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ABSTRACT

Reliable biomarkers are needed to recognize urologic cancer patients at high risk for recurrence. In this study, we
built a novel immune-related gene pairs signature to simultaneously predict recurrence for three urologic cancers.
We gathered 14 publicly available gene expression profiles including bladder, prostate and kidney cancer. A total
of 2,700 samples were classified into the training set (n = 1,622) and validation set (n = 1,078). The 25 immune-
related gene pairs signature consisting of 41 unique genes was developed by the least absolute shrinkage and
selection operator regression analysis and Cox regression model. The signature stratified patients into high- and
low-risk groups with significantly different relapse-free survival in the meta-training set and its subpopulations,
and was an independent prognostic factor of urologic cancers. This signature showed a robust ability in the meta-
validation and multiple independent validation cohorts. Immune and inflammatory response, chemotaxis and
cytokine activity were enriched with genes relevant to the signature. A significantly higher infiltration level of M1
macrophages was found in the high-risk group versus the low-risk group. In conclusion, our signature is a
promising prognostic biomarker for predicting relapse-free survival in patients with urologic cancer.

most biomarkers have not been translated to clinical
practice due to over-fitting of training datasets or lack of
sufficient validation [14]. A chance to develop more
reliable prognostic biomarkers has been brought by

INTRODUCTION

Bladder cancer, prostate cancer and kidney cancer are
the main tumors in the urinary system, and nearly 2.4

million new cases are diagnosed each year [1]. The
advance of targeted therapy and neoadjuvant therapy
has prolonged the survival of patients [2-4]. However,
numerous patients suffer relapses even after complete
surgical resection [5-7], and their prognoses are still not
optimistic. A reliable prognostic biomarker which could
identify patients with a higher risk for relapse and select
patients who have response to therapies would be
valuable for management of urologic cancers.

Gene-expression signatures have been identified for
survival stratification of bladder cancer [8, 9], prostate
cancer [10, 11] and kidney cancer [12, 13]. However,

sufficient large-scale public gene expression datasets [15,
16]. However, it is a challenge to integrate data derived
from different platforms. The traditional method has
made it difficult to normalize different datasets, given
technical biases and biological heterogeneity of multiple
platforms [17, 18]. New methods based on the relative
ranking of gene expression levels have been used to
eliminate the requirement for data preprocessing, and
have attained robust results in many applications [19-21].

Increasing evidence has indicated that the tumor immune
microenvironment is correlated with the formation and
progression of the three main urologic tumors [22-24].
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The immune checkpoint molecules, such as programmed
cell death 1 (PD-1), PD-1 ligand 1 (PD-L1) and cytotoxic
T-lymphocyte associated antigen 4 (CTLA-4), have
demonstrated a remarkable, durable response in bladder
cancer [25, 26], prostate cancer [27, 28] and kidney
cancer [29, 30]. The biomarkers related with the tumor
immune microenvironment may thus have potential as
prognostic markers of urologic cancers.

As is well-known, bladder cancer, prostate cancer and
kidney cancer are closely related anatomically and
result from similar insults that promote tumor formation
[31-33]. Therefore, we have developed in this study a
signature based on immune-related gene pairs (IRGPS)
to simultaneously predict the recurrence of bladder
cancer, prostate cancer and kidney cancer.

MATERIALS AND METHODS
Study design and datasets

We comprehensively analyzed 14 gene expression
profiles in three urologic tumors of bladder, prostate and
kidney cancer, including seven microarray datasets and
seven RNA-Seq datasets (Supplementary Figure 1). The
accession numbers, platforms and samples sizes of these
gene expression profiles are shown in Supplementary
Table 1. RNA-Seq data were downloaded from UCSC
Xena (http://xena.ucsc.eduaccessed on January 2021) and
the International Cancer Genome Consortium (ICGC)
(https://dcc.icgc.org/projects).  Microarray data were
downloaded from the Gene Expression Omnibus (GEO)
(http://www.nchi.nlm.nih.gov/geo). Cohorts from The
Cancer Genome Atlas (TCGA) were used as the training
set, and other datasets were used as the validation set.
Only patients with complete survival information were
included. We also excluded patients who had received
radiation therapy, neoadjuvant therapy and targeted
molecular therapy in all independent training cohorts. In
total, 2,700 cases were included in our study. Our project
was approved by Chongqging Medical University’s
Ethical Review Committee.

