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ABSTRACT

The present study focused on identifying the immune-related signatures and exploring their performance in
predicting the prognosis, immunotherapeutic responsiveness, and diagnosis of patients with colon cancer. Firstly,
the immunotherapeutic response-related differential expressed genes (DEGs) were identified by comparing
responders and non-responders from an anti-PD-L1 cohort using the edgeR R package. Then, the
immunotherapeutic response related DEGs was intersected with immune-related genes (IRGs) to obtain the
immunotherapeutic response and immune-related genes (IRIGs). Then, an immunotherapeutic response and
immune-related risk score (IRIRScore) model consisting of 6 IRIGs was constructed using the univariable Cox
regression analysis and multivariate Cox regression analysis based on the COAD cohort from the cancer genome
atlas (TCGA) database, which was further validated in two independent gene expression omnibus database (GEO)
datasets (GSE39582 and GSE17536) and anti-PD-L1 cohort. A nomogram with good accuracy was established based
on the immune-related signatures and clinical factors (C-index = 0.75). In the training dataset and GSE39582, higher
IRIRScore was significantly associated with higher TMN and advanced pathological stages. Based on the anti-PD-L1
cohort, patients who were sensitive to immunotherapy had significantly lower risk score than non-responders.
Furthermore, we explored the immunotherapy-related signatures based on the training dataset. Kaplan-Meier curve
revealed a high level of T cells regulatory (Tregs) was significantly related to poor overall survival (OS), while a high
level of T cells CD4 memory resting was significantly related to better OS. Besides, the TMB value of patients in the
high-risk group was significantly higher than those in a low-risk group. Moreover, patients in the high-risk group had
significantly higher expression levels of immune checkpoint inhibitors. In addition, the immune-related signatures
were applied to establish prediction models using the random forest algorithm. Among them, TDGF1 and NRG1
revealed excellent diagnostic predictive performance (AUC >0.8). In conclusion, the current findings provide new
insights into immune-related immunotherapeutic responsiveness, prognosis, and diagnosis of colon cancer.

INTRODUCTION tumor screening, early diagnosis, and treatment [1]. In

recent years, increasing studies explored the functions
Colon cancer is one of the most malignant tumors with of tumor immune microenvironment, which may play
high mortality worldwide despite advancements in important roles in tumorigenesis [2]. Moreover,
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numerous studies have identified immune-related
signatures in the tumor microenvironment for predicting
the prognosis for various cancers, including colon
cancer [3-5].

Immunotherapy, especially immune checkpoint
inhibitors (ICIs), focuses on harnessing the host
immune system to combat tumor progression and
metastasis and achieve the goal of controlling and
eliminating tumors, which has revolutionized the
treatment for colon cancer [6]. However, the
responsiveness rate to ICls rarely exceeds 20%, which
depends on several key factors, including mutational
load, tumor-infiltrating lymphocytes, and regulatory
checkpoint receptors [7]. However, the research on
molecular markers for predicting the immuno-
therapeutic responsiveness of colon cancer patients is
limited.

Therefore, it is critical to explore effective and robust
novel molecular signatures for predicting the
immunotherapeutic  responsiveness, prognosis, and
diagnosis of patients with colon cancer. The present
study focused on the immune-related signatures
identified in the anti-PD-L1 cohort and systematically
explored their performance in predicting the prognosis,
immunotherapeutic responsiveness, and diagnosis of
patients with colon cancer.

MATERIALS AND METHODS
Acquiring and preprocessing the relevant data

An anti-PD-L1 cohort (IMvigor210) was obtained using
the IMvigor210CoreBiologies R package [8], which
was treated with atezolizumab (anti-PD-L1 agent); only
the samples with immunotherapeutic response
information were included. The samples that displayed
the complete response (CR) or partial response (PR)
were categorized as responders and the samples that
displayed stable (SD) or progressive disease (PD) were
categorized as non-responders. In addition, the scores
(estimate, stromal, and immune) of each sample were
calculated using the estimate R package [9]. The
differences in the clinical features and the scores
between responders and non-responders  were
statistically compared using the Wilcoxon test, and the
detailed information is shown in Table 1 and
Supplementary Figure 1A-1C.

A total of 471 COAD samples were downloaded from
UCSC Xena platform (https://xenabrowser.net/datapages/),
including the mMRNA expression data, mutation
profiling data, and clinical and survival information.
Subsequently, the samples (n = 471) were divided into
the normal group (n = 39) and tumor group (n = 432);

the tumor group was used as the training dataset, and
the detailed information is listed in Supplementary
Table 1.

Two independent GEO datasets (GSE39582 and
GSE17536), considered testing datasets, were down-
loaded from the GEO database (https://www.ncbi.nlm
.nih.gov/geo/). The GSE39582 included 556 colon
cancer patients, and GSE17536 included 177 colon
cancer patients, with available clinical and survival
information. The detailed information was shown in
Supplementary Tables 2 and 3.

