduce
the effect of tumor treatment. In addition, CAFs
are also directly involved in the regulation of
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tumor vascular network [54-56]. As IAS is acti-
vated in both endothelial cells and CAFs, IAS,
representing tumor vascular regulation, might
be contributed by both of these cell types. By
investigating the cell-cell interaction network
among the cell types using CellphoneDB, we
also found that IAS in endothelial cells and
CAFs mainly interacts with other cell types
through the ligands and corresponding recep-
tors of NOTCH family and platelet-derived
growth factor (PDGF) family. In addition, IAS
were also activated in a few non-cytotoxic T
cells and interacted with endothelial cells
through the ligands and corresponding recep-
tors of NOTCH family. This provides evidence
that angiogenesis, as represented by IAS,
affects the immune microenvironment. Taken
together, IAS is a characteristic angiogenic sig-
nature in bladder urothelial carcinoma, involv-
ing the co-regulation of endothelial cells and
CAFs.

IRS is a signature related to RNA regulation,
involving in biological processes such as RNA
splicing, mRNA catabolic process, RNA localiza-
tion and mRNA transport. IRS is widely activat-
ed in bladder urothelial carcinoma, including all
cell types, especially in IGS-activated cells,
which may be explained by that IRS and IGS
were derived from the same module in the gene
co-expression network. Like IGS, we found that
combination of IRS panel and TMB or PD-L1
significantly distinguished a patient subgroup
with high sensitiveness of ICBT, but the com-
bination with PD-L1 was inconsistent, which
needs validation in larger sample size cohort.
Generally, tumor cells were thought to teem
with multiple RNA regulatory program activa-
tion. IRS may be the signature that describes
the magnitude of cellular mobilization of RNA
regulatory programs after patients receive im-
mune checkpoint therapy.

Most importantly, these ICBT signatures im-
proved the ICBT outcome prediction value of
the currently used biomarkers TMB and PD-L1
expression. Theoretically, high PD-L1 expres-
sion should be an accurate marker for receiving
anti-PD-1/PD-L1 ICBT. However, all the relevant
clinical trials have shown that PD-L1 expres-
sion has limited predictive value and TMB has
later been identified as a better prediction bio-
marker [57, 58]. The combination of both IGS
and IRS with either TMB or PD-L1 expression
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improved their prediction efficiency of OS for
patients receiving ICBT that patients with both
high level of these ICBT signature and high TMB
or PD-L1 expression had much better survival
benefit than other patient groups. The striking
finding showed that, in the combined IGS or IRS
analysis with TMB, only patients with both high
immune signature and TMB had significantly
better chance of benefiting from ICBT (double
OS rate than any other groups at 24-month fol-
lowing up period), whilst the OS of the other
three groups of patients were similar. Therefore,
both signatures are promising ICBT response
prediction biomarkers in combination with
TMB. IAS has limited impact on the ICBT
response prediction efficiency when combined
with TMB. We considered that potential reason
was low gene mutation frequency in IAS signa-
ture compared to IRS/IGS. While patients with
low IAS and high PP-L1 expression had over
50% chance of survival under the ICBT, signifi-
cantly better than any other groups of patients
in this combined analysis and was similar to
those with both high TMB and IGS or IRS in dif-
ferent KM analysis. If should be further deter-
mined in large sample cohort(s) which of these
combinations will perform the best in predict-
ing ICBT outcome and if the combination of all
these predicting factors will be significantly bet-
ter than these two factor combinations.

