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Abstract
CRC is one of the most common malignant tumors and the main cause of cancer death. Since FDA
approved immunotherapy for CRC treatment in 2017, patients with CRC have low response to
immunotherapy, and there is no effective marker to predict the e�cacy of immunotherapy. Our aim is to
�nd a marker that can predict the response of immunotherapy, which can be used to direct the
immunotherapy of patients with CRC. The ssGSEA was implemented to construct immune related
prognostic score for 2740 patients in 18 cohorts. An extensive immunogenomic analysis was performed
to explore the relationship between immune score, prognostic signi�cance, microsatellite status, cancer
genotype and potential immune escape mechanism. The IRPS is correlated to important
immunophenotypic factors such as neoantigen load and mutation load. Further analysis demonstrated
that patients with high IRPS showed therapeutic bene�ts from immunotherapy. Based on these results,
we can conclude that the IRPS may be an available tool for overall survival prediction and predict
immunotherapy of patients with CRC.

Introduction
Colorectal cancer (CRC) is one of the most common cancers in the world, and it is also one of the main
causes of cancer related death. In 2020, the incidence of CRC ranks �fth worldwide, and the mortality is
top �ve in global cancer related death(1). In China, CRC incidence is higher, and CRC ranks second in all
cancers. With the same time, CRC cancer is the fourth cancer-related cause of death(2). At present, the
treatment of CRC includes surgery, chemotherapy, radiotherapy and immunotherapy (immune checkpoint
inhibitors, ICI). ICI is new therapeutic strategies, which targeting immune checkpoint molecules, including
programmed cell death protein-1 (PD-1), programmed cell death ligand protein − 1 (PD-L1) and cytotoxic
T-lymphocyte-associated protein 4 (CTLA4)(3).

ICIs was �rstly used to improve the survival of metastatic melanoma, and then used to treat non-small
cell lung cancer, leading to FDA approved ipilimumab (anti-CTLA4 antibody), pembrolizumab and
nivolumab (anti-PD1 antibody) for the treatment of these solid tumors(4–12). In 2017, pembrolizumab
and nivolumab attained FDA approval for the treatment of metastatic CRC(13–15). CRC can be
categorized into two discrete groups: CRC with mismatch repair de�cient and microsatellite instability-
high (dMMR–MSI-H) and mismatch-repair-pro�cient and microsatellite instability-low or microsatellite
stable (MSS) CRC (pMMR–MSI-L)(16). The pMMR–MSI-L CRC accounts for the vast majority of CRC(17),
and approximately 15% of all CRC are dMMR-MSI-H(18). The dMMR–MSI-H CRC exhibit very high overall
mutation burden (> 12 mutations per 106 DNA bases) and pMMR–MSI-L signature has a lower mutation
burden (< 8.24 mutations per 106 DNA bases)(16). Now, several reports have indicated that there is an
association between the increase of mutation load and the treatment response of anti-CTLA4-antibody or
anti-PD1-antibody(19–22). Studies have found that neoantigen load is related to mutation load, so
neoantigen load is also related to response(20, 22). In CRC, ICIs only responded to CRC with dMMR-MSI-
H, and it has no clinical bene�t on pMMR–MSI-L or MSS CRC(17, 23). Only a subset of CRC patients
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bene�ts from immunotherapy, the precise biomarkers to predict immunotherapy e�cacy are needed.
Therefore, it is essential to con�rm biomarkers and screen the dominant populations of ICIs e�cacy.

Here, we make great efforts to establish an immune signature of CRC to analyze the relationship between
CRC immune activity, tumor microenvironment and cancer genotype. Based on these prognosis-related
immune signature, the immune related prognosis score (IRPS) of CRC was developed, which was found
to be related to the overall survival and immunophenotypic factors of patients with CRC. Moreover, we
found that the IRPS can predict the patient's response to immune checkpoint blockade.

