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Abstract

Background
Despite the advances in immunotherapy for bladder cancer in recent years, the e�cacy is unsatisfactory
as expected. In this study, we have conducted a reliable immune-related gene prognostic index to predict
immunotherapy e�cacy for bladder cancer based on public databases.

Methods
Differential expression analysis on comparing the tumor and normal samples in the merged TCGA-BLCA
& GTEx databases was applied, and the differential expressed immune-related genes were sent to
Weighted gene coexpression network analysis. Multivariable Cox analysis of genes among the three most
signi�cant coexpression modules was used to develop an immune-related gene prognostic index, and the
merged three GEO dataset was used as an independent validation cohort. Further, a model that combined
the index with other clinicopathologic features was also veri�ed independently.

Results
11 genes were harvested to construct an immune-related gene prognostic index, both the index and
clinicopathologic-index model were well veri�ed in independent cohorts.

Conclusions
The immune-related gene prognostic index for bladder cancer was a reliable and useful marker to predict
immunotherapy e�cacy for bladder cancer.

Background
Modern cancer therapies are increasingly relying on immunotherapeutic approaches[1] and applications
of cancer immunotherapy are gradually prevalent in recent years[2-4]. Immunotherapies targeting T cell
checkpoint molecules and their ligands induce durable responses across diverse cancers, including
bladder cancer[5-9]. However, despite the recent encouraging progress of immunotherapies on bladder
cancer, there are still no reliable markers for predicting the prognosis of bladder cancer treated with
immunotherapies. Given the lack of a universally e�cacious response to immunotherapies[10],
 developing an immune-related gene prognostic model for predicting the potential e�cacies of
immunotherapy for bladder cancer is of great importance.

Here, we constructed an immune-related gene prognostic index (IRGPI), which consisted of 11 immune-
related prognostic genes based on the integrated bioinformatic analysis of the TCGA-BLCA & GTEx
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dataset. The IRGPI was then validated in an independent cohort that was composed of 3 GEO datasets.
The IRGPI was further combined with other clinicopathological features to build a new model and was
veri�ed with the merged GEO dataset. The outcomes were fairly favorable. Therefore, our IRGPI was
reliable and provided a useful tool to predict immunotherapy e�cacy for bladder cancer.

