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Quantification of ferroptosis
pattern in bladder carcinoma
and its significance
on immunotherapy

Xu Cheng, Yinhuai Wang, Yijian Li & Wentao Liu™*

The role of ferroptosis in tumor development and therapy has been previously proved. Nonetheless,
its potential role in tumor microenvironment (TME) and immunotherapy for bladder carcinoma
remains unclear. Based on 38 ferroptosis-related genes, the characteristic of ferroptosis patterns and
interactions with immune cell-infiltrating features in 2043 bladder cancer samples were systematically
investigated. We further proposed the FerrScore to quantify the ferroptosis patterns for each patient.
As results, three diverse ferroptosis patterns with distinct tumor-infiltrating immune cell features
were established. By determination of ferroptosis patterns of each patient, we found that high
FerrScore was related to lower proportion of luminal-papillary molecular subtype, more frequent TP53
mutations, activation of immunity and stroma, and lower 5-year survival. High FerrScore also seemed
to be associated with decreased neoantigen load, tumor mutational burden and poorer response to
anti-PD-L1/1 therapy. External verification in two immunotherapy cohorts showed FerrScore was an
independent and effective prognostic factor for therapeutic effect and survival outcome. Overall, the
present study indicated the ferroptosis strongly is closely correlated with TME diversity. Evaluation of
the ferroptosis patterns may strengthen the cognition of TME immune cell infiltrations and guide more
individualized immunotherapeutic strategies in bladder carcinoma.

Ferroptosis, an iron-dependent pathway of cell death, differs from new forms of programmed cell death such
as apoptosis, pyrolysis, and autophagy’. Several pathways such as mevalonate, iron, amino acids, NADH, phos-
pholipids, glutathione, and iron autophagy pathways are involved ferroptosis'~, and agents such as lipid per-
oxidation inhibitors, iron chelators, et al. are developed to inhibit the progression of ferroptosis*. Tumor cells,
enriched in free iron and with high levels of reactive oxygen species, are more sensitive to ferroptosis®. Notably,
ferroptosis-related genes (FRGs) such as FANCD2, GPX4, and DPP4 et al. are closely correlated to tumorigen-
esis and progression®™®, various studies have confirmed the pivotal role of ferroptosis in tumor development
and therapies®!!. Therefore, ferroptosis can be a potential therapeutic approach to efficiently trigger cancer cell
death, as alternative to the traditional treatment'2.

Bladder cancer (BLCA) represents the tenth most common malignant tumor and the most prevalent cancer
of the urinary system, with an excepted 573,278 newly diagnosed cases and 212,536 estimated deaths worldwide
in 2020". Although radical cystectomy followed by radiotherapy, chemotherapy and immunotherapy remains
the mainstay treatment for localized BLCA, immune checkpoint inhibitors (ICIs) in treatment or neoadjuvant
treatment for BLCA has been widely validated in prospective clinical trials'*-'°. However, most patients gain
little or no clinical benefits from these immunotherapies'”'8, outcomes of muscle-invasive BLCA still remain
unsatisfactory'®*. Therapeutic response of many tumors, including BLCA, correlates with viration of tumor
microenvironment (TME), the number of neoantigens, and tumor mutational burden (TMB)?!-%. There is
increasing evidence that TME is associated with the prognosis and treatment response of BLCA and other types
of cancer**%.

Recently, Wang et al. reported that CD8 + T cells promote tumor ferroptosis during cancer immunotherapy
treatment?. Additionally, ferroptosis seems more immunogenic than apoptosis due to release of damage-asso-
ciated molecular patterns family, which in turn exacerbates inflammatory reactions*. Moreover, Liu et al. have
developed the ferroptosis potential index (FPI) to reveal the relationship between ferroptosis and the cancer
hallmarks, tumor microenvironment, drug resistance, and patients’ survival®. These findings suggest that the
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ferroptosis plays an essential role in the tumor microenvironment (TME). However, literatures focus on the
role of ferroptosis in immunotherapy for BLCA is limited, and most of those scattered studies focused on the
link between ferroptosis and individual immune cell or functions, a comprehensive analysis of the relationship
between ferroptosis and TME in BLCA will be helpful.

Herein, we integrated the genomic information of 2043 BLCA samples to comprehensively evaluate the fer-
roptosis patterns, and correlated the ferroptosis pattern with the TME cell-infiltrating characteristics. We revealed
three distinct ferroptosis patterns, and surprisingly found that the TME cell-infiltrating characteristics and
prognosis under these three patterns were significantly different. Thus, we first established a set of scoring system
to quantify the ferroptosis patterns for each BLCA patient based on the mRNA expression profiles of FRGs. The
scoring system may assist oncologists to make more efficient and individualized immunotherapeutic strategies.

Method

BLCA dataset collection and preprocessing. We retrospectively retrieved the BLCA RNA sequencing
(RNA-seq) data and matched clinical features from the Carcinoma Genome Atlas (TCGA), Gene-Expression
Omnibus (GEO) and ArrayExpress databases. Patients lacked survival information were excluded and totally
9 eligible BLCA datasets (GSE13507, GSE31684, GSE32548, GSE48075, GSE48276, GSE70691, TCGA-BLCA,
E-MTAB-4321 and IMvigor210) were included in the subsequent investigation. In Affymetrix platform, the raw
“CEL” file was performed with background adjustment and normalization by using the ‘affy’ and ‘simpleafty’
packages while other platforms were directly downloaded a normalized matrix file. Besides, the RNA sequenc-
ing data (FPKM) from TCGA database was transferred to transcript per kilobase million (TPM) by using the
TCGAbiolinks package. Subsequently, we made an integration of these data into a meta-dataset for removing
batch based on ComBat function within sva package®. Table S1 presented the baseline of 9 eligible datasets of
BLCA. Additionally, we carried out Copy Number Variation (CNV) analysis on the base of downloaded TCGA
dataset which provided somatic mutation data.