Materials And Methods
Datasets downloading and processing

Gene expression pro�les and clinical datasets of CRC were collected from Gene Expression Omnibus
(GEO), The Cancer Genome Atlas (TCGA) and PubMed. At the same time, downloading the genomic data
of TCGA CRC from cBioPortal (https://www.cbioportal.org). The enrollment criteria for the datasets were
as follows:  cohort contained more than 15 CRC samples and had available clinical information. A total
of 17 cohorts were collected in GEO database, including 5 cohorts with overall survival time, 7 cohorts
with microsatellite status information, and 11 cohorts with chemotherapy and chemotherapy response
information. 

Two cancer cohorts, which received immune checkpoint inhibitors therapy, were obtained from GEO
(GSE78220 and GSE91061). GSE91061 is a melanoma dataset treated with anti-PD-1 antibody and anti-
CTLA4 antibody, while GSE78220 is a melanoma dataset that received anti-PD1 antibody therapy. The
raw count data were transformed into the TPM values.

Downloading the raw CEL �les generated by Affymetrix in the GEO. The function RMA (robust multichip
average) in affy of R package was used to process and standardize the CEL �les generated by
Affymetrix. For the expression value of same gene symbol, we take the gene with the largest expression
value. Each cohort is processed and analyzed independently.

Finally, more than 2740 tumor samples were obtained from 18 cohorts. More detailed information of all
cohorts was shown in Supplementary Table S1.

Acquirement of immune-related data

We collected 230 immune related signatures by reading the literature. The speci�c signature was
followed: 68 gene sets derived from the work of Wolf et al(24), 9 signatures were collected from immune
metagene attractors(25, 26), 3 signatures representing the functional orientation of Immunologic
Constant of Rejection (ICR)(27), angiogenesis related signature (28), 2 senbabaoglu (29), 25 from
Bindea(30) 32 scores were obtained from the ImmuneSigDB (Collection C7 of MSigDB, Broad Institute)
(31), NK cell related signature (32) ISP signature(33), TIS signature(34), Exhausted CD8+T cells (35), 34
gene sets from Meta-map(36), APMs(37), 3 Theelen(38), Subsiglnc(39), 3 OPC(40), 12 from TITR(41)
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Immune-response (42), 19 signatures were downloaded from IPRES(43) IRGP (44), 10 oncogenic
pathway signatures (45), and 85 Th1 / IFN-γ gene signatures (46). More detailed information is listed in
the Supplementary Table S2.

Single sample gene set enrichment analysis and immune-related estimation

The single sample gene set enrichment analysis (ssGSEA) was performed by using R-package GSVA, and
the normalized enrichment scores (NES) of 230 immune related signatures in each CRC sample were
calculated by ssGSEA.

The immune score, tumor purity, stromal score and estimate score of each CRC patient are calculated on
the basis of NES values, which is accomplished by R package estimate.

The immune-related prognostic score (IRPS) for CRC

R package GSVA was used to implement ssGSEA for the signature of each sample and calculate NES so
that evaluating the immune in�ltration level of immune related signature. Univariate Cox proportional
hazards regression analysis was used to assess the correlation between NES and overall survival in each
sample of 20 CRC cohorts. Then, the �xed effect model in R package meta was used to evaluate the
overall hazards ratio (HR) and P-value. A total of 47 immune related signatures were signi�cantly
correlated with the patients’ overall survival (P < 0.05).

Finally, the IRPS combined with 20 CRC cohorts and 47 immune cell signatures was de�ned as: 

Among them, NESi is the standardized ssGSEA score of the ith immune signature with total HR less than

1, and NESj is the standardized ssGSEA score of the jth immune signature with total HR more than 1.