Methods
1. Data collection and preparation The TCGA-BLCA dataset with corresponding clinical data was
downloaded from The Cancer Genome Atlas (TCGA, https://www.cancer.gov/about-
nci/organization/ccg/research/structural-genomics/tcga), and the Genotype-Tissue Expression Project
(GTEx) normal dataset was downloaded from UCSC Xena (https://xenabrowser.net/datapages/). The
TCGA-BLCA dataset comprises 411 tumor samples and 19 normal samples, the GTEx dataset comprises
9 normal bladder samples, then the two datasets were merged with the R package limma[11], normalized
using the normalizeBetweenArrays function in limma, and converted from FPKM (Fragments Per Kilobase
of exon model per Million mapped fragments) to TPM (Transcripts Per Million). The GEO datasets
(gse13507, gse32894, gse48276 contained 256, 308, and 116 samples after removing the normal,
respectively) with complete follow-up information were downloaded from Gene Expression Omnibus
(GEO, https://www.ncbi.nlm.nih.gov/gds), and then were normalized with the normalizeBetweenArrays
function in R package limma and further merged to one dataset. 1793 immune-related genes removed
duplicates were downloaded from ImmPort[12] (https://www.immport.org/home) and InnateDB[13]
(https://www.innatedb.com/). The tumor mutation burden (TMB) data with 411 samples were also
downloaded from TCGA. 2. Weighted gene coexpression network analysis (WGCNA) The merged TCGA-
BLCA & GTEx matrix was sent to differential expression analysis by comparing the tumor and normal
samples using Wilcox test, the �lter for signi�cant criteria was set as |logFC|>=1 (logFC=log fold-change)
and FDR<0.05. Then the differential expressed genes (DEGs) were intersected with the 1793 immune-
related genes and thus the immune-related DEGs’ matrix was obtained. Heatmaps of the differential
expression results were conducted by the R package pheatmap (https://CRAN.R-
project.org/package=pheatmap). Gene Ontology Biological Process (GO-BP) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathways enrichment of the immune-related DEGs was performed by the
Bioconductor package clusterpro�ler[14, 15]. The GO-circle map and KEGG-circle map were carried out
with GOplot (https://CRAN.R-project.org/package=GOplot). To explore the relationships between genes
and clinical features, the coexpression networks of the immune-related DEGs’ matrix were inferred by
using the WGCNA (https://CRAN.R-project.org/package=WGCNA) R package. An optimal soft power
threshold was chosen to calculate the adjacency matrix, here it was 7. The exportNetworkToCytoscape
function, threshold=0.1, was employed to export the gene network of the topological overlap matrix. 3.
Construction and validation of an immune-related gene prognostic index (IRGPI). WGCNA revealed the
three most signi�cant coexpression modules: yellow, turquoise, and brown. Genes of the three modules
were batch corrected using the ComBat function of R package sva (version 3.42.0
https://bioconductor.org/packages/release/bioc/html/sva.html), and next, intersected with the TCGA &
GTEx dataset and the merged GEO dataset, respectively. After adding the following-up clinical data, the
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TCGA & GTEx dataset was analyzed by the Log-rank test on the Kaplan-Meier curve performed with the
survival (https://CRAN.R-project.org/package=survival) and survminer (https://CRAN.R-
project.org/package=survminer) R package, on comparison between the high- and low subgroup which
divided by the optimal cutoff of gene expressions. The TCGA & GTEx dataset was also sent to univariable
cox regression analysis, and the mutation pro�les of the signi�cant univariable genes were visualized by
the R package maftools[16]. On multivariable cox regression analysis of the univariable results, the IRGPI
model was constructed. The model genes in the TCGA & GTEx dataset and the merged GEO dataset were
separately de�ned as the training cohort and the validation cohort. Classi�ed by the median of risk scores
of the IRGPI model, the training cohort and the validation cohort was divided as high- and low-risk
subgroup, respectively. On comparing the survival of the high- and low-risk group patients, the Log-rank
test was done for the training cohort and the validation cohort individually. Gene set enrichment analysis
(GSEA) of the TCGA-BLCA tumor samples was carried out with omicShare
(https://www.omicshare.com/tools/Home/Soft/gsea). Barplot showing the percentages of the alive and
dead patients in the high- and the low-risk group was made using the ggplot2 package (https://CRAN.R-
project.org/package=ggplot2). Boxplots displaying gene expressions or immune scores of the high- and
low- groups were created using the ggpubr package (https://CRAN.R-project.org/package=ggpubr). Single
sample Gene Set Enrichment Analysis (ssGSEA) scores of the immune functions were computed by the
GSVA[17] package. Correlation analysis was also implemented by ggplot2. The calibration curve and the
receiver operating characteristic (ROC) curve were realized by R package timeROC (https://CRAN.R-
project.org/package=timeROC) and rms (https://CRAN.R-project.org/package=rms). 4. Construction and
validation of a clinicopathologic-IRGPI model Heatmaps of the clinicopathologic features, risk, and
immune subtypes of the TCGA cohort were enabled by the ComplexHeatmap[18] and RColorBrewer
(https://CRAN.R-project.org/package=RColorBrewer) package in R. Chi-square-test was used to estimate
the signi�cance of different stages or immune subtypes between the IRGPI-high and IRGPI-low group. In
order to estimate the relative abundances of immune cells in each sample, the CIBERSORT[19] algorithm
(version 1.03) was used. Nomogram of the clinicopathologic & IRGPI model was established through
regplot (https://CRAN.R-project.org/package=regplot) package in R. Violin plot of the TIDE[20] (Tumor
Immune Dysfunction and Exclusion) score, dysfunction score, immune exclusion score, and MSI
(Microsatellite instability) score of the high- and low-risk subgroups in the TCGA cohort was plotted by
ggpubr package. All statistical analysis was performed using R (version 4.1.0) and R studio for windows
(version 1.4.1103). Signi�cance levels were considered as follows: ns: not signi�cant, *: P-value < 0.05; **:
P-value < 0.01; ***: P-value < 0.001.