Unsupervised clustering for ferroptosis-related genes.  Firstly, we performed the unsupervised clus-
tering analysis to identify different ferroptosis forms based on the expression of 38 ferroptosis related genes
(FRGs) from 6 GEO datasets. What's more, we acquired these mentioned ferroptosis genes from GSEA data-
bases. In addition, consensus clustering algorithmic was applied for determining cluster amount and stability.
Notably, the mentioned steps were implemented with the ConsensuClusterPlus package and 1000 times repeti-
tions were conducted to ensure the stability of classification.

Gene set variation analysis and functional annotations. To further evaluate the biology distinc-
tion in autophagy subdivided types, we performed the Gene Set Variation Analysis (GSVA) analysis by “GSVA”
packages®!, and the “c2.cp.kegg. v6.2. symbols” gene set was chosen as the reference. Statistical significance was
set as adjusted p value <0.05%2.

Estimation of TME cell infiltration. We estimated the immune cell infiltration in the tumor microenvi-
ronment (TME) by single-sample GSEA. Based on Charoentong’s study, we obtained the data of these immune
cell types gene set, and the immune infiltration scores were defined as the mean of standardized values of
immune cells including CD8* T cells, CD4" T cells, immature B cells, memory B cells, etc.*. Moreover, we
assessed the enrichment scores of immune cells and function of BLCA specimens, and Kruskal-Wallis test was
used for the comparison.

Recognition of differentially expressed genes among diverse ferroptosis phenotypes.  Accord-
ing to the mRNA expression profiles of 38 FRGs, patients were classified as three ferroptosis phenotypes. Moreo-
ver, we identified differentially expressed genes (DEGs) in different ferroptosis phenotypes based on the empiri-
cal Bayesian approach using the package “limma”*. The adjusted value of p <0.001 was set as threshold.

DEGs clustering and ferroptosis score. We developed a ferroptosis score to quantify the ferroptosis
form in a BLCA patient. The steps to establish the signature of ferroptosis genes were presented as below: first,
we selected the overlapping DEGs determined by ferroptosis clustering and normalized among GEO dataset.
Next, patients were separated into groups to conduct the further unsupervised clustering analysis of overlap-
ping DEGs. Then, we defined the gene cluster number and its stability based on the consensus clustering algo-
rithmic rule. Subsequently, we performed the univariate Cox regression analysis to investigate the prognostic
significance of the respective gene in the TCGA-BLCA dataset. Genes with significant prognosis were used for
further study (p<0.05). Finally, the above genes were fitted into LASSO Cox regression study to reduce the
dimensionality and then select representative decision makers. The score of ferroptosis was generated by the
following formula:

n
FerrScore = Z Coefi * Expri
i=1

where Expri presents the expression level of ferroptosis-related signature genes and Coefi stands for LASSO Cox
regression coefficient.
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Correlation between signature of ferroptosis genes and other relevant biology pro-
cesses. Mariathasan et al. used gene sets to classify genes related to different biological processes, including
(1) DNA replication; (2) Cell cycle; (3) Fanconi anemia; (4) DNA damage repair; (5) Homologous recombina-
tion; (6) Nucleotide excision repair; (7) Immunization checkpoint; (8) Fibroblast Growth Factor Receptor 3
(FGFR3)-related genes; (9) Antigen processing machinery; (10) CD8" T effector; (11) epithelial-mesenchymal
transition (EMT) marker covering EMT3, EMT2 and EMT]I; (12) Angiogenesis; (13) pan-fibroblast transform-
ing growth factor (TGF)-p response signature (Pan-F-TBRS)*. Moreover, we conducted a correlation analysis to
estimate the relationship between signature of ferroptosis genes and other relevant biology processes.

Data collection and assessment of response to immune checkpoint blockade (ICB). Expres-
sion profiles of immune checkpoint blockade genes with complete clinical information were systematically
searched from public data. We included one anti-PD-L1 and one anti-PD-1 immunotherapy datasets to calcu-
late the FerrScore, as follows: 1) the advanced urothelial carcinoma treated by atezolizumab, antibody for PD-L1
(IMvigor210 dataset, by complying with the Creative Commons 3.0 License, 30; 2) the metastatic melanoma
with intervention of pembrolizumab, antibody for PD-1 (GSE78220 dataset originating in GEO)?. The DEseq2
R package and limma R package were utilized to normalize the raw data. Furthermore, transformation from the
count value into the TPM value was performed, respectively.

Clinical samples. We retrospectively collected the clinical data of patients with bladder cancer receiving
anti-PD-1 therapy (01.2021-04.2021), and retrieved the cancer samples in our biobank for qRT-PCT test. The
inclusion criteria of this study were as follows: (1) age 18-75 years; (2) patients who were pathologically diag-
nosed with bladder urothelial carcinoma (T2-4aNOMO); (3) patients scheduled for radical cystectomy; (4) com-
bined positive score (CPS) of PD-L1>10%. ORR was defined as the percentage of participants in the analysis
population witha Complete Response (CR: disappearance of all target lesions) or a Partial Response (PR: at least
a 30% decrease in the sum of diameters of target lesions) per RECIST 1.1. ORR was assessed by BICR in partici-
pants with strongly PD-L1 positive tumors (CPS>10%). This study was approved by the Ethics Committee of
the Second Xiangya Hospital of Central South University, and informed consent was obtained from all included
participants.