Statistical analysis

The heatmaps and other plots were drawn by the ggplot2 and pheatmap. The R package forestplot was
used to plot the forest plot. The Kaplan-Meier method was used to assess overall survival curves, and the
distinct between survival distributions were assessed with the two-sided log-rank test as implemented in
the R package survival. A modi�ed drawing survival curve function ‘gsurvplot’, as implemented in the R
package survminer, was used for drawing the Kaplan-Meier survival curves in this research. The
univariable Cox proportional hazard model was conducted to assess the association between
characteristics and the patient’s overall survival, in the survival analysis. All the statistical analyses were
performed using R program. The p-value <0.05 was considered statistically signi�cant.

Result
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IRPS associated with the immune microenvironment of CRC and re�ected the immune in�ltration status.

In order to establish an immune prognostic scoring system related to immune in�ltration, we analyzed
230 immune related signatures. We �rst implemented ssGSEA in 18 CRC cohorts more than 2470
patients according to 230 immune related signatures, and calculated the normalized immune score (NES)
of each immune related signature in each sample. Then, the prognostic value of NES in each CRC
patients of 18 cohorts was evaluated by univariate Cox regression analysis. Meta analysis was
performed on all immune related signatures in 18 cohorts to evaluate the overall prognosis. Finally, we
identi�ed 47 immune related signatures as immune prognostic factors (HR<1 or >1, and P < 0.05,
Supplementary Table3). Among the 47 signatures, 45 signatures with HR<1 indicates that the higher NES
value associated with longer the survival time of patients, and 2 signatures with HR >1 indicates that the
higher NES value is related to the poor prognosis. We can �nd that both signature PD1_ Data and CTLA4_
Data correlated to immunotherapy are prognostic factor. Among the immune in�ltrating cells, these cells
including iDC, B cell, dendritic cell and macrophage, as well as T cell are all signi�cant for the prognosis
of patients. (Figure 1A).

The IRPS was constructed according to the NES values and the prognostic risk model of 47 immune
related signatures. IRPS is closely associated with immune in�ltrating cells in 18 CRC cohorts. We have
known that T cell (47, 48) and cytotoxic cell(49) play an immune promoting role in the anti-tumor process,
whereas there is a signi�cant positive correlation between IRPS and T cell B cell and cytotoxic cell,
indicating that IRPS plays an immune promoting role in the anti-tumor process (Figure. 1B, C,
Supplementary Figure1). To illustrate this view, we further analyzed the relationship between IRPS and
immunosuppressive cells, including Treg cell, Th2 cell Tcm cell and Th17 cell. The results showed that
there was a negative correlation between IRPS and Th2 cell and Tcm cell (Figure 1B, C, Supplementary
Figure1).

Previous studies have shown that the level of immune in�ltration is very important in the antitumor
processing. Therefore, we calculated the immune in�ltration score including ESTIMATE score, immune
score, stromal score and tumor purity of all samples in 18 CRC cohorts. Then, we analyzed the
association between IRPS and immune in�ltration score. We observed a signi�cant positive correlation
between IRPS and ESTIMATE score, immune score and stromal score (Figure 1D-F, Supplementary
Figure2). By contrast, tumor purity was negatively correlated with IRPS (Figure 1G, Supplementary
Figure2).

Based on above-mentioned results, we can conclude that the IRPS constructed by the NES score of all
immune prognostic signatures is related to the immune microenvironment of CRC, and also may re�ect
the immune in�ltration level of CRC.

Relationship between IRPS and microsatellite status in CRC

We calculated the IPRS of each patient in all cohorts and divided the patients into high IRPS group and
low IRPS group according to the median of IRPS values. Subsequently, we compared the overall survival
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of patients in different IRPS subtypes. We found that there was a signi�cant difference in overall survival
between high IRPS group and low IRPS group by univariate Cox regression analysis of the cohort in
GSE39582 (Figure 2A). IRPS is a prognostic factor in patients with CRC.