Results
1. WGCNA analysis identi�ed key coexpressed gene modules

On the basis of prespeci�ed criteria, 13547 DEGs were identi�ed from the TCGA-BLCA & GTEx dataset.
The heatmap was shown in Supplementary Fig 1, among which 644 immune-related DEGs were
intersected and sent to enrichment analysis and WGCNA analysis. Fig 1a was the heatmap of the
expressions of the 644 immune-related DEGs between tumor and normal samples. GO-BP enrichment of
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the immune-related DEGs showed enrichment of immune-related terms like cell chemotaxis, cellular
response to tumor necrosis factor, response to tumor necrosis factor, positive regulation of cytokine
production, regulation of chemotaxis, leukocyte chemotaxis, Fc receptor signaling pathway, positive
regulation of defense response (Fig 1 b). KEGG enrichment of the immune-related DEGs also revealed
enrichment of immune-related terms like cytokine-cytokine receptor interaction, T cell receptor signaling
pathway, viral protein interaction with cytokine and cytokine receptor, chemokine signaling pathway,
MAPK signaling pathway, B cell receptor signaling pathway, natural killer cell mediated cytotoxicity, and
Kaposi sarcoma-associated herpesvirus infection (Fig 1 c).

WGCNA analysis of the 644 immune-related DEGs de�ned four distinct coexpression gene modules (Fig
1d-e), among which the yellow, turquoise, and brown modules were the most signi�cantly coexpressed
modules with the tumor and normal phenotypes, and the coexpression coe�cients were 0.72, 0.58, and
-0.23, with p-values of 1e-72, 2e-40, and 1e-06, respectively.

2. Survival analysis of the key coexpression modules’ genes

Within the TCGA & GTEx dataset, 48 genes in module yellow, 164 genes in module turquoise, and 53
genes in module brown were intersected and further employed in survival analysis. Log-rank test revealed
that genes AGTR1, AHNAK, AKT3, ANXA6, CALR, CSRP1, CXCL12, DES, EDNRA, ELN, FGFR1, GREM1, HGF,
HLA-C, IGF1, IKBKB, IL17RD, ILK, JUN, KITLG, LRP1, NFATC1, NFATC4, NFKBIZ, NFYA, NR3C2, NRP2, OGN,
PDGFC, PGR, PI15, PPP3CB, PPP3CC, PSMC1, PSME2, PTGER3, PTPN6, RBP1, RORA, S100A10, SEMA3A,
TEK, TGFB3, THBS1, THRA, TNFRSF6B, and VIM had prognostic values (Fig 2 a-u1). Among these
prognostic genes, the low expressions of HLA-C, IKBKB, NFKBIZ, NFYA, PSME2, and PTPN6 were
signi�cantly associated with good outcomes, while the other genes were the opposite. In univariable Cox
regression analysis, HLA-C, PSME2, NFYA, THBS1, CXCL12, S100A10, RBP1, PI15, LRP1, ELN, CSRP1,
JUN, AHNAK, NFKBIZ, DES, HGF, ANXA6, VIM, PPP3CB, PPP3CC, NFATC1, NFATC4, AKT3, PTPN6,
SEMA3A, EDNRA, GREM1, IGF1, KITLG, OGN, PDGFC, TGFB3, AGTR1, FGFR1, IL17RD, NR3C2, PTGER3,
RORA, TEK, THRA, CALR, PSMC1, ILK, IKBKB, PGR, and TNFRSF6B were signi�cantly associated with
overall survival (OS) of bladder cancer (Fig 2 v1). The mutation rates of all these prognostic genes were
displayed as an oncoplot (Fig 2 w1). AHNAK showed the highest mutation rates with 9% samples.