Statistical analysis. The study endpoint in above different datasets is all overall survival, which is defined
as the period span from the initial treatment to the all-cause death. The correlation between the TME infiltrat-
ing immunization cells and expression of ferroptosis genes was calculated by spearman and distance correla-
tion analysis. One-way ANOVA and Kruskal-Wallis tests were used for comparisons among three or more
groups. The best cut-off point of FerrScore in every separated group was identified by the survminer package to
assess the correlation between FerrScore and patients’ survival. To control the calculated batch effect, we repeat-
edly tested the cut-off values repeated to determine the statistical value of maximal rank, and then classified the
individuals into FerrScore-high and the FerrScore-low patients by the statistics. Survival analyses of subgroups
for overall survival (OS) and progression-free survival (PFS) were performed using Kaplan-Meier estimates,
log-rank testing, and Cox regression modeling. The FerrScore was validated by the receiver-operating character-
istic (ROC) curves. Besides, we performed multivariate prognostic analysis for FerrScore in E-MTAB-4321 and
TCGA dataset, and the results were visualized by R package- “forestplot. Moreover, the mutation landscape of
high and low FerrScore individuals from TCGA dataset was presented by the maftools package. We illustrated
the CNV landscape of 38 FRGs that located in human chromosomes using the RCircos package. Two-sided
P <0.05 was considered statistically significant. All statistical investigation was conducted using R 4.0.5 software.

Ethics approval and consent to participate. The study was conducted in accordance with the Declara-
tion of Helsinki (as revised in 2013). The study was approved by the ethics committees at the Second Xiangya
Hospital of Central South University. The patient data in this work were acquired from the publicly available
datasets whose informed consent of patients was complete.

Results

Three ferroptosis patterns mediated by 38 ferroptosis-related genes. An overview of the study
design was shown in Fig. 1. 38 FRGs were finally retrieved from the GSEA database. The genetic and expression
variation landscape of FRGs varied a lot in different BLCA samples (Fig. 2A-C and S1A,B). In addition, the 38
FRGs’ expression profiles can very well distinguish tumor from normal sample (Fig. 2B,C). Six GEO datasets
(GSE13507, GSE31684, GSE32548, GSE48075, GSE48476, GSE70691, Table S1) were included in a Meta dataset.
The 38 FRGs interacted with each other and had prognostic value for BLCA (Fig. 2D and S1C). According to
expression level of 38 FRGs, three diverse patterns with distinct survival were recognized, named FerrCluster
A-C (Fig. 2E and S2A).

Immune features in diverse ferroptosis patterns. The transcriptome heat map describes the
most abundant differentially expressed genes (DEGs) with different biological functions in the three clusters
(Fig. 2F-G). Surprisingly, FerrCluster-B was noticeably rich in both innate and activated immune cell infiltra-
tion (Fig. 3A), which was related to stromal activation, such as angiogenesis pathways, pan-fibroblast TGF-
response and EMT (Fig. 3B). Therefore, we hypothesized that stromal activation in FerrCluster-B inhibited the
antitumor effect of immune cells, leading to poor survival in FerrCluster B (Fig. 2E). Of note, FRG expression
did not alter tumor’s TME-infiltrating cell types (Fig. S2B).
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Figure 1. The flow diagram of our main analysis.

Besides, correlation between each TME-infiltrated cell and the FRG was shown in Fig. S3A. FRG CYBB, a
major component of the phagocytic oxidase system, was up-regulated with higher immune-score, suggesting its
role in immune cell infiltration (Fig. S3B-D). Further pathway enrichment analysis revealed that up-regulated
CYBB would enhance different pathways to activate immunity (Fig. S3E), which accompanied with up-regulated
PD-L1 and PD-1 (Fig. S3D-E). In GSE78220, high CYBB expression was related to better survival in patients
with anti-PD-1 immunotherapy (Fig. S3F). However, this effect was not observed in IMvigor210 (Fig. S3G). Nev-
ertheless, we speculated that CYBB-mediated ferroptosis might induce immune cell activation, which enhances
the anti-tumor immune responses in tumors.

To further explore ferroptosis phenotypes in the BLCA dataset in TCGA, we performed cluster analysis to
generate three distinct ferroptosis phenotypes (Fig. 3C,D and S4A-D), with different expression levels of FRG.
FerrCluster B was obviously related to stromal activation, tumor progression, basal_squamous subtype, worse
histological grade and survival (Fig. 3C,E and S4E,F).

Ferroptosis pattern-related gene signatures and their functional annotation. Then, we identi-
fied 456 ferroptosis pattern-related DEGs which were co-expression in the three phenotypes (Fig. $4G). GO
enrichment analysis showed these genes were significantly enriched in ferroptosis and immunity (Fig. 3F). The
further cluster analysis of 456 genes divided patients into three clusters named as ferroptosis gene cluster A-C
(Fig. S5A-D and 4A). The high grade, advanced stage, basal_squamous type and worse survival were related
to ferroptosis gene cluster B (Fig. 4A,B). The expression of 38 FRGs varied in the three gene clusters (Fig. 4C).

To further explore the role of distinct ferroptosis phenotype in the TME immune regulation, we searched
the published literature to extract target cytokines and chemokines, which were related to immune activation,
immune checkpoints and (TGF)-p /EMT pathway, respectively’®*!. (TGF)-p /EMT pathway was up-regulated
in ferroptosis gene cluster B, indicating this cluster was stroma-activated and cancer promotion (Fig. SSE-H).
These findings uncovered the important role ferroptosis played in generation of distinct clinical, transcriptome
traits and TME features.

Development of FerrScore and its prognostic value. We further developed a scoring system based
on the ferroptosis phenotype-related DEGs to quantify the ferroptosis pattern of individual patients, and termed
it as FerrScore (Fig. 4D), which was correlated with well-known signatures (Fig. 4E). We found a higher Ferr-
Score in ferroptosis gene cluster B was associated with stromal activation (Fig. 4F-H), and the luminal_papillary
type was also related to low FerrScore (Fig. 5A).