A total of 1509 IRGs were obtained from the ImmPort
database (https://immport.niaid.nih.gov/).

Identification of immune-related genes from the
anti-PD-L1 cohort

The edgeR R package [10] was adopted to compare the
gene expression differences between the responders and
non-responders. Genes that met the cut-off criteria of
false discovery rate (FDR) <0.05 and |log2 fold change
(FC)|>1 were considered immunotherapeutic response
related DEGs, and then intersected with IRGs to obtain
the IRIGs. Subsequently, the Gene ontology (GO)
functional, Kyoto Encyclopedia of Genes and Genomes
(KEGG) enrichment analysis was performed on IRIGs
using the clusterProfiler R package [11].

Construction of estimate-stromal-immune scores
model

The ESTIMATE algorithm calculated the immune,
stromal and estimate scores for each colon cancer
sample of the TCGA-COAD cohort [9]. Then, the colon
cancer patients were divided into the high-score and
low-score groups based on the median levels of the
estimate, stromal, and immune scores, respectively. The
association between the estimate-stromal-immune
scores and OS was analyzed using the Kaplan-Meier
curve. The pROC R package was used to plot the
receiver operating characteristic (ROC) curves to
evaluate the predictive capacities of the estimate-
stromal-immune scores model.

Identification and validation of immune-related
signatures  for predicting immunotherapeutic
responsiveness and prognosis of patients with colon
cancer

The univariable Cox regression analysis was performed
on the IRIGs using the training dataset with P < 0.05 as
the criteria to identify the prognostic signature.
Subsequently, we established the IRIRScore model for
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Table 1. The detailed information on Anti-PD-L1 cohort.

CR/PR SD/PD
P-value
(N =68) (N =230)
Sex
F 11 (16.2%) 54 (23.5%) 0.125
M 57 (83.8%) 176 (76.5%)
Baseline.ECOG.Score
0 37 (54.4%) 84 (36.5%) 0.0313
1 27 (39.7%) 138 (60.0%)
2 4 (5.9%) 8 (3.5%)
sizeFactor
Mean (SD) 1.12 (0.419) 1.06 (0.360) 0.393
Median (Min, Max) 1.11 (0.306, 1.95) 1.02 (0.264, 1.97)
(ON]
Alive 63 (92.6%) 46 (20.0%) 0.125
Death 5 (7.4%) 184 (80.0%)
OS.time
Mean (SD) 590 (94.1) 271 (194) <0.001
Median (Min, Max) 618 (278, 734) 214 (5.91, 715)
FMOne.mutation.burden.per.MB
Mean (SD) 16.9 (13.3) 8.61 (6.26) <0.001
Median (Min, Max) 14.0 (1.00, 62.0) 7.00 (0, 44.0)
Missing 7 (10.3%) 57 (24.8%)
Neoantigen.burden.per.MB
Mean (SD) 2.46 (2.34) 1.06 (1.09) <0.001
Median (Min, Max) 1.80 (0.216, 11.7) 0.725 (0.0392, 6.20)
Missing 15 (22.1%) 67 (29.1%)

Abbreviation: OS: overall survival.

predicting the prognosis of colon cancer patients using
the multivariate Cox regression analysis and the
coefficient of the prognostic indicator was obtained.
The IRIRScore for each patient was calculated
according to the formula:

IRIRScore = ¥ Cox coefficient of gene y' x scale expression value of gene '

Moreover, two independent GEO datasets with
accession numbers GSE39582 and GSE17536 and anti-
PD-L1 cohort were used to further validate the
prognostic signatures of the constructed IRIRScore
model. Besides, the Kruskal-Wallis test was used to
compare the difference in IRIRScore between
responders and non-responders in the anti-PD-L1
cohort.

In addition, a nomogram was designed to visualize the
prognostic value of different patients’ features,
including IRIRScore, StromalScore, ImmuneScore, age,

gender, and tumor stage. The calibration curves were
plotted to evaluate the predicted probabilities compared
to the ideal predictive line using the rms R package.
Moreover, the hazard ratios of the patients’ features
were illustrated by a forest plot.

Statistical analysis

To verify and access the predictive capabilities of the
constructed IRIRScore model, the ROC curves and
Kaplan-Meier curves were plotted using the training
dataset (tumor samples in TCGA-COAD cohort) and
testing dataset (GSE39582, GSE17536, and anti-PD-L1
cohort). The optimal cutoff value for grouping patients
were chosen at the points of the ROC curves where the
difference between true positive and false positive was
the most significant. Additionally, the associations
between the risk score level and clinical features,
including tumor stages and microsatellite status, were
performed using the Kruskal-Wallis test.
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Exploring potential immunotherapy related signatures
in the tumor microenvironment of colon cancer

Firstly, the training dataset was divided into a high-risk
group and a low-risk group based on the constructed
IRIRScore model. Moreover, the proportions of 22 types
of tumor-infiltrating immune cells of each sample in
the TCGA-COAD cohort was estimated using the
CIBERSORT algorithm [12]. Then, the statistical
difference in immune landscape between the high-risk and
low-risk score groups was compared using an unpaired
t-test. The association between the significant differential
immune cell types (P-value < 0.01) and OS were further
accessed using Kaplan-Meier curve. Moreover, the
correlations between tumor-infiltrating immune cells and
IRIRScore were analyzed using the cor.test in R software
(version 4.0.2, http://www.R-project.org).