The microsatellite status of different patients is different in 18 cohorts. Therefore, dividing patients into
MSS group and MSI subtype according to microsatellite status subtype. We found signi�cant differences
of IRPS between MSS subtype and MSI subtype, and IRPS is signi�cantly higher in patients with MSI
subtype (Figure 2C, Supplementary Figure3). This may indicate that IRPS has a potential function in
guiding the immunotherapy of CRC.

In order to further explore the impact of IRPS on microsatellite status, we analyzed the distinction
between high IRPS and low IRPS in MSI and MSS subtypes. We can �nd that there is signi�cant
difference between high IRPS group and low IRPS group in MSI subtype and MSS subtype (Figure 2D, E).
Meanwhile, we conducted univariate Cox regression analysis in two subtypes patients and found that
IRPS has guiding signi�cance for prognosis in patients with MSS subtypes. However, in the patients with
MSI subtype, IRPS has no prognostic signi�cance (Figure 2B). 

These results prove that IRPS is a prognostic factor of CRC. At the same time, by analyzing the
differences of IRPS in patients with microsatellite status subtypes, we �nd that the level of IRPS may
direct the immunotherapy of patients with CRC.

IRPS instructs immunotherapy for CRC

By analyzing the relationship between IRPS and microsatellite status, we found that there is a non-
negligible relationship between IPRS and immunotherapy of CRC. Therefore, we analyzed the interaction
between IRPS and immune checkpoint molecules.

As we all known, there are three principal immune checkpoint molecules for immunotherapy, namely PD1,
PD-L1 and CTLA4. Obviously, there is a signi�cant positive correlation between IRPS and the molecules
(Figure 1B, C and 3A-C), especially in CTLA4 (Figure 3C). Interestingly, we found signi�cant differences in
immune checkpoint molecules NES values between high IRPS group and low IRPS group (Figure 3D-F).

We already realized that patients with MSI are mainly characterized by high IRPS (Figure 2B), and the
microsatellite status of CRC patients who are effective for immunotherapy is characterized by MSI. Given
the relationship between IRPS and immune checkpoint molecules (Figure 3A-C), we are more certain that
IRPS is closely related to immunotherapy.

Association between innate immune escape mechanism and IRPS in CRC

The intrinsic immune escape mechanism of tumor to immunotherapy mainly has two aspects,
immunogenicity and immune checkpoint molecular expression(50). Several potential prognostic factors,
including tumor mutation load (TMB), homologous recombination de�cient (HRD), neoantigen load, loss
of heterozygosity (LOH), copy number variation (CNV) and single nucleotide variation (SNV), determine
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tumor immunogenicity. In order to explore the effect of IRPS on innate immune escape of CRC, we
analyzed the relationship between IRPS and tumor immunogenicity of CRC in TCGA data.

By comparing the differences of these potential prognosis factors between the high IRPS group and the
low IRPS group (Figure 4). The prognostic factors CNV, LOH and HRD were higher in low IRPS subtype
than in high IRPS subtype (Figure 4A, D and H). Opposite, the mean value of prognostic factors
immunogenic indel, indel, tumor mutation load, neoantigen load and SNV tend to be highly expressed in
high IRPS subtype (Figure 4B, C, E, F and G). We further analyzed the correlation between IRPS and
prognostic factors. Interestingly, IRPS was negatively correlated with CNV, LOH and HRD (Figure 5A, D and
H). Simultaneously, IRPS was positively correlated with immunogenic indel, indel, tumor mutation load,
neoantigen load and SNV (Figure 5B, C, E, F and G).

Among the microsatellite instability CRC, tumor mutation load is a prognostic factor, and MSI CRC
patients with high tumor mutation load are effective for immunotherapy. In view of the signi�cant
differential expression of IRPS in MSI tumors (Figure 2D), and there is a positive correlation between IRPS
and tumor mutation load (Figure 5E). We propose a hypothesis that the immunophenotype may be
shaped by the genomic alterations of tumors.