Next, patients were divided into low or high FerrScore group by the cutoff value -1.42. Patients with low
FerrScore obtained better survival (p <0.05; Fig. 5B), and FerrScore can be an independent prognostic factor
for this (HR 4.30(2.97 - 6.22)) (Fig. S6A). Among patients without adjuvant chemotherapy, low FerrScore was
related to more therapeutic advantages (Fig. 5C, p <0.05), which was not interfered by TP53 mutation (Fig. 5D).
Furthermore, younger, male, low grade and early stage were significantly related to a lower FerrScore, with bet-
ter clinical outcomes (Fig. S6B). The mentioned results demonstrated FerrScore could be also used to evaluate
individual characteristics.

External verification and the role of ferroptosis pattern in ICB therapy. FerrScore signature built
in TCGA: BLCA dataset was validated in other independent BLCA datasets for the relevant prognostic value
(GSE13507, p<0.05; GSE31684, p <0.05; GSE325438, p < 0.05; GSE48075, p < 0.05; GSE48276, p < 0.05; Combined
GEO datasets, p<0.05. Fig. S7A-F). ROC curves showed a better prediction accuracy of FerrScore in 3 and
5-years (Fig. S7G,H).

Patients with low FerrScore gained obviously better tumor control effect and survival outcomes in the two
datasets (IMvigor210: Fig. 6A-C, p <0.05; GSE78220: Fig. 6D-G, p <0.05). Low FerrScore was related to thera-
peutic advantages and clinical response to ICB therapy (Fig. 6B-C and E-G). The stromal activation was observed
in the high FerrScore tumors, thereby mediating the immunization tolerance of the tumors (Fig. 6H). High tumor
neoantigen load, which was closely related to immunotherapy, and low FerrScore predicted a better survival
(Fig. 6I). These findings suggest that the quantification of ferroptosis patterns is an effective biological marker
for prognosis clinical responses to immunotherapy (Fig. 6]).
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Figure 2. The genetic and expression variation landscape of ferroptosis-related genes related to bladder cancer.
(A) The mutation frequency of 38 ferroptosis-related genes in 412 patients who have bladder cancer from
TCGA dataset. Each patient was shown in individual column, among which TMB was shown in the bar graph
on top, with the mutation frequency of each regulator shown as number on the right, the ratio of each variant
type was shown in the bar graph on the right, and conversion rate of each sample was shown in the stacked

bar chart below. (B) Analysis performed for principal component of 38 ferroptosis-related genes’ expression
profiles to tell apart tumors and normal samples in TCGA dataset. Tumors were marked in blue and normal
samples in yellow (C) The transcripts of 38 ferroptosis-related genes on control samples and bladder cancer.
Yellow shows tumor and blue represents the normal. The interquartile range of values was represented by the
boxes’ upper and lower ends, the median value is represented by the lines in the boxes, and outliers were shown
by dots in black. (D) Interaction between ferroptosis-related genes in bladder cancer. The effect of each gene on
the prognosis is indicated by the size of circle, and by Log-rank test. the scales of P value were less than 0.0001,
0.0001, 0.01, 0.05 and 0.1. In the circle, purple dots indicated risk factors of prognosis while green dots indicated
protective factors of prognosis. The interaction between genes were shown by linking lines and the correlation
strength between genes were shown by thickness. Blue indicates negative correlation and red indicates positive
correlation. (E) Analysis supported by Kaplan-Meier curves of survival for these ferroptosis subtypes regarding
481 patients who have bladder cancer from six GEO datasets (GSE13507, GSE31684, GSE32548, GSE48075,
GSE48476, GSE70691), including 289 patients in Ferrcluster-A, 178 patients in Ferrcluster-B, and 114 patients
in Ferrcluster-C. A great difference of the survival of these ferroptosis subtypes was shown by the Kaplan-Meier
curves, along with Log-rank p value, which is 0.009. Compared to other two Ferrclusters, Ferrcluster-A is
significantly better on survival. (F-G) Analysis of GSVA enrichment, which suggested the status of biological
pathways’ activation in different ferroptosis subtypes. These biological processes were visualized by heatmap,
with activated pathway shown in brown and inhibited pathway shown in blue. For sample annotations, it used
the bladder cancer datasets. (F) Ferrcluster-A versus Ferrcluster-B, and (G) Ferrcluster-B versus Ferrcluster-C.

The value of p is graphically shown by asterisks, of which * means that p is less than 0.05, ** means less than 0.01
and *** means less than 0.001.

Validation of FerrScore in clinical samples. In the present study, FerrScore was established on the coef-
ficients of the following 18 ferroptosis related genes (Supplementary materials). Because FerrScore is established
by the expression level of multiple genes, it is difficult to detect the expression of each gene. Among these genes,
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«Figure 3. Features of TME transcriptome property and cell infiltration in different ferroptosis forms. (A) The
abundance of individual TME infiltrating cell in these ferroptosis forms. Their interquartile value ranges were
indicated by lower and upper ends of boxes. The median value was indicated by those lines in the boxes, and
outliers were shown with dots of black color. The value of p is graphically shown by asterisks, of which * means
that p is less than 0.05, ** means less than 0.01 and *** means less than 0.001. (B) Diversities in stroma-activated
pathways, such as angiogenesis, TGF beta and EMT pathways among these ferroptosis forms. The test called
one-way ANOVA was applied to check group diversity among these ferroptosis forms statistically. The value
of p is graphically shown by asterisks, of which * means that p is less than 0.05, ** means less than 0.01 and
*** means less than 0.001. (C) Non-monitored clustering of 38 ferroptosis-related genes in the TCGA: BLCA
dataset. Annotations for selected patient including the ferroptosis, TCGA molecular subtypes, histology, stage of
tumor, grade, status of survival and age. High gene expressions were marked in brown and low gene expressions
were marked in blue. (D) Analysis of principal component for the transcriptional feature of these ferroptosis
forms, indicating a significant differential gene expression among different subtypes. (E) The distribution of
TCGA molecular subtypes in these ferroptosis forms. Basal_squamous subtype, purple; Luminal subtype, green;
Luminal_infiltrated subtype, blue; Luminal_papillary subtype, red; and Neuronal subtypeb was shown in yellow.
(F) Functional annotation for genes relevant to ferroptosis according to GO enrichment analysis. The number of
enriched genes were indicated by the bar graph’s color depth.