Gene expression data processing

The publicly available datasets from GEO were firstly
normalized using the normalizeBetweenArrays function
as implemented in the ‘limma’ package, and then were
further log-transformed. Normalization methods were
not used in TCGA and ICGC cohorts.

Identification of specific IRGPs for prognosis
prediction

We downloaded immune-related genes (IRGs) from
the ImmPort database (https://immport.niaid.nih.gov)

accessed on 3/3/2021. 2,483 unique IRGs, constituting
17 categories, including cytokines, cytokine receptors,
antigen processing, presentation pathways, inter-
leukins, natural Killer cell cytotoxicity, TGFb and TNF
family members. Only IRGs measured by all platforms
with a median absolute deviation > 0.5 in all
independent training sets were chosen. The score for
each IRGP was generated by pairwise comparisons of
the gene expression level in a certain sample of
profiles. The IRGPs score was defined as 1 if
expression level of IRG ;1 was larger than IRG »;
otherwise, the IRGPs score was set as 0 [34]. After
removing IRGPs with constant values in any
individual dataset, the remaining IRGPs were further
analyzed.

Construction of the immune-related gene pairs index
(IRGPI) for prognosis prediction

Prognostic IRGPs were selected based on the following
steps. Firstly, the predictive ability of each IRGP
predicting patients’ relapse-free survival (RFS) was
evaluated by using the Cox regression model in the
meta-training dataset, and the IRGPs with a p-value <
0.05 were selected as initial candidate markers.
Secondly, the least absolute shrinkage and selection
operator (LASSO) analysis was utilized to further filter
out some less informative IRGPs. The tuning parameter
was determined by the expected generalization error
estimated from 10-fold cross-validation. To improve
robustness, we randomly split the full meta-training
dataset into new training and testing datasets with a 2:1
ratio, and repeated the random split scheme 30 times to
stabilize the IRGPs selection procedure. The LASSO
model was then applied to the 30 training sets, and
those IRGPs with a frequency > 15 were selected.
Finally, the multivariate Cox regression model was used
to build the IRGPs-based prediction model and generate
the IRGPI for all samples. The patients were classified
into low and high immune risk groups using the median
IRGPI value.

Evaluation and validation of the IRGPI

The prognostic value of the IRGPI was evaluated in
the meta-training and independent training sets, and
was further verified in the meta-validation and
multiple independent validation sets. The log-rank test
and time-dependent receiver operating characteristic
(ROC) curves were adopted to assess the prognostic
accuracy of the IRGPI. We combined IRGPI with
clinical factors of age, gender and tumor stage in
multivariate Cox analyses. Age (>60) was transformed
into 1, age (<60) was transformed into 0. Stage 1l and
IV were transformed into 1, stage | and Il were
transformed into 0.
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Profiling of infiltrating immune cells

CIBERSORT characterizes immune cell composition
by using bulk-tumor gene expression profiles [35]. It
inferred the relative proportions of 22 types of
infiltrating immune cells based on the reference gene
expression values (LM22) [35]. In this study, the
proportions of 22 infiltrating immune cells were
determined by using the R package ‘CIBERSORT’. The
perm was set at 1,000, and cases with a CIBERSORT
output p-value < 0.05 were selected for further analysis.
The Wilcoxon rank sum test was utilized to compare
differences in immune cell subtypes between the high
and low IRGPI groups.

Gene ontology (GO) analysis

The R package ‘clusterProfiler’ was utilized to conduct
GO enrichment analysis of the genes related to the
IRGPI in the meta-training cohort. The Benjamini-
Hochberg-adjusted p-value < 0.05 (false discovery rate,
FDR) was used as the threshold to determine
significance.