In addition, the maftools R package was utilized to
calculate the TMB value and visualize the mutation
profiles of the high- and low-risk groups [13].
Subsequently, the TMB value between high- and low-risk
groups was compared by the Kruskal-Wallis test, and the
differences in the mRNA levels of immune checkpoints
and their ligands between the high- and low-risk groups
were statistically compared using the Wilcoxon test.

Preliminary exploration of IRIGs as predictive
diagnostic indicators base on TCGA-COAD cohort

To explore the potential application of the IRIGs in the
diagnosis prediction of colon cancer, we compared the

expressions of the IRIGs between tumor and normal
samples using the Wilcoxon test. Moreover, the IRIGs
were employed as independent biomarkers to establish
diagnosis prediction models using Random Forest (RF)
algorithm. Besides, we tried to use the IRIGs as keywords
to search immunohistochemical images in the Human
Protein Atlas (HPA) (https://www.proteinatlas.org/),
which may experimentally verify our findings.

Data availability statement

The immunotherapeutic cohort (IMvigor210) was
available according to the guideline on http://research-
pub.gene.com/IMvigor210CoreBiologies  using  the
IMvigor210CoreBiologies R package. The TCGA-
COAD cohort was available in the UCSC Xena
(https://xenabrowser.net/datapages/). GSE39582 and
GSE17536 were downloaded from NCBI-GEO
database (https://www.nchi.nlm.nih.gov/geo/).

RESULTS
Identification of IRIGs

Figure 1 shows the whole analysis flow of this study.
1323 immunotherapeutic response-related DEGs (634
upregulated and 689 downregulated) were identified by
comparing responders and non-responders in the anti-
PD-L1 cohort (Figure 2A, Supplementary Table 4).
After the intersection with 1509 IRGs, 108 IRIGs was
obtained (Figure 2B, Supplementary Table 5). KEGG
analysis results revealed that IRIGs were remarkably

N=1509

anti-PD-L1 cohort
N=298 (68 CR/PR, 230 SD/PD)
A 4
L Teap
related DEGs
(llog2FC| > 1, FDR < 0.05)

[ immune-related genes (IRGs)

) L7

h 4

TCGA-COAD tumor samples
as training dataset

Estimate-stromal-immune scores
model

GO/KEGG 108 overlapped genes

v

[ exploring the tumor microenvironment ]4—

Univariate Cox analySIs
(P-value < 0.05) 6 markers

( Statistic analysis J

v

A 4 A 4
[ high-risk group ][ low-risk group ]

{

Multivariate Cox analysis
G markers)

A 4 A 4
[ GSE39582/GSE17536 ][ anti-PD-L1 cohort ]

|
J

]

risk score model

N y
The expression of i ]
CIBERSORT TMB analysis i i 5
analysis and their ligands

J
v

( Statistic analysis J

’{ Statistic analysis J

Figure 1. The whole analysis flow of this study.
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Figure 2. Identification of immune-related signatures and construction of IRIRScore prognostic model. (A) Volcano plot on
immunotherapeutic response related DEGs between the responders and non-responders in anti-PD-L1 cohort. The green dots represent
downregulated genes, while the red dots represent upregulated genes. (B) Venn diagram of the intersection between the
immunotherapeutic response related DEGs and IRGs. (C) KEGG pathway enrichment analysis of IRIGs. (D) GO analysis of IRIGs. (E) The
coefficients of the 6 IRIGs related to prognosis of colon cancer. (F) Forest plot showing the HR of each IRIG. (G) The distribution of samples
in the high- and low risk score groups and their relationship with OS, and the expression pattern of 6 prognostic signatures in high- and low
risk score groups. (H) Kaplan-Meier curve exhibited that OS of patients in the low-risk score group was significantly higher than those in the
high-risk score group. (1) Time-dependent ROC curve analysis of the IRIRScore model.
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Table 2. The detailed information on the identified prognostic IRIGs.

Gene Name HR HR.95L HR.95H p-value

IL13RA2 0.859707917 0.753442337 0.980961205 0.024735341
TDGF1 0.916176837 0.845736901 0.992483591 0.031968386
NRG1 0.878737983 0.786729291 0.981507172 0.021978491
CRLF1 1.242539007 1.029878446 1.499112045 0.023368342
IL20RB 1.261588541 1.097635605 1.450030992 0.001069679
GRP 1.126701281 1.019440489 1.245247555 0.019429694

Abbreviation: HR: hazard ratio.

enriched in terms associated with Cytokine-cytokine
receptor interaction, Neuroactive ligand-receptor
interaction, JAK-STAT signaling pathway, cAMP
signaling pathway, PI3K-Akt signaling pathway, and so
on (Figure 2C). Furthermore, the GO enrichment
analysis indicated that IRIGs mapped to hormone-
related terms, including humoral immune response,
antimicrobial humoral response, regulation of hormone
secretion, and hormone transport (Figure 2D).