EMP1 and GNLY were the most significant factors with opposite effect according to their coefficients, so we
chose the two genes to validate FerrScore. Finally, 40 patients with ORR data were enrolled in the study, includ-
ing 20 patients with high EMP1 expression, 20 patients with low EMP1 expression, 20 patients with high GNLY
expression and 20 patients with low GNLY expression, respectively. The results were shown in the Fig. 7. High
EMP1 level, contributing to high FerrScore, was associated with advanced T stage, high grade tumor and lower
CR rate. While, low GNLY levelcontributing to high FerrScore, which was associated with more aged patients,
advanced T stage, high grade tumor and lower OR rate. The above results were consistent with our previous
data in Fig. S6, so we could make a conclusion that additional validation still support the established FerrScore.

Discussion

Ferroptosis, a newly discovered modality of programmed cell death, was found correlated with tumor drug
resistance, tumor immune environment and cancer progression, and its role in BLCA had attracted attention®.
Therefore, the clinical features and TME features exhibited by BLCA with different ferroptosis patterns were
comprehensively analyzed.

We classified three ferroptosis patterns with different TME features. According to the results, FerrCluster B
showed the most adaptive immunity, innate immunity and stroma activation, among which, stroma activation
was considered T-cell suppressive. Therefore, after fully exploring the TME cell infiltration induced by diverse
ferroptosis patterns, it was no wonder FerrCluster B had an activated innate immunity but a poor prognosis.
Then, three ferroptosis gene clusters with different clinical outcomes and immune cell infiltration were gener-
ated among DEGs related to FRGs features. Similar to the clustering of ferroptosis pattern, ferroptosis gene
cluster B was also correlated with activated innate immunity and stroma but a poor prognosis. Further, based
on ferroptosis phenotype-related DEGs, a scoring system named FerrScore was developed and validated as an
independent risk factor of prognosis for patients with BLCA. Thus, the correspondence among ferroptosis pat-
tern- ferroptosis gene cluster-FerrScore was uncovered according to our results.

Considering the close relationship between TME cells and FerrScore, we made further exploration and found
that FerrScore can also accurately predict immunotherapy response, which implied FerrScore as promising tool
to select patients sensitive to immunotherapy®®. Cancer, driven by exposure to excess iron, is a genetic disease
caused by the accumulation of somatic cell mutations®. The present results also indicated a significantly negative
correlation between FerrScore and tumor mutational burden (Fig. S8). Studies revealed that high tumor muta-
tional burden independently attain the highest response rate to cisplatin-based chemotherapy and checkpoint
inhibitors for patients with BLCA, which consistent with our results®®. FerrScore could be independent of tumor
mutational burden in predicting the responsiveness to immunotherapy.

In this study, we identified 456 ferroptosis phenotype-related DEGs, which were markedly enriched in ferrop-
tosis and immunity. Although the iron therapeutics in cancer has been proposed recently, it has not yet achieved
satisfactory clinical use owing to modest results from clinical trials or laboratory-only results®. It is the process
upon iron addicted to ferroptosis resistance that abnormal proliferation of tumor cells requires large amounts
of iron to maintain DNA synthesis and repair as well as cellular energy*’. According to our data, FRG CYBB
mediated ferroptosis was speculated to promote the activation of TME DCs, thus enhancing the intra-tumoral
immunological antitumor response in BLCA. CYBB may be a potential therapeutic target, which should be
further validated by experiments.

In conclusion, the comprehensive, integrated analysis of three ferroptosis patterns uncovered an extensive
regulatory mechanism by which they affect TME and TME-related BLCA prognosis. The developed FerrScore
can interpret diverse clinical features affected by ferroptosis and discriminate their clinical use in immunotherapy,
which might guide urologist to more accurate immunotherapy strategies in BLCA. However, further experimental
validation and prospective clinical studies are still required.
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«Figure 4. Signature construction of ferroptosis genes. (A) Unmonitored clustering of overlapping ferroptosis
subtype-related genes in TCGA datasets to attribute patients to different genomic subtypes, named as ferroptosis
gene cluster A, B and C. Patient annotations were utilized by the gene clusters, ferroptosis subtypes, TCGA molecular
patterns, stage of tumor, grade, histology; status of survival, gender and age. (B) Kaplan—Meier curves suggested that
ferroptosis genomic phenotypes were significantly relevant to the 406 patients’ survival in TCGA: BLCA dataset,
among the cohort, 149 patients were classified to cluster A, 137 patients were classified to cluster B and 120 patients
were classified to cluster C (p=0.055, Log-rank test). (C) The results of 38 ferroptosis-related genes in these gene
clusters. The interquartile range of values was represented by the boxes’ upper and lower ends, the median value is
represented by the lines in the boxes, and outliers were shown by dots in black. The value of p is graphically shown
by asterisks, of which * means that p is less than 0.05, ** means less than 0.01 and *** means less than 0.001. The
test called one-way ANOVA was applied to check group diversity among these ferroptosis forms statistically. (D)