3. Construction and validation of IRGPI.

On multivariable Cox regression analysis, an IRGPI model which comprises 11 immune-related genes was
built. The Riskscore = (-0.314)×HLA-C + (0.172)×RBP1 + (0.679)×AHNAK + (-0.296)×NFKBIZ +
(0.551)×NFATC1 + (-0.314)×PTPN6 + (-0.465)×NRP2 + (0.538)×PTGER3 + (0.977)×CALR +
(-0.411)×IKBKB + (40.744)×TNFRSF6B (Fig 3 a). A risk score was calculated for each sample of the
training and validation cohort and according to the median of the score, all samples were classi�ed as
high- and low-risk subgroups. Log-rank test identi�ed that the high-risk group patients had poorer survival
than the low-risk group ones in both two cohorts, and the p-value in the training cohort and the validation
cohort was <0.001 and 0.021, respectively (Fig 3 b-c). In the training cohort, GSEA analysis enriched
seven immune-related KEGG terms, i.e. chemokine signaling pathway, cytokine cytokine receptor
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interaction, FC gamma R mediated phagocytosis, leukocyte transendothelial migration, systemic lupus
erythematosus, TGF beta signaling pathway, and wnt signaling pathway (Fig 3 d). The percentages of
dead and alive patients were 60% and 40% in the high-risk subgroup, and 28% and 72% in the low-risk
subgroup, respectively (Fig 3 e). Survival analysis of the training cohort revealed that both male and
female patients in the high-risk group gained a shorter survival than that of the low-risk group (Fig 3 f-g),
with p-values < 0.001. The mutation rates of most top 20 highest mutational genes in the high-risk group
were lower than those in the low-risk group, except TP53 (Fig 3 h-i). The expressions of several members
of the HLA family genes like HLA-H, HLA-F, HLA-B, HLA-J, HLA-DMA, HLA-E, and HLA-C were
downregulated in the high-risk group compared with the low-risk group (Fig 3 j). The expression of
immune checkpoints genes like SIGLEC15 and TBX2 were lower expressed in the high-risk group than in
the low-risk group, while HAVCR2 and PDCD1LG2 were the opposite (Fig 3 k). The fractions of some
immune cells like plasma cells, T cells CD8, T cells CD4 memory activated, T cells follicular helper, T cells
regulatory (Tregs), and dendritic cells activated were higher in the low-risk subgroup than in the high-risk
group, while the fractions of macrophages M0, macrophages M2, and mast cells resting were reverse (Fig
3 l). Additionally, a lower score of the immune functions like APC_co_stimulation (APC, Antigen
Presenting Cells), B_cells, CCR (chemokine receptors), macrophages, mast_cells, pDCs (plasmacytoid
dendritic cells), and Treg was found in the low-risk group compared with the high-risk group, except
NK_cells (Fig 3 m). The correlations of the 11 IRGPI genes with the 22 immune cell types revealed that
macrophages M1 and HLA-C showed the strongest positive correlation, while the most negative
correlation occurred between dendritic cells activated and PTGER3 (Fig 3 n). ‘Furthermore, TMB was
signi�cantly lower among the samples in the high-risk group vs the low-risk ones, p-value = 0.034 (Fig 3
o). TMB was negatively correlated with the risk score, for which the coe�cient was -0.12 and the p-value
was 0.02 (Fig 3 p). Samples were further divided into high-TMB or low-TMB subgroups based on the
median. Log-rank test identi�ed that the high-TMB samples con�rmed longer survival than the low-TMB
samples, p-value < 0.001 (Fig 3 q). More importantly, when investigating risk and TMB in combination, the
high-TMB & low-risk subgroup showed the most signi�cant survival advantage, followed by the low-TMB
& low-risk subgroup, then the high-TMB & high-risk subgroup, and the low-TMB & high-risk subgroup had
the worst prognosis of all groups (Fig 3r). The risk curve indicated increased deaths with increasing risk
scores, and there was a negative correlation between the risk score and OS, for which the coe�cient was
-0.18 and the p-value was 2e-4 (Fig 3s-u). Finally, all the 1-year, 3-year, and 5-year calibration curves in the
training cohort and the validation cohort showed good agreement between predicted and observed (the
diagonal) outcomes (Fig 3 v, Supplementary Fig 1 a). These outcomes were successfully validated by the
ROC curves in the way that the area under the curve (AUC) at 1-year, 3-year, and 5-year in the training
cohort was 0.690, 0.722, and 0.738, respectively (Fig 3 w), while the AUC at 1-year, 3-year, and 5-year in
the validation cohort was 0.588, 0.636, and 0.609, respectively (Supplementary Fig 1 b).