Exploring relationship between IRPS and genomic alterations in CRC

To test the hypothesis, we analyzed the associations between IRPS and somatic mutations in the TCGA
CRC cohort. Firstly, we calculated the mutation frequency of each gene in the CRC cohort and visualized
the mutation frequency of the top 35 genes. We observed that the genes with the highest mutation
frequency in CRC were APC and TP53, followed by KRAS and PIK3CA (Figure 6A). These genes with high
mutation frequency are common in ten carcinogenic pathways, including cell cycle pathway, Hippo
signaling, MYC signaling, NOTCH signaling, oxidative stress response / NRF2, PI-3-Kinase signaling,
receptor-tyrosine kinase (RTK) / RAS / MAP-Kinase signaling, TGFβ signaling, TP53 and β-catenin / WNT
signaling(45). 

Subsequently, we discussed the difference of NES values of 10 oncogenic pathways between high IRPS
and low IRPS subtypes in TCGA CRC patients (Figure. 6B, C). It is obvious that the NES values of most of
the 10 carcinogenic pathways are higher in low IRPS subtypes, in particular, Hippo signaling, MYC
signaling, oxidative stress response / NRF2, PI-3-Kinase signaling and TP53 pathway. Only the NES value
of cell cycle pathway and NOTCH signaling is higher in the high IRPS subtype. This seems to verify that
somatic mutations in common carcinogenic pathways can affect the immunophenotype of patients with
CRC.

The IRPS could predict the immunotherapeutic bene�t

According to the previous analysis results, we have known that IRPS is closely related to the
immunotherapy of CRC, so we studied the immunotherapy bene�t of IRPS in CRC. For doing this, we need
to obtain the datasets of CRC immunotherapy �rstly, but after searching the published CRC
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immunotherapy datasets, there is no suitable cohorts related to CRC immunotherapy. Instead, we used
melanoma immunotherapy cohort (GSE91061, GSE78220) to test the immunotherapeutic bene�ts of
IRPS. 

Taking the median IRPS as the cutoff value, patients in GSE91061 and GSE78220 cohorts were divided
into high IRPS subtype and low IRPS subtype. Patients in the high IRPs subtype had longer overall
survival compared with patients in low IRPS subtype in the GSE78220 cohort (P-value=0.048, Figure7A)
and GSE91061 cohort (P-value=0.016, Figure7E). The violin diagram showed that the IRPS value of
patients who responded to immunotherapy increased signi�cantly compared with patients who did not
respond to immunotherapy (Figure. 7B, F). The association between immunotherapy response and
existing immune activity was analyzed by using the information about immunotherapy response in two
melanoma immunotherapy cohorts we collected. We observed that patients in high IRPS subtype
responded better to immunotherapy than patients in low IRPS subtype (Figure 7C, G). The waterfall plot
of two immunotherapy datasets illustrates the correlation between IRPS value and clinical response
status in immunotherapy (Figure 7D, H).

In the cohort of GSE78220, GSE91061, IRPS signi�cantly related to the e�cacy of immunotherapy was
evaluated by predictive model. By using IRPS value as input parameter of support vector machine (SVM),
support vector machine is implemented in R software package e1071. Radial basis function (RBF) is
selected as the kernel function of support vector machine. The grid search is used to optimize the penalty
parameter C and kernel coe�cient gamma of support vector machine. The IRPS subtype of patients is
used as the prediction target of the classi�er. In the test, the overall accuracy of GSE78220 and
GSE91061 cohort in predicting patients' immunotherapy response was 0.875 and 0.976 (Figure 8A, B),
respectively. The predictive power of the two immunotherapy cohorts clearly shows that IRPS value is a
predictive biomarker of immunotherapy bene�ts.