Construction and evaluation of the nomogram

A nomogram was constructed to establish a quantitative
approach for RFS prediction in the meta-training cohort
based on the IRGPI and clinical factors, which was
further verified in the meta-validation cohorts. A point
was calculated for each factor, and the total points of all
factors were then obtained for the estimation of RFS
rates at 1, 3, 5, and 10 years. The calibration plots were
then drawn to evaluate the reliability of the nomogram.

Statistical analysis

The R package ‘survival’, ‘glmnet’, ‘survminer’,
‘timeROC’, ‘rms’, ‘CIBERSORT’ and ‘clusterProfiler’
were used to construct the Cox regression model,
LASSO model, Kaplan-Meier curve, time-dependent
ROC curve, nomogram, immune cell composition
computation and GO analysis. The association of IRGPI
score with RFS was analyzed by log-rank test. The Cox
regression model was adopted to perform multivariate
analysis of the association of IRGPI with RFS. A two-
sided p-value < 0.05 was considered statistically
significant for all tests. All statistical analyses were
conducted using R (version 4.0.2).

RESULTS
Establishing and evaluating the IRGPI

A total of 2,700 patients with three urologic cancers,
including 835 bladder cancer, 888 prostate cancer and

977 kidney cancer patients, were included in this study
(Supplementary Table 1). As shown in Supplementary
Figure 1, 1,622 patients in TCGA cohorts were used as
the meta-training dataset. Another 1,078 patients from
seven GEO datasets and two ICGC datasets constituted
the meta-validation dataset. Among 2,483 IRGs from
the ImmPort database, 606 IRGs were measured on all
platforms and met the criteria (MAD > 0.5) on all
independent training sets. Based on 606 IRGs, 183,315
IRGPs were constructed. After removing those not
shared among all datasets or with constant ordering in
any data set, 18,041 IRGPs were left and selected for
further analysis. First, 10,943 IRGPs were filtered out
by using the univariate Cox regression model in the
meta-training data set. To further screen candidate
IRGPs, LASSO was conducted 30 times to select those
which appeared more than 15 times out of 30 analyses.
As a result, 25 IRGPs and 41 unique IRGs were
selected (Supplementary Table 2). The multivariate Cox
regression model was then used to obtain the IRGPs-
based prediction model and generate IRGPI scores for
all samples. The patients in the meta-training cohort
were classified into low and high immune risk groups
by using the median IRGPI (-1.216973). There were
significantly different prognoses in terms of RFS
between low- and high-risk groups in the meta-training
cohort (Figure 1A, hazard ratio [HR] 6.078, 95%
confidence interval [CI] 4.754-7.769; P < 2x1076). The
IRGPI could also divided patients into subgroups with
significantly different RFS in the training cohort of
bladder cancer (Figure 1B, HR 2.308, 95% CI 1.660-
3.210; P = 3x107), prostate cancer (Figure 1C, HR
3.054, 95% CI 1.778-5.245; P = 2x10%) and kidney
cancer (Figure 1D, HR 5.582, 95% CI 3.899-7.992; P <
2x10716). The time-dependent ROC curves were used to
evaluate the ability of the IRGPI to predict prognosis.
The area under the curve (AUC) values in predicting 1-,
3-, 5- and 10-year RFS of patients were 0.816, 0.818,
0.828, and 0.763, respectively, in the meta-training
cohort (Supplementary Figure 2A). When patients were
stratified by different tumor stages, genders and age
groups, low and high IRGPI groups remained
significantly different for RFS, and a higher IRGPI
score was associated with significantly worse prognosis
(Figure 2). The patients with high IRGPI and advanced
tumor stage had the highest RFS among all patients in
the meta-training cohort (Supplementary Figure 2B).
Multivariate analyses suggested that the IRGPI was an
independent prognostic factor (HR 4.22, 95% CI 3.23-
5.52; P < 2x10%%) after adjusting for age and stage
(Supplementary Table 3).