            The clinicopathologic features of the TCGA cohort classi�ed by risk score were displayed in Fig 4
a. The stages and immune subtypes were signi�cantly statistically different between IRGPI-high and
IRGPI-low subgroups, and both the p-values were 0.001 (Fig 4 b-c).

4. Survival analysis based on the immune cells and immune functions in the TCGA cohort
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Log-rank test revealed that patients with a higher score of immune cells like dendritic cells activated,
macrophages M1, NK cells activated, plasma cells, T cells CD4 memory activated, T cells CD8, and T cells
follicular helper; immune functions like APC_co_inhhibition, CD8+_T_cells, check-point, cytolitic_activity,
DCs, HLA, in�ammation_promoting, MHC_class_I, NK_cells, T_cell_co_inhibition, T_cell_co_stimulation,
T_helper_cells, Tfh, Th1_cells, Th2_cells, TIL, and Treg tended to have longer survivals than lower score
ones. In contrast, a higher score of immune cells like eosinophils, macrophages M0, macrophages M2,
monocytes, neutrophils, and T cells CD4 memory resting; immune functions like macrophages,
mast_cells, and Type_II_IFN_Response were associated with poorer outcomes compared with lower score
ones (Fig 5 a-g1). On univariable Cox regression analysis, immune cells like T cells CD8, T cells CD4
memory activated, and macrophages M0 (Fig 5 h1) and immune functions like mast_cells and NK_cells
were signi�cant predictors for OS (Fig 5 j1). On multivariable Cox regression analysis, only macrophages
M0, mast_cells, and NK_cells were considered to be independent prognostic predictors (Fig 5 i1, Fig 5 k1). 

5. Construction and validation of a clinicopathologic-IRGPI model

In the TCGA cohort, univariable Cox regression analysis revealed that age, stage, and IRGPI risk score
model were signi�cantly associated with OS (Fig 6 a). Further multivariable Cox regression analysis also
con�rmed these three factors were independent prognostic predictors for OS (Fig 6 b). Thus we
developed the nomogram model which enrolled the IRGPI and several clinicopathologic features (Fig 6 c).
Our nomogram model (AUC: 0.722) outperformed the TIDE model (AUC: 0.491) and the TIS  (tumor
in�ammation signature) model[21-24] (AUC: 0.459) (Fig 6 d). The 1-year, 3-year, and 5-year calibration
curves in the training cohort and the validation cohort indicated excellent calibrations of our model (Fig 6
e, Fig 6 g). The AUC of our model also represented superior performances of predictions. In the training
cohort, 1-year, 3-year, and 5-year AUCs were 0.732, 0.749, and 0.752, respectively (Fig 6 f), while in the
validation cohort, they were 0.860, 0.827, and 0.812, respectively (Fig 6 h).

Discussion
In recent years, cancer immunotherapy has brought a paradigm shift to cancer treatment[25, 26]. With
encouraging success rates of cancer immunotherapy, identifying the core immune-related genes that
in�uence the prognoses of bladder cancers, and �nding a validated immune-related biomarker for
predicting response to immunotherapy and OS are major needs. Yue Chen et al[27] had developed an
IRGPI as a valuable biomarker for predicting the bene�t of immunotherapy for head and neck squamous
cell carcinoma. Here, we had adopted this concept and had created an IRGPI for bladder cancer patients.