Discussion
The tumor microenvironment (TME) is composed of non-malignant cells of tumor, such as cancer
associated �broblasts (CAF), endothelial cells and pericytes constituting tumor vascular system, immune
cells, stromal cells and extracellular matrix (ECM) which forms complex interaction with tumor(51–53).
Among the immune cell, except for the common T cells and B cells, TME also includes immune cells such
as dendritic cells, neutrophils, macrophages, cytotoxic cells, regulatory T (Treg) cells, myeloid derived
suppressor cells (MDSCs) and NK cells(52). The immunosuppressive cells include immature dendritic
cells (iDC), regulatory T cells (Treg), MDSC and tumor associated macrophages (TAM) with tumor
promoting phenotype. Antitumor immune cells of TME mainly comprise T cells, B cells NK cells and
cytotoxic cells(47–49, 52). The difference of immune cell in�ltration level in TME leads to the difference
of chemotherapy response in different tumor patients, especially immunotherapy. In ICIs, CTLA-4 is a co
inhibitory molecule expressed on T cells, which has the function of negatively regulating T cell
activation(54, 55), PD-1 has been proven to be a negative regulator of immune response(56, 57), and PD-
L1 is expressed in normal tissues. When combined with PD-1, it regulates immune tolerance by inhibiting
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TCR mediated lymphocyte proliferation and cytokine secretion(58, 59). Although the sustained e�cacy of
immunotherapy, only a part patients bene�t from immunotherapy(60). As a major component of TME, the
in�ltration level of immune cells contributes to tumor progression and immunotherapeutic response.

In this research, 2740 samples of CRC patients were downloaded from 18 cohorts. We used ssGSEA to
calculate the NES of each dataset separately. The ssGSEA method does not rely on the in�uence of other
samples in the gene expression datasets when scoring a single sample, and provides stable scores that is
unlikely to be affected by different sample and gene sizes in the cohorts and unnecessary changes
between samples. Thus, the ssGSEA score of each sample is less affected by the microarray platform of
each cohort. The univariate Cox regression analysis results of 18 cohorts were analyzed by meta-
analysis, and screening 47 immune related signatures. Finally, the IRPs of each sample is calculated.

In the 18 CRC data sets collected, most patients with high IRPs showed better overall survival than those
with low IRPS. Besides, we demonstrated that IRPS was associated with mutation load in TCGA CRC
cohort. Because tumor mutation load is important in predicting the response to immunotherapy(61), we
speculate that there may be some connection between IRPS and the response to immunotherapy. Our
results in two cancer cohorts receiving immunotherapy clearly con�rmed this hypothesis. We also studied
the relationship between indel neoantigen, which can predict the response to tumor immunotherapy and
IRPS, founded a link between indel neoantigen and IRPS in the TCGA CRC cohort.

In recent years, anti-PD-1, anti-PD-L1 or anti-CTLA-4 therapy in patients with solid tumors has aroused
great interest in immunotherapy. Nevertheless, only a few patients have a long and stable response
during immune checkpoint inhibiters treatment. Lately, the expression level of PD-1 and PD-L1 and
mutation load have been found not to be effective biomarkers to predict the bene�ts of immune
checkpoint blocking(62–64). Therefore, it is necessary to develop a useful tool to predict the e�cacy of
immunotherapy. In this study, the predictive ability of IRPS for checkpoint inhibitors was demonstrated in
two groups of advanced melanoma patients treated with anti-PD-1 antibody and anti-CTLA4 antibody,
respectively. Our results distinctly show that IRPS is associated with the response to different
immunotherapy methods, including immunotherapy based on anti-PD-1, anti-PD-L1 and CTLA-4 immune
checkpoint inhibitors. The prediction accuracy of the two groups of patients indicated that IRPS value
can be used as a tool to evaluate the effectiveness of immunotherapy for cancer. The IRPS value of
patients who responded to immunotherapy was signi�cantly higher than that of patients who did not
respond to immunotherapy. Owing to the lack of a CRC cohort receiving immunotherapy, more
prospective trials are needed to further validate these �ndings in patients with CRC.