Validation of the IRGPI

External validation cohorts were used to confirm the
ability of the IRGPI to predict RFS of patients with
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Figure 1. Kaplan-Meier curves of patients in training cohorts stratified by the IRGPI. (A) RFS among patients in the meta-training
cohort. (B) RFS among patients in the training cohort of bladder cancer. (C) RFS among patients in the training cohort of prostate cancer.
(D) RFS among patients in the training cohort of kidney cancer. HRs and 95% Cls are shown for high vs low immune risk. P values comparing
risk groups were calculated by the log-rank test.
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Figure 2. Kaplan-Meier curves of patients with different clinical factors in the meta-training cohort. (A) RFS among patients with
early-stage disease. (B) RFS among male patients. (C) RFS among patients younger than 60 years. (D) RFS among patients with late-stage
disease. (E) RFS among female patients. (F) RFS among patients older than 60 years.
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three urologic cancers in different populations. The
same IRGPs were used to calculate the IRGPI, and the
patients were also classified into low- and high-risk
groups. RFS of patients in low and high IRGPI groups
were significantly different in the meta-validation
cohort (Figure 3A, HR 3.326, 95% CI 2.623-4.217;
P < 2x10%), validation dataset of bladder cancer
(Figure 3B, HR 3.987, 95% CI 2.641-6.019; P = 1x10°
12 validation dataset of prostate cancer (Figure 3C, HR
3.277, 95% CI 2.275-4.719; P = 2x10%), and validation
dataset of kidney cancer (Figure 3D, HR 2.523, 95% ClI
1.529-4.165; P = 2x10#). Time-ROC curves showed
stable predictive abilities, with 1-, 3-, 5-, and 10-year
AUCs of 0.794, 0.764, 0.739, and 0.605, respectively
(Supplementary Figure 2C). Similarly, the patients with
high IRGPI and advanced tumor stage had the highest
RFS among patients in the meta-validation cohort
(Supplementary Figure 2D). Consistent with the
training cohorts, the IRGPI was able to divide patients
into significantly different groups in terms of RFS in
mostly independent validation cohorts (Supplementary
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Figure 3). When considering patients with early- or late-
stage disease, male patients and patients older than 60
years, the IRGPI remained highly prognostic, and a
higher IRGPI score was associated with significantly
worse prognosis (Figure 4). After adjusting for age and
stage in Cox regression analyses, the IRGPI remained
as an independent prognostic factor in the meta-
validation cohort (HR 2.15, 95% CI 1.45-3.19; P =
0.000149; Supplementary Table 3).

Functional analysis and infiltrating immune content
related to the IRGPI

The 41 unique IRGs relevant to the IRGPI in the meta-
training cohort were mainly involved in the immune and
inflammatory  response, cytokine activity and
chemotaxis (Supplementary Table 4 and Figure 5).
Various immune infiltrates were enriched in the meta-
training cohort, and Macrophages M2, T cells CD8, T
cells CD4 memory resting, Macrophages MO and
Macrophages M1 showed higher abundance
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Figure 3. Kaplan-Meier curves of patients in validation cohorts stratified by the IRGPI. (A) RFS among patients in the meta-
validation cohort. (B) RFS among patients in the validation cohort of bladder cancer. (C) RFS among patients in the validation cohort of
prostate cancer. (D) RFS among patients in the validation cohort of kidney cancer.
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Figure 4. Kaplan-Meier curves of patients with different clinical factors in the meta-validation cohort. (A) RFS among patients
with early-stage disease. (B) RFS among male patients. (C) RFS among patients younger than 60 years. (D) RFS among patients with late-stage
disease. (E) RFS among female patients. (F) RFS among patients older than 60 years.
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(Figure 6A). Among those, percentages of Macrophages significantly different between IRGPI risk groups

MO, Macrophages M1 and macrophage M2 were (Figure 6D).