The changes of ferroptosis clusters, TCGA molecular patterns, ferroptosis gene cluster and FerrScore shown by
alluvial diagram. (E) Spearman analysis showing the connection between FerrScore and the known gene features

in TCGA: BLCA dataset. Blue color represented negative correlation and red color represented positive correlation.
(F) Diversities of FerrScore in these gene clusters. The difference of the gene clusters was compared statistically with
the Kruskal-Wallis test (p less than 0.05). (G) Diversities of FerrScore in these ferroptosis subtypes in TCGA: BLCA
dataset (p less than 0.05, Kruskal-Wallis test). (H) Diversities of stroma-activated pathways in groups of high and low
FerrScore. EMT, epithelial-mesenchymal transition; Pan-F-TBRS, pan-fibroblast transforming growth factor (TGF)-f
response signature. The interquartile value ranges were indicated by boxes lower and upper ends. The median

value was indicated by those lines in the boxes, and outliers were shown with dots of black color. The value of p was
graphically shown by asterisks, (***:p less than 0.001).
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Figure 5. Features of ferroptosis in different TCGA molecular patterns and somatic mutation of tumor. (A)
Diversities in FerrScore between these TCGA molecular patterns. The difference between five TCGA molecular
patterns was calculated statistically by the Kruskal-Wallis test (p value less than 0.05). (B) Survival analysis
performed with Kaplan-Meier curves in low (267 patients) and high (136 patients) FerrScore patients in TCGA:
BLCA dataset (p less than 0.05, Log-rank test). (C) Survival analysis performed with Kaplan-Meier curves in
high and low FerrScore patients receiving adjuvant chemotherapy or not. ADJC means adjuvant chemotherapy;
H means high and L means low (p=0.006, Log-rank test). (D) Analysis supported by Kaplan-Meier curves for
subgroup patients formed by both FerrScore and TP53 mutation, listing as high: mutant type: MT, wild type:
WT, high: H, low: L (p less than 0.05, Log-rank test).
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Figure 6. The role ferroptosis subtypes playing in anti-PD-L1/1 immunotherapy. (A) Survival analysis
performed with Kaplan-Meier curves between low (94 patients) and high (254 patients) FerrScore groups in the
anti-PD-L1 immunotherapy dataset (IMvigor210 dataset; p=0.004, Log-rank test). (B) The effective rate of the
high or low FerrScore patients receiving PD-L1 blockade immunotherapy. SD means stable disease; PD means
progressive disease; CR means complete response; and PS means partial response. (C) FerrScore in two distinct
anti-PD-L1 immunotherapy outcome groups. (D) Survival analysis performed with Kaplan-Meier curves
between low and high FerrScore patient receiving anti-PD1 immunotherapy (GSE78220 dataset; p=0.01, Log-
rank test). (E) The effective ratio in low and high FerrScore patients receiving PD-1 blockade immunotherapy.
(F) Correlative analysis between FerrScore and treatment effect of anti-PD-1 immunotherapy. Pt means patients,
PD was shown in blue color, PR was shown in green color and CR was shown in yellow color. (G) FerrScore in
two different anti-PD-1 immunotherapy outcome groups. (H) Diversities in stroma activated pathways between
low and high FerrScore groups in patients receiving anti-PD-L1 immunotherapy (***p less than 0.001). (I)
Survival analysis performed with Kaplan-Meier curves for in anti-PD-L1 immunotherapy dataset classified with
both neoantigen burden and FerrScore. H: high; L: low; NEO: neoantigen burden (p=0.008, Log-rank test). (J)
The predict value of FerrScore in patients receiving anti-PD-L1/1 treatment (AUC, 0.712).
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Figure 7. Validation of selected genes of FerroScore in clinical samples. High EMP1 level, contributing to high
FerrScore was associated with advanced T stage, high grade tumor and lower CR rate. While, low GNLY level,
contributing to high FerrScore was associated with more aged patients, advanced T stage, high grade tumor and
lower OR rate. (N: couts for male gender, T >T2, high grade, high risk and omplete response patients (CR)).

Data availability
Publicly available datasets and online tools were utilized in this study. These resources could be found in main
text.

Received: 12 February 2022; Accepted: 21 April 2022
Published online: 31 May 2022

References

1.

2.

3.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Zhuo, S. et al. Clinical and biological significances of a ferroptosis-related gene signature in glioma. Front. Oncol. 10, 590861.
https://doi.org/10.3389/fonc.2020.590861 (2020).

Liang, C., Zhang, X., Yang, M. & Dong, X. Recent progress in ferroptosis inducers for cancer therapy. Adv. Mater. 31(51), €1904197.
https://doi.org/10.1002/adma.201904197 (2019).

Liu, J. et al. Autophagy-dependent ferroptosis: Machinery and regulation. Cell Chem. Biol. 27(4), 420-435. https://doi.org/10.
1016/j.chembiol.2020.02.005 (2020).

. Hassannia, B., Vandenabeele, P. & Vanden, B. T. Targeting ferroptosis to iron out cancer. Cancer Cell 35, 830-849 (2019).
. Zheng, Y. et al. Ferroptosis-related gene signature as a prognostic marker for lower-grade gliomas. J. Cell Mol. Med. 25(6), 3080

3090. https://doi.org/10.1111/jcmm.16368 (2021).

. Han, B. et al. Overlooked FANCD2 variant encodes a promising, portent tumor suppressor, and alternative polyadenylation

contributes to its expression. Oncotarget 8(14), 22490-22500. https://doi.org/10.18632/oncotarget.14989 (2017).

. Liu, H,, Schreiber, S. L. & Stockwell, B. R. Targeting dependency on the GPX4 lipid peroxide repair pathway for cancer therapy.

Biochemistry 57(14), 2059-2060. https://doi.org/10.1021/acs.biochem.8b00307 (2018).

. Enz, N, Vliegen, G., De Meester, I. & Jungraithmayr, W. CD26/DPP4-a potential biomarker and target for cancer therapy. Phar-

macol. Ther. 198, 135-159. https://doi.org/10.1016/j.pharmthera.2019.02.015 (2019).

. Shen, Z. et al. Emerging strategies of cancer therapy based on ferroptosis. Adv. Mater. 30(12), e1704007. https://doi.org/10.1002/

adma.201704007 (2018).

Gan, B. DUBbing ferroptosis in cancer cells. Cancer Res. 79(8), 1749-1750. https://doi.org/10.1158/0008-5472.CAN-19-0487
(2019).