Our IRGPI consisted of 11 immune-related genes (HLA-C, RBP1, AHNAK, NFKBIZ, NFATC1, PTPN6, NRP2,
PTGER3, CALR, IKBKB, and TNFRSF6B), which were independent prognostic factors for OS. The IRGPI
successfully divided all the samples in the TCGA cohort as well as in the merged GEO cohort into high-
and low-risk subgroups. Patients in the high-risk group displayed less favorable survival and patients in
the low-risk group showed relatively better prognosis in both cohorts. Additionally, sex-disaggregated data
from the TCGA cohort exhibited the same trend. In the TCGA cohort, 60% of patients in the high-risk group
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were dead, while the percentages of the dead patients in the low-risk group were 28%. TMB was also
signi�cantly higher in the low-risk group than in the high-risk group, and a decrease in TMB was observed
as the increase of the risk. Besides, The mutation rates of most top 20 highest mutational genes in the
high-risk group were lower than those in the low-risk group. The combined analysis of TMB and risk
indicated the higher TMB & lower risk group associated with the highest survival bene�t, while the lower
TMB & higher risk group appeared the worst survival. The risk curve of the TCGA cohort also revealed
declining OS with increasing risk. All above indicated that the IRGPI was a promising prognostic immune-
related biomarker for bladder cancers.

The expressions of several HLA genes like HLA-H, HLA-F, HLA-B, HLA-J, HLA-DMA, HLA-E, and HLA-C were
down-regulated in the high-risk group, the decreased HLA gene expressions were known to be associated
with low immune in�ltrations and were the common mechanisms of immune evasion[28, 29]. The
fractions of immunosuppressive cells like macrophages M0[30], macrophages M2[31], and mast cells
resting[32] were higher in the high-risk group, while the fractions of immune activated cells such as
plasma cells, T cells CD8, T cells CD4 memory activated, T cells follicular helper, and dendritic cells
activated were lower in the low-risk group. Moreover, a lower score of several immunosuppressive
immune functions like macrophages, mast_cells, pDCs[33], and Treg was observed in the low-risk group.
These all indicated that the high-risk group was low immunogenic and the low-risk group was high
immunogenic, therefore, our IRGPI could be well and accurately stratify the risk of patients with bladder
cancer. More importantly, in the TCGA cohort, statistically signi�cant differences of varied stages or
immune subtypes were observed between the IRGPI-high and IRGPI-low subgroups.

When invited to the merged GEO dataset as an independent validation set, the calibration cures at 1-, 3-,
and 5-year showed acceptable agreement with actual outcomes. The AUC of the ROC was all greater than
0.5. These veri�ed the accuracy and robustness of the IRGPI.

In the TCGA cohort, Survival analysis of the 22 immune cells and the 29 immune functions revealed that
macrophages M0, mast_cells, and NK_cells were independent prognostic predictors for OS of bladder
cancers. Among which the NK_cells was a protective factor (Hazard ratio < 1), while macrophages M0
and mast_cells were risk factors (Hazard ratio > 1). As a result, the immune cell macrophages M0, the
immune functions mast_cells and NK_cells might individually act as independent prognostic markers for
the OS of bladder cancers.

In the TCGA cohort, multiple Cox analyses demonstrated that the IRGPI was an independent prognostic
factor for OS. Further, when combined the IRGPI with other clinicopathological features to build a new
model, the new model performed better than the IRGPI alone. Both the calibration curves and ROC curves
in the training cohort and the validation cohort showed superior better prediction accuracies. Meanwhile,
the clinicopathologic-IRGPI model was better behaved than the TIDE model or the TIS model.

Conclusions
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In conclusion, our integrated bioinformatic analysis reveal prognostic value of IRGPI, as well as the ability
to develop a clinicopathologic-IRGPI model based on it for bladder cancers. These �ndings provide a
potentially ideal immunotherapeutic marker as well as a prognostic indicator for bladder cancer.
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Gene Expression Omnibus
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Tumor Immune Dysfunction and Exclusion
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Microsatellite instability
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area under the curve
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Figure 1