significantly different between IRGPI risk groups

(Figure 6B). Furthermore, those results were validated Nomogram based on the IRGPI and clinical factors
in the meta-validation cohorts in which the same five

immune infiltrates with higher immune cell abundance Univariate Cox regression analysis showed that age,
were enriched (Figure 6C). The percentages of stage and IRGPI score were significant predictors of
Macrophages M1 and macrophage M2 were also prognosis (Supplementary Table 3). To establish a
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Figure 6. Infiltrating immune content related to the IRGPI. (A) The abundance of 22 immune cells in the meta-training cohort. (B)
Immune cell abundance within each risk group in the meta-training cohort. The top five immune cells ranked by abundance are contrasted.
(C) The abundance of 22 immune cells in the meta-validation cohort. (D) Immune cell abundance within each risk group in the meta-
validation cohort. The top five immune cells ranked by abundance were contrasted. P-values were calculated with the Wilcoxon test
(* P<0.05, ** P<0.01, *** P<0.001).

www.aging-us.com 1435 AGING



quantitative approach for RFS prediction, we performed
a nomogram based on prognostic factors (IRGPI, age,
and stage) in the meta-training and meta-validation sets
(Figure 7A, 7B). The reliability of the nomograms was
evaluated by the calibration plot. As a result, the line-
segments in the calibration plots were close to the 45°
line, indicating an excellent agreement between the
prediction and observation in the meta-training cohort
(Supplementary Figure 4A-4D) and meta-validation
cohort (Supplementary Figure 4E—4H).

DISCUSSION

In this study, we developed a signature based on 25
IRGPs to simultaneously predict the prognosis of
urinary cancer, including bladder, prostate, and kidney
cancer. The signature showed a robust ability for
predicting RFS of urinary cancers in training cohorts
and multiple validation cohorts. Our signature could
also distinguish different RFS in defined groups of
patients (e.g., early-stage) in stratified analyses. The
constructed nomogram based on the IRGPI score and
clinical prognostic factors was able to quantitatively
predict RFS rates of bladder, prostate and kidney cancer
patients.

Patients with bladder [36], prostate [37] and kidney
cancer [38] have substantial risk for relapse, even after
surgical resection. The use of various adjuvant
therapies, particularly in early-stage patients, remains
disputable [39]. Reliable prognostic biomarkers are
urgently needed to identify patients with a higher risk
for relapse and select patients who have response to
therapies. Many signatures based on gene expression
were developed to predict the prognosis of bladder [40-
42], prostate [43-45] and Kidney cancer [46-48].
However, the common drawback in those studies were
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technical biases caused by the normalization of
expression profiles derived from different platforms
using RNA-Seq or microarrays. Based on the relative
ranking of gene expression, the IRGPs signature in the
present study focused on pairwise comparisons within
the gene expression profile of samples. The need for
data normalization was eliminated to the utmost extent,
and technical biases between different platforms when
combining multiple gene expression profiles were
avoided. A few researchers have identified IRGPs
signatures related to the prognosis of urinary cancer
patients; for example, Fu et al. found a novel IRGPs
signature that had significant prognostic value in
predicting overall survival in bladder cancer [49].
Researchers in southern China have also developed an
IRGPs to predict the prognosis of patients with papillary
renal cell carcinoma [50]. However, these studies
lacked sufficient validation due to the relatively small
sample size, and could only predict the prognosis of
single tumor. In this study, we integrated large-scale
datasets from multiple platforms to identify the IRGPs
signature. The signature could simultaneously predict
RFS of three main urologic tumors, and was robust after
being verified. Therefore, our signature can be
expediently promoted to clinical usage.

The tumor immune microenvironment has been shown
to be correlated with prognosis of bladder [22, 51],
prostate [23, 52] and kidney cancer [24, 53]. In the era
of immunotherapy, prognostic biomarkers relevant to
the tumor immune microenvironment may break a new
path for identifying novel prognostic biomarkers. In this
study, most of the IRGs involved in our immune
signature were cytokines, antimicrobials and cytokine
receptors, which are closely related to immune response
and inflammatory processes. Enrichment analysis also
indicated that the IRGs relevant to the immune
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Figure 7. Nomograms constructed for predicting 1-, 3-, 5-, and 10-year RFS. (A) Nomograms predicting 1-, 3-, 5- and 10-year RFS
rates among patients in the meta-training set. (B) Nomograms predicting 1-, 3-, 5- and 10-year RFS rates among patients in the meta-