Construction of immune-related prognostic models

The AUC of estimate-stromal-immune scores model
was less than 0.6 (ESTIMATEScore: 0.5; StromalScore:
0.513; ImmuneScore: 0.519, Supplementary Figure
1D), indicating its poor performance for predicting the
prognosis of colon cancer. Additionally, the Kaplan-
Meier curves revealed that the association between the
scores (estimate, stromal, or immune) and OS were not
significant (ESTIMATEScore: P = 0.61, StromalScore:
P = 0.47, ImmuneScore: P = 0.94, Supplementary
Figure 1E-1G).

Therefore, effective prognostic signatures for patients
with colon cancer needed to be explored. Based on the
training dataset, the univariate and multivariate Cox
regression analyses were performed on the IRIGs, and 6
genes were found to be significantly related to OS status
(Table 2). The coefficient and hazard ratio (HR) of each
prognostic indicator is shown in Figure 2E and 2F,
respectively. TDGF1, IL13RA2, and NRG1 are
protective factors (HR <1), while CRLF1, GRP, and
IL20RB are risk factors (HR >1). Then, the IRIRScore
of each patient was calculated according to the formula
described in the Materials and methods section. The
scatter diagram in Figure 2G displayed that the survival
time of patients in the low-risk group was longer than
that in a high-risk group, which was also significantly
supported by Figure 2H (P < 0.0001). The heatmap in
Figure 2G reveals that the expression of risk factors was
low in the low-risk group and high in the high-risk
group, while the trend of protective factors was the
opposite. The AUC of IRIRScore model at 3, 4, and

5 years of OS are 0.659, 0.677, and 0.653, respectively
(Figure 2I). Patients with larger tumor sizes yielded
higher IRIRScore than those with small tumor size
(Kruskal-Wallis test, P = 3.9e5, Figure 3A). Patients
with metastases yielded higher IRIRScore than those
without metastases (Kruskal-Wallis test, P = 0.012,
Figure 3B). Patients with more distant or more lymph
nodes are involved in patients with higher IRIRScore
(Kruskal-Wallis test, P = 3.2e75, Figure 3C). Patients
with advanced stage yielded higher IRIRScore than
those with early stage (Kruskal-Wallis test, P = 0.00016,
Figure 3D). Figure 3E reveals that the patients with
higher IRIRScore vyielded more instability of the
microsatellite status (Kruskal-Wallis test, P = 0.015,
Figure 3E).

Validation and assessment of the identified immune-
related signatures in predicting prognosis and
immunotherapeutic responsiveness

To verify whether the identified immune-related
signatures were suitable for different cohorts, The
IRIRScore of each patient in two independent GEO
datasets (GSE39582 and GSE17536), and the anti-PD-
L1 cohort was calculated based on the same method
used in the training dataset. Based on the testing
datasets, the OS rate of patients in the high-risk group
was significantly lower than that in low-risk group
(P < 0.0001, Supplementary Figure 2A, Supplementary
Figure 3A, and 3C), and the areas under the curves
(AUCs) of [IRIRScore model were calculated
(GSE39582: 0.623 at 3-years, 0.607 at 4-years, and
0.563 at 5-years, Supplementary Figure 2B; GSE17536:
0.656 at 3-years, 0.733 at 4-years, and 0.657 at 5-years,
Supplementary Figure 3B; Anti-PD-L1 cohort: 0.645,
Supplementary Figure 3D).

Based on the testing data from GSE39582, the Kruskal-
Wallis test revealed that higher IRIRScore was
associated with higher T stage (P = 0.00038), metastasis
(P = 0.011), N stages (P = 0.0015), and advanced
pathological stage (P = 0.021) (Supplementary Figure
2C-2F).
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In addition, based on the anti-PD-L1 cohort, we

Construction

found that patients sensitive to immunotherapy had

significantly lower risk scores than non-responders
(P =7.1e"®, Supplementary Figure 3E), indicating that
responders will have better OS than non-responders.
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and OS. (H-J) Calibration plot of the nomogram to predict the probability of OS at 3, 4 and 5 years.
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predicting 3-, 4-, and 5-years OS probability of
patients with colon cancer. In the nomogram, it is easy
to estimate the score for each variable on the point
scale and calculate the probability of survival at 3-, 4-,
5-years (Figure 3F). Compared with the other variables,
IRIRScore had the maximum score points. The forest
plot shows that the variables, including the age (>60),
advanced pathological stage (IlI and 1V) and
IRIRScore are significantly associated with OS (P <
0.05, Figure 3G), but the microsatellite status,
StromalScore, and ImmuneScore are not (P > 0.05).