Based on the ICBT signatures we identified, we
explored potential molecular targets and com-
pounds to improve the efficacy of immunother-
apy. PGR (Progesterone Receptor) is one of the
molecules with loss of expression in triple neg-
ative breast cancer (TNBC), which is more likely
to benefit from immunotherapy [59]. In bladder
cancer, PGR is considered as a biomarker for
the bad prognosis of bladder cancer by several
studies [60, 61]. Weather targeting PGR can
benefit immunotherapy of bladder cancer war-
rant further investigations. SSTR5 (Somato-
statin Receptor 5) is one of five G-protein cou-
pled receptors that sense the peptide hormone
somatostatin. SSTR5 inhibitors have potential
in the treatment of type 2 diabetes, but the
research in immunotherapy is still insufficient
[62]. SSTR3 in this family is a known prognostic
marker in bladder cancer [63], but further stud-
ies on SSTR5 is required to establish its roles in
bladder cancer. BDKRB1 (Bradykinin Receptor
B1) has been reported to affect migration and
invasion of malignant glioblastoma cells and to
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limit encephalitogenic T lymphocyte recruit-
ment to the central nervous system [64]. How-
ever, data on BDKRB1 in immunotherapy and
bladdercancerare verylimited. PHA.00816795,
fasudil, and imatinib are considered the most
likely compounds in CMap analysis to reverse
tumor state of ICBT signatures (Table S2).
Further experimental validation to confirm their
potential safety and efficacy are warranted.

There are limitations of our study. Our study
collected immunotherapy patient data form
IMvigor210 and GSE176307 cohorts, where
both are composed of metastatic BLCA pa-
tients, but single-cell and TCGA data are mainly
from non-metastatic cases. Further investiga-
tions are required to determine whether ICBT
signatures are affected by the difference bet-
ween advanced and early disease. Finally, the
biological mechanisms of the involvement of
certain genes of ICBT signatures, such as
SRSF10 and CCDC59, are yet to be experimen-
tally confirmed.

Conclusions

In conclusion, our work highlights three novel
ICBT signatures and describes the expression
pattern of ICBT signatures among cells in the
BLCA lesion. The combination of IGS or IRS
panel with TMB and the combination of IAS
with PD-L1 expression enhanced the prognos-
tic value in term of OS for patients receiving
ICBT and may have great value in patient selec-
tion for ICBT. This study also provides clues to
understand the role of ICBT signatures, which
promotes further mechanism discovery in BLCA
progression and response to therapies.
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Figure S1. A. Kaplan-Meier analyses of OS in patients, according to PD-L1 mRNA expression values. Data were
analyzed by log-rank test. B. Time-dependent receiver operating characteristic curve, the groups of blue line was de-
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fined as IRS"E"PD-L1"e" and IRS""PD-L1"" subgroups, yellow line was IGS"e"PD-L1"e" and IGS"*PD-L1"°" subgroups,
red line was IAS"e"PD-L1"* and IAS"*PD-L1"¢" subgroups and green line used group that PD-L1 expression only. C-E.
Kaplan-Meier survival curves of IRS/IGS/IAS and PD-L1 panel for OS of patients with ICBT from GSE176307 cohort.
F. Kaplan-Meier analyses of OS, according to IGS expression level, top is patients with ACT and bottom is patients
without ACT. G. Kaplan-Meier survival curves of VEGF pathway and PD-L1 panel for OS of patients with ICBT in
IMvigor210 and GSE179306 cohort. H. Kaplan-Meier survival curves of ‘Angiogenesis’ signature and PD-L1 panel.
0S, overall survival; PD-L1, programmed cell death ligand-1; IRS, ICBT RNA regulatory signature; IGS, ICBT genomic
stability signature; IAS, ICBT angiogenesis signature; ACT, adjuvant chemotherapy; ICBT, immune checkpoint block-
ade therapy; BLCA, bladder urothelial carcinoma; TCGA, The Cancer Genome Atlas.
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Figure S2. (A-E) Quality control of single cell sequencing data. (A) Significant batch effect among patients. (B) Re-
moving batch effect between batches with 3000 variable features. (C) Violin plot shows number of features (nfea-
ture RNA), number of genes (nCounts RNA) detected and percent of mitochondrial derived transcripts (percent.
mt) per single cell after quality control. (D) Scree plot show top 40 principle components of principle component
analysis. Top 30 principle components were used in downstream analysis. (E) tSNE plot of single cells profiled in
the colored by major cell types in preliminary identification. (F and G) tSNE plot of the expression pattern of VEGF
pathway (F) and ‘Angiogenesis’ (G) signature in the single cells profiled.