validation set.
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signature were mainly involved in the immune and
inflammatory response and cytokine activity. An
increased inflammatory microenvironment was found in
the main tumors of the urinary system. This finding was
consistent with previous studies showing that the
formation and progression of tumors were related to an
increased inflammatory microenvironment [54, 55].
Diverse immune cells such as neutrophils and macro-
phages are involved in the inflammatory response process
of tumors. Macrophages have been shown to be correlated
with poor prognosis in many cancers [56, 57]. In the
present study, we found the infiltration level of
macrophage M1 in the immune high-risk group
significantly increased. It is possible that the dysregulated
immune contexture may result in the survival differences
observed between risk groups as defined by the IRGPI.
Noteworthily, the infiltration level of M1 macrophages in
the high-risk and low-risk group are inconsistent in
researches [49, 50, 58-61]. Of these studies, two of them
are consistent with our result [50, 58], three of them report
that there is no significant difference [59-61], and only
one research is contrary to ours [49]. The inconsistencies
in the infiltration level of M1 macrophages may be related
to study population differences, that is, the samples that
generate risk scores are different.

To note, there were limitations in this study. Firstly, the
25 IRGPs prognostic signature was based on a
retrospective study, although nine datasets were used for
rigorous validation. Our results should be further
validated in prospective cohorts with different sample
attributes. Secondly, our prognostic signature also needs
to be validated by quantitative real-time polymerase
chain reaction before it can be applied clinically. Thirdly,
we removed IRGPs with constant values to reduce the
influence of batch effects between different platforms,
but batch effects cannot be completely eliminated.

In conclusion, our 25 IRGPs signature is a promising and
robust prognostic biomarker for predicting the RFS of
bladder, prostate, and kidney cancer, including early-
stage cancers. Moreover, this signature was associated
with the infiltration of immune cell subsets and immune
response, indicating the associations between the immune
microenvironment and those cancers, and hence could
help to formulate personalized immunotherapy strategy.
Although the clinical utility of our signature needs to be
validated in prospective studies, our study has
nonetheless provided a panel of promising prognostic
markers by integrating large-scale datasets.
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SUPPLEMENTARY MATERIALS

Supplementary Figures

Three main urologic cancer
datasets (n=2700)
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IRGPI Validation

Supplementary Figure 1. Overview of the construction and validation of the immune-related gene pairs signature. Fourteen
datasets were included in this study. Five TCGA datasets, including TCGA_BLCA (training cohort of bladder cancer), TCGA_PRAD (training
cohort of prostate cancer), TCGA_KIRC, TCGA_KIRP and TCGA_KICH constituted the meta-training dataset. TCGA_KIRC, TCGA_KIRP and
TCGA_KICH were combined for the kidney cancer cohort (training cohort of kidney cancer). Seven GEO datasets including GSE48075,
GSE31684, GSE32894, GSE48276, GSE70770, GSE116918 and GSE22541, and two ICGC datasets, including ICGC_PRAD and ICGC_RECA, were
merged to form a meta-validation dataset. GSE48075, GSE31684, GSE32894 and GSE48276 were combined in the validation dataset of
bladder cancer (validation cohort of bladder cancer). GSE70770, GSE116918 and ICGC_PRAD were merged to form the validation dataset of
prostate cancer (validation cohort of prostate cancer). GSE22541 and ICGC_RECA constituted the validation dataset of kidney cancer
(validation cohort of kidney cancer). The meta-training dataset was used to build an immune-related gene pairs signature index (IRGPI). The
IRGPI was verified on the meta-validation and independent validation datasets.
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Supplementary Figure 2. Time-dependent ROC curves and Kaplan-Meier curves. (A) The time-dependent ROC curves of the IRGPI
for 1-, 3-, 5- and 10-year RFS of patients in the meta-training cohort. (B) RFS among patients in the meta-training cohort stratified by IRGPI
and tumor stage. (C) Time-dependent ROC curves of the IRGPI for 1-, 3-, 5- and 10-year RFS of patients in the meta-validation cohort. (D) RFS
among patients in the meta-validation cohort stratified by IRGPI and tumor stage.
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Supplementary Figure 3. Kaplan-Meier curves of patients in independent validation cohorts stratified by the IRGPI. (A) RFS
among patients with bladder cancer in the GSE31684 cohort. (B) RFS among patients with bladder cancer in the GSE32894 cohort. (C) RFS
among patients with bladder cancer in the GSE48075 cohort. (D) RFS among patients with bladder cancer in the GSE48276 cohort. (E) RFS
among patients with prostate cancer in the GSE116918 cohort. (F) RFS among patients with prostate cancer in the GSE70770 cohort. (G) RFS
among patients with prostate cancer in the ICGC-PRAD-FR cohort. (H) RFS among patients with kidney cancer in the GSE22541 cohort. (I) RFS
among patients with kidney cancer in the ICGC-RECA-EU cohort. Hazard ratios (HRs) and 95% Cls were for high vs low immune risk. p-values
comparing risk groups were calculated with the log-rank test.
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Supplementary Figure 4. Nomogram evaluation for predicting 1-, 3-, 5-, and 10-year RFS. (A-D) Calibration plots of the nomogram
for predicting the probability of RFS at 1 (A), 3 (B), 5 (C) and 10 years (D) in the meta-training cohort. (E-H) Calibration plots of the nomogram
for predicting the probability of RFS at 1 (E), 3 (F), 5 (G) and 10 years (H) in the meta-validation cohort.
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Supplementary Tables