To verify the predictive performance of the nomogram,
we plotted the calibration curves and observed that the
predictive curves were close to the ideal curve (Figure
3H-3J). Moreover, the predictive accuracy (C-index) of
the nomogram has been dramatically improved from
0.63 to 0.75, indicating good functioning.

Exploring potential immunotherapy related signatures

We estimated the proportions of 22 types of immune
cells in patients with colon cancer in the training dataset
using the CIBERSORT method. The profiles of high-
risk group and low-risk group were shown in
Supplementary Figure 3F and 3G. Subsequently, the
composition of immune cell types between the high-risk
and low-risk groups was compared using the Kruskal-
Wallis test. Moreover, remarkable differences were
found in T cells CD8, T cells CD4 memory resting,
T cells CD4 memory activated, T cells follicular helper,
T cells regulatory (Tregs), and Eosinophils (P < 0.01,
Figure 4A). The Kaplan-Meier curve revealed that high
level of T cells regulatory (Tregs) was significantly
related to poor OS (P = 0.029, Figure 4C), while a high
level of T cells CD4 memory resting was significantly
related to better OS (P = 0.0071, Figure 4B). 10 of the
22 types of tumor-infiltrating immune cells were
significantly related to IRIRScore (P < 0.05,
Supplementary Figure 4). Among them, T cells
regulatory (Tregs), Eosinophils, Macrophages M1, T
cells follicular helper, T cells CD8, and Macrophages
M2 were positively related to IRIRScore, while
Dendritic cells activated, Plasma cells, T cells CD4
memory activated, and T cells CD4 memory resting
were negatively related to IRIRScore.

The mutation profiles of the high-risk group and low-
risk group were plotted and compared using maftools
R package. The top 20 significantly mutated genes were
APC, TP53, TTN, KRAS, SYNE1, MUC16, PIK3CA,
FAT4, RYR2, OBSCN, ZFHX4, DNAH5, PCLO,
CSMD3, ABCA13, DNAH11, LRP1B, FAT3, USH2A
and CSMD1 (Figure 4D). Among them, the mutation
rate of APC was significantly higher in the low-risk
group (P = 0.000716, Figure 4E), while the mutation

rate of MUC16 was significantly higher in the high-risk
group (P = 0.0154, Figure 4E). However, there was no
significant association between the mutation status of
APC or MUC16 and patients” OS (Figure 4F). Besides,
the TMB value of each sample was calculated and
visualized (median value of high-risk group: 2.66/MB;
median value of low-risk group: 2/MB, Figure 4G). As
shown in Figure 4H, the TMB value of patients in high-
risk group was significantly higher than those in low-
risk group (P = 0.00031). Moreover, the Wilcoxon test
was applied to statistically compare the expression of
immune checkpoint inhibitor targets between the two
groups. The results revealed that the high-risk group
had a significantly higher expression level (P < 0.001,
Figure 5).

The identified
biomarkers

IRIGs as potential diagnosis

5 of 6 IRIGs were significantly differentially expressed
between tumor and normal samples (P < 0.05, Figure
6A). Among them, TDGF1, and GRP were up-
regulated in tumor samples, while NRG1, CRLF1, and
IL20RB were down-regulated in tumor samples. The
IRIGs were used to establish the prediction models
with RF algorithm, and the AUC of each IRIG was
calculated and plotted using the ggroc R package
(IL13RA2: 0.579; TDGF1: 0.813; NRG1:0.933; CRLF1:
0.795; IL20RB: 0.625; GRP: 0.724, Figure 6B). Among
them, TDGF1 and NRG1 revealed excellent diagnostic
predictive performance (AUC >0.8). The distribution
and expression of CRLF1, and NRG1 at the protein
level are shown in Figure 6C—6F, whereas IL13RA2,
TDGFL1, IL20RB, and GRP remained inaccessible in
HPA.

DISCUSSION

Extensive studies have been conducted to identify novel
diagnosis, prognosis, and therapeutic targets for colon
cancer [14-17]. However, more effective signatures
needed to be explored. In this study, we tried to identify
immune-related  signatures  for  predicting  the
immunotherapeutic  responsiveness, prognosis, and
diagnosis of colon cancer. Firstly, immunotherapeutic
responsiveness-related DEGs were identified by
comparing the responders and non-responders in the
anti-PD-L1 cohort, intersecting with IRGs, then
obtained IRIGs. Then, 6 of these IRIGs (TDGF1,
IL13RA2, NRG1, CRLF1, GRP, and IL20RB) were
selected to establish an IRIRScore prognostic model.
Among them, TDGF, NRG1, and GRP have been
demonstrated as prognostic indicators for patients with
colon cancer [18-20]. TDGF1, a member of the
epidermal growth factor-cripto FRL1 cryptic protein
family, is involved in activating several different
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signaling pathways during embryonic development and colorectal cancer [21]. Previous studies demonstrated

cellular transformation, and could be a predictive that IL13RA2 was overexpressed in various cancers,
marker for metachronous metastasis in patients with such as malignant gliomas [22], and thyroid Carcinoma
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[23]. In our study, the trend of the expression level of
ILI3RA2 was also up-regulated in tumor samples
compared with normal samples, though it was not
significant (P = 0.0918, Figure 6A). NRG1 can activate
HER3 to promote resistance in tumor cells [24]. CRLF1,
as the target for miR-3065-3p, could promote the
stemness and metastasis of colorectal cancer [25].