Liu, H. J. et al. Ferroptosis-related gene signature predicts glioma cell death and glioma patient progression. Front. Cell Dev. Biol.
8, 538. https://doi.org/10.3389/fcell.2020.00538 (2020).

Friedmann, A. J. P, Krysko, D. V. & Conrad, M. Ferroptosis at the crossroads of cancer-acquired drug resistance and immune
evasion. Nat. Rev. Cancer 19, 405-414 (2019).

Sung, H. et al. Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185
Countries. CA Cancer J. Clin. 71(3), 209-249. https://doi.org/10.3322/caac.21660 (2021).

Necchi, A. et al. Updated results of PURE-01 with preliminary activity of neoadjuvant pembrolizumab in patients with muscle-
invasive bladder carcinoma with variant histologies. Eur. Urol. 77(4), 439-446. https://doi.org/10.1016/j.eururo.2019.10.026 (2020).
Necchi, A. et al. Pembrolizumab as neoadjuvant therapy before radical cystectomy in patients with muscle-invasive urothelial
bladder carcinoma (PURE-01): An open-label, single-arm, Phase II Study. J. Clin. Oncol. 36(34), 3353-3360. https://doi.org/10.
1200/JC0O.18.01148 (2018).

Mark, M. et al. SAKK 19/17: Safety analysis of first-line durvalumab in patients with PD-L1 positive, advanced nonsmall cell lung
cancer and a performance status of 2. Cancer Immunol. Immunother. 70(5), 1255-1262. https://doi.org/10.1007/s00262-020-02757-8
(2021).

de Liafio, L. A. G. et al. Clinical outcome after progressing to frontline and second-line Anti-PD-1/PD-L1 in advanced urothelial
cancer. Eur. Urol. 77(2), 269-276. https://doi.org/10.1016/j.eururo.2019.10.004 (2020).

Wolgcewicz, M. et al. Immunotherapy in bladder cancer: Current methods and future perspectives. Cancers (Basel). 12(5), 1181.
https://doi.org/10.3390/cancers12051181 (2020).

Alfred Witjes, J. et al. Updated 2016 EAU guidelines on muscle-invasive and metastatic bladder cancer. Eur. Urol. 71(3), 462-475.
https://doi.org/10.1016/j.eururo.2016.06.020 (2017).

Zhang, H. et al. Tumor microenvironment analysis identified subtypes associated with the prognosis and the tumor response to
immunotherapy in bladder cancer. Front. Genet. 12, 551605. https://doi.org/10.3389/fgene.2021.551605 (2021).

Scientific Reports|  (2022) 12:9066 | https://doi.org/10.1038/s41598-022-12712-5 nature portfolio


https://doi.org/10.3389/fonc.2020.590861
https://doi.org/10.1002/adma.201904197
https://doi.org/10.1016/j.chembiol.2020.02.005
https://doi.org/10.1016/j.chembiol.2020.02.005
https://doi.org/10.1111/jcmm.16368
https://doi.org/10.18632/oncotarget.14989
https://doi.org/10.1021/acs.biochem.8b00307
https://doi.org/10.1016/j.pharmthera.2019.02.015
https://doi.org/10.1002/adma.201704007
https://doi.org/10.1002/adma.201704007
https://doi.org/10.1158/0008-5472.CAN-19-0487
https://doi.org/10.3389/fcell.2020.00538
https://doi.org/10.3322/caac.21660
https://doi.org/10.1016/j.eururo.2019.10.026
https://doi.org/10.1200/JCO.18.01148
https://doi.org/10.1200/JCO.18.01148
https://doi.org/10.1007/s00262-020-02757-8
https://doi.org/10.1016/j.eururo.2019.10.004
https://doi.org/10.3390/cancers12051181
https://doi.org/10.1016/j.eururo.2016.06.020
https://doi.org/10.3389/fgene.2021.551605

www.nature.com/scientificreports/

21. Mariathasan, S. et al. TGFp attenuates tumour response to PD-L1 blockade by contributing to exclusion of T cells. Nature
554(7693), 544-548. https://doi.org/10.1038/nature25501 (2018).

22. Schumacher, T. N. & Schreiber, R. D. Neoantigens in cancer immunotherapy. Science 348(6230), 69-74. https://doi.org/10.1126/
science.aaa4971 (2015).

23. Pfannstiel, C. et al. The tumor immune microenvironment drives a prognostic relevance that correlates with bladder cancer sub-
types. Cancer Immunol. Res. 7(6), 923-938. https://doi.org/10.1158/2326-6066.CIR-18-0758 (2019).

24. Wouters, M. C. A. & Nelson, B. H. Prognostic significance of tumor-infiltrating B cells and plasma cells in human cancer. Clin.
Cancer Res. 24(24), 6125-6135. https://doi.org/10.1158/1078-0432.CCR-18-1481 (2018).

25. Wahlin, S., Nodin, B., Leandersson, K., Boman, K. & Jirstrom, K. Clinical impact of T cells, B cells and the PD-1/PD-L1 pathway
in muscle invasive bladder cancer: A comparative study of transurethral resection and cystectomy specimens. Oncoimmunology.
8(11), e1644108. https://doi.org/10.1080/2162402X.2019.1644108 (2019).

26. Cao, R, Yuan, L., Ma, B., Wang, G. & Tian, Y. Tumour microenvironment (TME) characterization identified prognosis and immu-
notherapy response in muscle-invasive bladder cancer (MIBC). Cancer Immunol. Immunother. 70(1), 1-18. https://doi.org/10.
1007/s00262-020-02649-x (2021).

27. Wang, W. et al. CD8+ T cells regulate tumour ferroptosis during cancer immunotherapy. Nature 569(7755), 270-274. https://doi.
0rg/10.1038/s41586-019-1170-y (2019).