Please browse Full Text version to see the data of Supplementary Table 4.

Supplementary Table 1. Details about the data sets used in this study.

Accession number Platform Samples
Urologic cancer 2,700
Bladder Cancer 835
TCGA Illumina HiSeq 372
GSE48075 Illumina HumanHT-12 V3.0 expression beadchip 73
GSE31684 Affymetrix Human Genome U133 Plus 2.0 Array 93
GSE32894 Illumina HumanHT-12 V3.0 expression beadchip 224
IHlumina HumanHT-12 WG-DASL V4.0 R2 expression
GSE48276 / P 73
beadchip
Prostate Cancer 888
TCGA IHlumina HiSeq 412
GSE70770 IHlumina HumanHT-12 V4.0 expression beadchip 203
GSE116918 Almac Diagnostics Prostate Disease Specific Array (DSA) 248
ICGC-PRAD-FR Illumina HiSeq 25
Kidney cancer 977
TCGA Kidney Clear Cell Carcinoma IHlumina HiSeq 503
TCGA Kidney Papillary Cell Carcinoma IHlumina HiSeq 276
TCGA Kidney Chromophobe Carcinoma IHlumina HiSeq 59
GSE22541 Affymetrix Human Genome U133 Plus 2.0 Array 48
ICGC-RECA-EU Illumina HiSeq 91
Supplementary Table 2. Model information about the IRGPI.
IRG 1 Full name Immune processes IRG 2 Full name Immune processes Coefficient
FASLG Fas ligand Multiple FGF5 fibroblast growth factor 5 Cytokines 0.611523169778837
JAK2 Janus kinase 2 Antimicrobials ILI5RA interleukin 15 receptor Multiple 0.333805374153765
subunit alpha
IREB2 iron responsive element Antimicrobials NEDD4 NEDDA4 E3 ubiquitin Antimicrobials  0.557427035341619
binding protein 2 protein ligase
BST2 bone marrow stromal cell Antimicrobials  SLCApaL oM carmerfamily 40y icropials  -0.343127675750891
antigen 2 member 1
BIRC5 baculoviral IAP repeat Antimicrobials ILLIRA interleukin 11 receptor Multiple 0.120504722606519
containing 5 subunit alpha
. . . protein disulfide . .
ILSRA interleukin 5 receptor subunit Multiple PDIA2 isomerase family A /\THOEN_PTOCESSING_ - ) 506072023345
alpha and_Presentation
member 2
Rsapy ~ 'adical S-adenosyl methionine Antimicrobials IL13Raz  Mterleukin 13 receptor Multiple 0.678808880744686
domain containing 2 subunit alpha 2
baculoviral 1AP repeat nuclear receptor
BIRCS L P Antimicrobials NR4A3 subfamily 4 group A Cytokine_Receptors ~ -0.291520461858733
containing 5
member 3
cxcls  CXCmotif chemokine ligand Multiple PLAU plasminogen activator, Multiple -0.806211590266488
5 urokinase
ppGFRA  Platelet derived growth factor Multiple GNAIL G protein subunit Antimicrobials ~ -0.279543844347446
receptor alpha alpha il
IL21R interleukin 21 receptor Multiple KLRD1 kilter cell lectin like Multiple -0.280214943593435
receptor D1
FABP3 fatty acid binding protein 3 Antimicrobials LTB4R leukotriene B4 receptor Multiple 0.194642442980463
IFIH1 interferon induced with Antimicrobials ILIRAP interleukin 1 receptor Multiple 0.185869442713303
helicase C domain 1 accessory protein
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BIRC5