Besides, CRLF1 regulates immune, inflammation,
hematopoiesis, cell growth, and differentiation [26],
which may relate to tumorigenesis. Moreover, the
expression level of CRLF1 was down-regulated in
tumor samples compared with normal samples (P =
4.1 Figure 6A, 6E and 6F). Gastrin Releasing
Peptide (GRP), acting synergistically to promote cell
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Figure 5. Comparison of the expression levels of the immune checkpoints and their ligands between the high-risk score
group and low-risk score group. The expression of PD-1 (A), PD-L1 (B), CTLA-4 (C), HAVCR2 (D), LAG3 (E), or TIGIT (F).

wWww.aging-us.com

5140

AGING



proliferation, play an essential role in cancer
development and are frequently over-expressed in
various tumors [27]. According to the results of our
study, GRP was also up-regulated in tumor samples
compared with normal samples (P = 1.9e"6, Figure 6A).
Previous studies have demonstrated that IL20RB was

as lung adenocarcinoma [28], pancreatic ductal
adenocarcinoma [29], and pancreatic cancer [30].

The identified immune-related signatures in predicting
prognosis and TNM staging were validated in multiple
cohorts, and displayed robust capability. Moreover, a

associated with the prognosis of various cancers, such nomogram was established based on the IRIRScore and
A group $ Normal $ Tumor B 66
p=0.0918 p=3.0g11 p=<2e-16 p=4.0e-10 p=00081 p=109e-06
" %) .° % 075

expression
o
-
:
s
:
sl
:

HPA010964
Female, age 84
Colon (T-67000)

(M-81403)
Patient id: 1958

Tumor cells

Intensity: Negative
Quantity: None

HPA041793
Female, age 46
Colon (T-67000)

. | Adenocarcinoma, NOS
(M-81403)
Patient id: 1454

Tumor cells
Staining: Low

Intensity: Weak
Quantity: >75%

.Cytoplasmic/
Location: e mbranous|

sensitivity
o
o
o

Adenocarcinoma, NOS :

Staining: Not detected | 7

IL13RA2 (Auc=0.579)
TDGF1 (Auc=0813)
NRG1 (AuC=0933)
CRLF1(Auc=0795)
IL20RB (AuC=0.625)
GRP (AuC=0.726)

025

0.00

0.00 025 0.75 1.00

0.50
1-specificity

Colorectal cancer
HPA010964
Female, age 75
Colon (T-67000)
Adenocarcinoma, NOS
(M-81403)
Normal tissue, NOS (M-

00100)
Patient id: 2151

Normal tissue
Staining: Not detected

Intensity: Weak
Quantity: <25%

_Cytoplasmic/
Locallon: rembranous

HPA041793
Female, age 82
Colon (T-67000)

[Normal tissue, NOS (M-
00100)

Patient id: 2960

Normal Tissue
Staining: Medium

Intensity: Moderate

Quantity: >75%
_Cytoplasmic/|

Locwlon: membranous,

Figure 6. Exploration of the 6 IRIGs as predictive diagnostic indicators based on the TCGA-COAD cohort. (A) Comparison of the
expressions of the IRIGs between tumor and normal samples using the Wilcoxon test. (B) Establishment of the predictive diagnosis model
using the 6 IRIGs. (C—F) The comparison of protein expression of NRG1 and CRLF1 between tumor and normal tissues.

wWww.aging-us.com

5141

AGING



other clinical characters, and the C-index of the
nomogram was remarkably higher than the IRIRScore
model. These findings may be helpful for the prognosis
of patients with colon cancer. Additionally, we found
that patients in the high-risk group had significantly
higher expression level of immune checkpoint inhibitor
targets than those in the low-risk group (Figure 5),
suggesting that high-risk patients may respond better to
immune checkpoint inhibitors targeting PD-1, PD-L1,
CTLA-4, HAVCR2, LAGS, or TIGIT. Besides, higher
TMB value (Figure 4H), more instability of the
microsatellite status (Figure 3E), or a higher mutation
rate of MUC16 (Figure 4E) are significantly associated
with patients in the high-risk group, suggesting that
those patients are more likely to benefit from
immunotherapy. However, patients in the high-risk
group exhibit a low mutation rate of APC (Figure 4E),
suggesting that APC may be a tumor suppressor gene.
In addition, patients with sensitive immunotherapeutic
responsiveness may have a significantly better OS
(Supplementary Figure 3C, 3E).