Enrichment analysis and WGCNA analysis of differentially expressed immune-related genes based on the
comparison of the tumor and normal tissues in the TCGA & GTEx dataset. (a) Heatmap of immune-
related DEGs’ expressions between the tumor and normal tissues. (b) GO-circle and (c) KEGG-circle map
of the immune-related terms or immune-related pathways. The left part of the circle was the immune-
related DEGs and the right part was the corresponding GO terms or KEGG pathways. (d) The clustering
dendrogram of the immune-related DEGs was identi�ed by a Dynamic tree cut algorithm. The upper part
of the graph was a clustering tree of immune-related DEGs and the bottom part annotated different
module colors. (e) Heatmap of module-trait relationships.
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Figure 2

Survival analysis and univariable cox regression analysis of the three most signi�cant module genes
(brown, turquoise, and yellow) in the TCGA dataset. (a-u1) Kaplan-Meier plots of AGTR1, AHNAK, AKT3,
ANXA6, CALR, CSRP1, CXCL12, DES, EDNRA, ELN, FGFR1, GREM1, HGF, HLA-C, IGF1, IKBKB, IL17RD, ILK,
JUN, KITLG, LRP1, NFATC1, NFATC4, NFKBIZ, NFYA, NR3C2, NRP2, OGN, PDGFC, PGR, PI15, PPP3CB,
PPP3CC, PSMC1, PSME2, PTGER3, PTPN6, RBP1, RORA, S100A10, SEMA3A, TEK, TGFB3, THBS1, THRA,
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TNFRSF6B, VIM. (v1) Forest plot of univariable cox regression analysis. (w1) Oncoplot of mutation rates
of univariable cox regression genes. The abscissa represents different samples and the various color
annotations at the bottom represent different mutation types or clinical features.

Figure 3
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Construction and validation of an immune-related gene prognostic index (IRGPI). (a) The risk score of the
IRGPI model is equal to the sum of 11 immune-related genes multiplied by their respective coe�cients.
Kaplan-Meier curves for the training cohort (the TCGA cohort) (b) and the validation cohort (the merged
GEO cohort) (c). (d) GSEA analysis enriched seven immune-related KEGG pathways. (e) Barplot of
percentages of the alive and dead patients in the high- and low-risk subgroups. Kaplan-Meier curves for
the male patients (f) and female patients (g) in the TCGA cohort. Oncoplot of the top 20 genes with the
highest mutation rates for the high- (h) and low-risk (i) subgroups. Boxplots for the expression of HLA
genes (j) and immune-checkpoint genes (k) between the two groups. Boxplots for the scores of the
immune cells (l) and immune functions (m) between the two groups. (n) Correlation heatmap of the 11
model genes and 22 immune cells. (o) Box scatter plot of TMBs between the high- and low-risk
subgroups. (p) Correlation plot of TMB and risk scores. (q) Kaplan-Meier curves for the high- (briefed as
H-TMB) and low-TMB (briefed as L-TMB) subgroups. (r) Kaplan-Meier curves for the various
combinations of TMB and risk subgroups. Risk curve (s), survival status (t), and correlation plot of OS
and risk scores (u) in the TCGA cohort. Calibration curves (v) and ROC curves (w) of the IRGPI model in
the training cohort. 
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Figure 4

Heatmaps of the clinicopathologic features (a-b), risk (a-c), and immune subtypes (c) of the TCGA cohort.
(IRGPI-low=low-risk and IRGPI-high=high-risk)
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Figure 5

Survival analysis, univariable and multivariable Cox regression analysis of the immune cells and immune
functions in the TCGA cohort. Kaplan-Meier curves of the immune cells (a-m) and immune functions (n-
g1). Forest plots of univariable (h1) and multivariable (i1) Cox regression analysis of the immune cells.
Forest plots of univariable (j1) and multivariable (k1) Cox regression analysis of the immune functions.



Page 20/20

Figure 6

Construction and validation of a clinicopathologic-IRGPI model (the risk score of the IRGPI model was
briefed to Risk). Forest plot of univariable (a) and multivariable (b) Cox regression analysis of the
clinicopathologic-IRGPI model in the TCGA cohort. (c) Nomogram of the clinicopathologic-IRGPI model.
(d) ROC curves of the TIS, TIDE, and IRGPI model. Calibration curves of the training set (e) and validation
set (g). ROC curves of the training set (f) and validation set (h).