28. Proneth, B. & Conrad, M. Ferroptosis and necroinflammation, a yet poorly explored link. Cell Death Differ. 26(1), 14-24. https://
doi.org/10.1038/s41418-018-0173-9 (2019).

29. Liu, Z. et al. Systematic analysis of the aberrances and functional implications of ferroptosis in cancer. iScience. 23(7), 101302.
https://doi.org/10.1016/j.isci.2020.101302 (2020).

30. Leek, J. T., Johnson, W. E., Parker, H. S., Jaffe, A. E. & Storey, J. D. The sva package for removing batch effects and other unwanted
variation in high-throughput experiments. Bioinformatics 28(6), 882-883. https://doi.org/10.1093/bioinformatics/bts034 (2012).

31. Hinzelmann, S., Castelo, R. & Guinney, ]. GSVA: Gene set variation analysis for microarray and RNA-seq data. BMC Bioinf. 14,
7. https://doi.org/10.1186/1471-2105-14-7 (2013).

32. Yu, G, Wang, L. G., Han, Y. & He, Q. Y. clusterProfiler: An R package for comparing biological themes among gene clusters. OMICS
16(5), 284-287. https://doi.org/10.1089/0mi.2011.0118 (2012).

33. Charoentong, P. et al. Pan-cancer inmunogenomic analyses reveal genotype-immunophenotype relationships and predictors of
response to checkpoint blockade. Cell Rep. 18(1), 248-262. https://doi.org/10.1016/j.celrep.2016.12.019 (2017).

34. Ritchie, M. E. et al. limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res.
43(7), e47. https://doi.org/10.1093/nar/gkv007 (2015).

35. Hugo, W. et al. Genomic and transcriptomic features of response to anti-PD-1 therapy in metastatic melanoma. Cell 168(3), 542.
https://doi.org/10.1016/j.cell.2016.02.065 (2016).

36. Zhao, F et al. Artesunate impairs growth in cisplatin-resistant bladder cancer cells by cell cycle arrest, apoptosis and autophagy
induction. Cells 9(12), 2643. https://doi.org/10.3390/cells9122643 (2020).

37. Stockwell, B. R. et al. Ferroptosis: A regulated cell death nexus linking metabolism, redox biology, and disease. Cell 171(2), 273-285.
https://doi.org/10.1016/j.cell.2017.09.021 (2017).

38. Vlachostergios, P. ]. & Faltas, B. M. The molecular limitations of biomarker research in bladder cancer. World J. Urol. 37(5), 837-848.
https://doi.org/10.1007/s00345-018-2462-9 (2019).

39. Jiang, P. et al. Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat. Med. 24(10), 1550-1558.
https://doi.org/10.1038/s41591-018-0136-1 (2018).

40. Vela, D. Iron in the tumor microenvironment. Adv. Exp. Med. Biol. 1259, 39-51. https://doi.org/10.1007/978-3-030-43093-1_3
(2020).

Author contributions

Conception and design: X.C., W.T.L. Development of methodology: X.C., W.T.L. Acquisition of data: X.C., WT.L.,
Y.H.W, Y.J.L. Analysis and interpretation of data: X.C., W.T.L. Writing, review, and/or revision of the manuscript:
X.C., W.T.L, YH.W,, Y.J.L. Administrative, technical, or material support: X.C. Study supervision: W.T.L.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-022-12712-5.

Correspondence and requests for materials should be addressed to W.L.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International
BY

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports |

(2022) 12:9066 | https://doi.org/10.1038/s41598-022-12712-5 nature portfolio


https://doi.org/10.1038/nature25501
https://doi.org/10.1126/science.aaa4971
https://doi.org/10.1126/science.aaa4971
https://doi.org/10.1158/2326-6066.CIR-18-0758
https://doi.org/10.1158/1078-0432.CCR-18-1481
https://doi.org/10.1080/2162402X.2019.1644108
https://doi.org/10.1007/s00262-020-02649-x
https://doi.org/10.1007/s00262-020-02649-x
https://doi.org/10.1038/s41586-019-1170-y
https://doi.org/10.1038/s41586-019-1170-y
https://doi.org/10.1038/s41418-018-0173-9
https://doi.org/10.1038/s41418-018-0173-9
https://doi.org/10.1016/j.isci.2020.101302
https://doi.org/10.1093/bioinformatics/bts034
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1016/j.celrep.2016.12.019
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1016/j.cell.2016.02.065
https://doi.org/10.3390/cells9122643
https://doi.org/10.1016/j.cell.2017.09.021
https://doi.org/10.1007/s00345-018-2462-9
https://doi.org/10.1038/s41591-018-0136-1
https://doi.org/10.1007/978-3-030-43093-1_3
https://doi.org/10.1038/s41598-022-12712-5
https://doi.org/10.1038/s41598-022-12712-5
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Quantification of ferroptosis pattern in bladder carcinoma and its significance on immunotherapy
	Method
	BLCA dataset collection and preprocessing. 
	Unsupervised clustering for ferroptosis-related genes. 
	Gene set variation analysis and functional annotations. 
	Estimation of TME cell infiltration. 
	Recognition of differentially expressed genes among diverse ferroptosis phenotypes. 
	DEGs clustering and ferroptosis score. 
	Correlation between signature of ferroptosis genes and other relevant biology processes. 
	Data collection and assessment of response to immune checkpoint blockade (ICB). 
	Clinical samples. 
	Statistical analysis. 
	Ethics approval and consent to participate. 

	Results
	Three ferroptosis patterns mediated by 38 ferroptosis-related genes. 
	Immune features in diverse ferroptosis patterns. 
	Ferroptosis pattern-related gene signatures and their functional annotation. 
	Development of FerrScore and its prognostic value. 
	External verification and the role of ferroptosis pattern in ICB therapy. 
	Validation of FerrScore in clinical samples. 

	Discussion
	References