There are still some de�ciencies in this study. Firstly, we obtained as many CRC cohorts as possible, but
still did not �nd a suitable CRC immunotherapy cohort. Moreover, although the survival bene�ts of
immune related signature have been found in the CRC cohort, The biological or medical mechanism of
these immune related signatures is not very clear. We also need to conduct more experimental studies on
immune related signatures, in order to provide more available information for further understanding their
function in CRC. Finally, we only use the median cut-off of IRPS to classify CRC samples into high IRPS
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subtype and low IRPS subtype, but this may not be the best cut-off value of IRPS. We still need to �nd
better cut-off values to provide a better strategy for strati�cation of CRC patients.

The IRPS is a valuable signature related to the level of immune in�ltration. The correlation between IRPS
and the overall survival rate of CRC comprehensive cohort prove that IRPS is a powerful prognostic
hallmark of CRC. The IRPS should contribute to further determine the prognosis of patients with CRC and
predict the response of patients with CRC to immunotherapy.
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Figures

Figure 1

Construction of IRPS and exploration of immune in�ltration level. A, the forest plot of partial immune
related signatures. B, Correlation heatmap between immune in�ltrating cells and IRPS in GSE39582. C,
Correlation heatmap between immune in�ltrating cells and IRPS in TCGA. D-G, scatter plot of IRPS and
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immune in�ltration score, D, Estimate score and IRPS, E, Immune score and IRPS, F, stromal score and
IRPS, G, tumor purity and IRPS.

Figure 2

Strati�ed analysis of CRC and IRPS. A, the forest plot of IRPS in GSE39582. B, the forest plot of MSI
subtype and MSS subtype. C, the differential analysis of NES values in MSS subtype and MSI subtype. D,
the differential analysis of NES values in MSI subtype. E, the differential analysis of NES values in MSS
subtype.
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Figure 3

Association of IRPS and immune checkpoint molecules. A-C, scatter plot of IRPS and PD1, PD-L1 and
CTLA4, respectively. D-F, the violin plot of NES values for immune checkpoint molecules in high IRPS
subtype and low IRPS subtype, PD1, PD-L1 and CTLA4, respectively.

Figure 4

Immunogenicity analysis violin plot of CRC in TCGA. A-H, the violin plot of immunogenicity in high IRPS
subtype and low IRPS subtype, CNV score, immunogenic indel, indel, LOH score, mutation load,
Neoantigen load, SNV and HRD, respectively.
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Figure 5

Immunogenicity analysis scatter plot of CRC in TCGA. A-H, the violin plot of immunogenicity in high IRPS
subtype and low IRPS subtype, CNV score, immunogenic indel, indel, LOH score, mutation load,
Neoantigen load, SNV and HRD, respectively.
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Figure 6

Analysis of genomic alteration in TCGA CRC. A, oncoplots of gene mutation frequency of top35 genes. B,
heatmaps of 10 oncogenic pathway NES values in different IRPS subtype. C, strati�ed analysis of 10
oncogenic pathway NES values in high IPRS subtype and low IRPS subtype.
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Figure 7

E�cacy analysis of the IRPS in GSE78220 and GSE91061 cohorts. A and E, overall survival curves for
patients with high IRPS subtype and low IRPS subtype IRPS for GSE78220 and GSE91061 cohorts,
respectively. B and F, the violin plots shown the distribution of IRPS for patients with different
immunotherapy response in GSE78220 and GSE91061 cohorts. C and G, bar graph illustrated the CR/PR
and SD/PD to immunotherapy in high and low IRPS subtypes in GSE78220 and GSE91061 cohorts,
respectively. D and G, waterfall plot illustrated the IRPS with different immunotherapy e�cacy in
GSE78220 and GSE91061 cohorts, respectively.

Figure 8
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Prediction e�cacy of IRPS in immunotherapy cohorts. A, ROC curve of IRPS in GSE78220. B, ROC curve
of IRPS in GSE91061.
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