Furthermore, we investigated the 6 prognostic IRIGs in
the diagnostic prediction of colon cancer. Among them,
TDGF1 and NRGL1 could be used as an independent
diagnostic indicator and reveal excellent performance
(Figure 6B, AUC >0.8).

In conclusion, our research provided new insights into
immune-related  immunotherapeutic  responsiveness,
prognosis, and diagnosis of colon cancer. However, there
are still some limitations to our study. First, the datasets
used in our study are based on public databases, and more
experimental data were needed to verify our findings.
Moreover, the molecular function and mechanism of the
prognostic IRIGs need to be further investigated.
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Supplementary Figure 1. Construction and assessment of estimate-stromal-immune scores model. (A-C) Comparison of the
differences of the estimate-stromal-immune scores between responders and non-responders using Wilcoxon test. (D) The AUCs of the
estimate-stromal-immune scores model. (E-G) Kaplan-Meier curves analyses of the association between the scores (estimate, stromal, or
immune) and patients’ OS.
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Supplementary Figure 2. Validation of the identified immune-related prognostic signatures using GSE39582. (A) Kaplan-
Meier curve analysis. (B) Time-dependent ROC curve analysis. (C—F) Comparison of the association between the IRIRScore of the colon
cancer patients and the clinical-pathological characteristics, including (C) T stages, (D) M stages, (E) N stages and (F) advanced pathological
stages.

www.aging-us.com 5146 AGING



Total risk scare = high == low
A B ..
1,00
Z075 GSE17536 GSE17536
= 0.75 >
é ,
050] =esssssessarsrsarersacarsanasnasenay %
E H g
H : =
@ 0.25 H @ 050
p < 0.0001 : 2
i 2
0.00 i s
[] 500 1000 1500
Time 025 AUC at 3 years = 0656
P
Number at risk ‘ AUG at 4 years = 0,733
= high{ 48 39 2 0
2 low{129 107 85 [ AUC at 5 years = 0,657
[ 500 1000 1500 0.00
S )
Time 000 025 050 075
Tolelriskaoom == Wgh =+ low False positive rate
C.. D Anti-PD-L1 cohort
k=]
Anti-PD-L1 cohort =7
Zo07s
E [
S
_g.o BO{ =reemeemeesgooaoooT
s : @
H : £
025 H ]
p<0.0001 : 2
H H 5 o
s i 331
0.00 ! !
o 200 400 600 800 o~
Time e 7
§ Number at risk
£ highd 74 3g 7 5 [ 2 4
5
2 low{224 153 107 80 [ T T T T T T
0 200 400 600 800 10 0.8 06 0.4 02 0.0
S "
Time Specificity
E Immunotherapeutic responsiveness £3 non_responders(SD/PD) = responders(CRIPR)
2 7.1e-05

Risk score
o
k]
B

non_responders(SD/PD)

fssponders(CR.'PR)

[ —

Sample (low risk group)

Samgie (high risk group)

Supplementary Figure 3. Validation of the identified immune-related prognostic signatures using GSE17536 and anti-PD-L1
cohort. (A) Kaplan-Meier curve analysis using GSE17536. (B) Time-dependent ROC curve analysis using 17536. (C) Kaplan-Meier curve
analysis using anti-PD-L1 cohort. (D) Time-dependent ROC curve analysis using anti-PD-L1 cohort. (E) Comprising the difference in the risk
score between responders and non-responders in anti-PD-L1 cohort. (F-G) The profiles of relative proportions of immune infiltration. (F)
Patients in low-risk group, (G) patients in high-risk group.
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Supplementary Figure 4. The correlation between IRIRScore and the proportions of immune cells infiltrating, including (A) T cells
regulatory (Tregs), (B) Eosinophils, (C) Macrophages M1, (D) T cells follicular helper, (E) T cells CD8, (F) Macrophages M2, (G) Dendritic cells
activated, (H) Plasma cells, (1) T cells CD4 memory activated, (J) T cells CD4 memory resting.
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Supplementary Tables

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

Supplementary Table 1. The detailed information of TCGA-COAD cohort.

Tumor

Normal

Overall

(N = 432)

(N = 39)

(N =471)

Gender

Female 200 (46.3%) 20 (51.3%) 220 (46.7%)

Male 232 (53.7%) 19 (48.7%) 251 (53.3%)
Age

<60 136 (31.5%) 9 (23.1%) 145 (30.8%)

>60 296 (68.5%) 30 (76.9%) 326 (69.2%)
AJCC-Stage

| 73 (16.9%) 4 (10.3%) 77 (16.3%)

I 166 (38.4%) 21 (53.8%) 187 (39.7%)

11 122 (28.2%) 6 (15.4%) 128 (27.2%)

v 60 (13.9%) 7 (17.9%) 67 (14.2%)

Missing 11 (2.5%) 1 (2.6%) 12 (2.5%)
AJCC-T

T1 11 (2.5%) 0 (0%) 11 (2.3%)

T2 75 (17.4%) 5 (12.8%) 80 (17.0%)