BIRC5

IL1IRAP

SEMAT7A

IL20RB

LIFR

BIRC5

BIRCS

CCL22

FGF12

IL13RA2

PCSK1

baculoviral 1AP repeat
containing 5

baculoviral IAP repeat
containing 5

interleukin 1 receptor accessory
protein

semaphorin 7A
(John Milton Hagen
blood group)

interleukin 20 receptor subunit
beta

LIF receptor subunit alpha

baculoviral I1AP repeat
containing 5

baculoviral IAP repeat
containing 5

C-C motif chemokine ligand 22

fibroblast growth factor 12

interleukin 13 receptor subunit
alpha 2
proprotein convertase
subtilisin/kexin type 1

Antimicrobials

Antimicrobials

Multiple

Multiple

Multiple

Cytokine_Receptors

Antimicrobials

Antimicrobials

Multiple

Cytokines

Multiple

Antimicrobials

MAP3K8 protein kinase kinase TCRsignaling
. Pathway
kinase 8
SEMA3F semaphorin 3F Multiple
nuclear receptor .
NR3C2 subfamily 3 group C Cytokine_
Receptors
member 2
SECTM1 secreted and Cytokines
transmembrane 1
S100A8 5100 calcu_Jm binding Antimicrobials
protein A8
JAGL jagged c:_anonlcal Notch Cytokines
ligand 1
MHC class |
MICB polypeptide-related Multiple
sequence B
TNF receptor
TNFRSF10A superfamily member Multiple
10a
gremlin 1, DAN family .
GREM1 BMP antagonist Cytokines
TNFSF4 TNF superfamily Multiple
member 4
MPL proto-oncogene, .
MPL thrombopoietin receptor Cytokine_Receptors
NUDT6 nudix hydrolase 6 Cytokines

mitogen-activated

-0.129389559702631

-0.072138438403510

0.0912124340222771

-0.343147031348337

-0.396800456172257

0.645240142760529

-0.071431251596447

0.0734371636311053

0.279290394701392

0.379557014519608

-0.17903152209123

0.0916418175539433

Supplementary Table 3. Univariate and multivariate analyses of prognostic factors in terms of RFS.

Univariate analysis

Multivariate analysis”

Datasets Variable HR (95% ClI) P Value HR (95% Cl) P Value
Age 1.56(1.28-1.90) 1.35x10° 1.18(0.96-1.45) 0.11
Meta-training Gender 1.07(0.86-1.34) 0.536 - -
Stage 5.05(4.00-6.38) < 2x10°16 3.22(2.52-4.11) < 2x10°16
Immune risk 6.08(4.75-7.77) < 2x1016 4.22(3.23-5.52) < 2x1016
Age 1.50(1.05-2.15) 0.0279 1.36(0.91-2.03) 0.135771
Meta-validation Gender 0.99(0.69-1.42) 0.948 - -
Stage 2.96(2.12-4.14) 2.01x10710 2.94(2.02-4.29) 1.82x10°
Immune risk 2.12(1.55-2.91) 2.57x106 2.15(1.45-3.19) 0.000149

*Age, stage and immune risk were adjusted in multivariate analysis.

Supplementary Table 4. The significant biological processes enriched by genes consisted in the IRGPI.
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