T3 296 (68.5%) 28 (71.8%) 324 (68.8%)

T4 49 (11.3%) 6 (15.4%) 55 (11.7%)

Missing 1 (0.2%) 0 (0%) 1 (0.2%)
AJCC-M

MO 318 (73.6%) 25 (64.1%) 343 (72.8%)

M1 60 (13.9%) 7 (17.9%) 67 (14.2%)

MX 47 (10.9%) 6 (15.4%) 53 (11.3%)

Missing 7 (1.6%) 1 (2.6%) 8 (1.7%)
AJCC-N

NO 254 (58.8%) 27 (69.2%) 281 (59.7%)

N1 100 (23.1%) 7 (17.9%) 107 (22.7%)

N2 78 (18.1%) 5 (12.8%) 83 (17.6%)
Supplementary Table 2. The detailed information of GSE39582.

Alive Death Overall
(N = 369) (N =187) (N = 556)

Gender

Female 175 (47.4%) 74 (39.6%) 249 (44.8%)

Male 194 (52.6%) 113 (60.4%) 307 (55.2%)
Age

<60 115 (31.2%) 42 (22.5%) 157 (28.2%)

>60 254 (68.8%) 145 (77.5%) 399 (71.8%)
AJCC-Stage

0 3 (0.8%) 1 (0.5%) 4 (0.7%)

1 27 (7.3%) 5 (2.7%) 32 (5.8%)
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2 183 (49.6%) 75 (40.1%) 258 (46.4%)
3 136 (36.9%) 67 (35.8%) 203 (36.5%)
4 20 (5.4%) 39 (20.9%) 59 (10.6%)
AJCC-T
N/A 8 (2.2%) 12 (6.4%) 20 (3.6%)
TO 1 (0.3%) 0 (0%) 1 (0.2%)
T1 10 (2.7%) 1 (0.5%) 11 (2.0%)
T2 36 (9.8%) 8 (4.3%) 44 (7.9%)
T3 249 (67.5%) 111 (59.4%) 360 (64.7%)
T4 63 (17.1%) 54 (28.9%) 117 (21.0%)
Tis 2 (0.5%) 1 (0.5%) 3 (0.5%)
AJCC-M
MO 340 (92.1%) 134 (71.7%) 474 (85.3%)
M1 20 (5.4%) 40 (21.4%) 60 (10.8%)
MX 1 (0.3%) 1 (0.5%) 2 (0.4%)
N/A 8 (2.2%) 12 (6.4%) 20 (3.6%)
AJCC-N
N/A 8 (2.2%) 12 (6.4%) 20 (3.6%)
N+ 1 (0.3%) 5(2.7%) 6 (1.1%)
NO 214 (58.0%) 81 (43.3%) 295 (53.1%)
N1 91 (24.7%) 40 (21.4%) 131 (23.6%)
N2 52 (14.1%) 46 (24.6%) 98 (17.6%)
N3 3 (0.8%) 3 (1.6%) 6 (1.1%)
Abbreviation: AJCC: American Joint Committee on Cancer.
Supplementary Table 3. The detailed information of GSE17536.
Alive Death Overall
(N=73) (N =104) (N=177)

Gender
Female
Male

Age
<60
>60

AJCC-stage

A W N B

32 (43.8%)
41 (56.2%)

26 (35.6%)
47 (64.4%)

4 (5.5%)
12 (16.4%)
25 (34.2%)
32 (43.8%)

49 (47.1%)
55 (52.9%)

33 (31.7%)
71 (68.3%)

20 (19.2%)

45 (43.3%)

32 (30.8%)
7 (6.7%)

81 (45.8%)
96 (54.2%)

59 (33.3%)
118 (66.7%)

24 (13.6%)
57 (32.2%)
57 (32.2%)
39 (22.0%)

Abbreviation: AJCC: American Joint Committee on Cancer.

Supplementary Table 4. The detailed information of the immunotherapeutic response related DEGs.
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Supplementary Table 5. The detailed information of IRIGs.

Gene Name logFC logCPM LR P value FDR change
NPY 8.07268 1.07696 122.324 1.96E-28 5.54E-25 UP
SEMG2 4.07083 3.58072 57.4661 3.44E-14 1.39E-11 UP
ALB —5.7925 8.50241 54.1559 1.85E-13 6.58E-11 DOWN
SCGB3A1 3.0018 0.24711 48.5146 3.28E-12 9.02E-10 UP
IL13RA2 1.69046 1.61056 43.4311 4.39E-11 1.03E-08 UP
HAMP —2.7598 2.91445 40.748 1.73E-10 3.61E-08 DOWN
ORM1 —5.4108 7.03914 40.1051 2.41E-10 4.89E-08 DOWN
PRL 2.7778 —3.3736 39.2792 3.67E-10 6.96E-08 UP
SEMG1 3.56408 4.18769 38.7377 4.85E-10 8.81E-08 UP
HRG —5.9652 3.80736 37.9741 7.17E-10 1.29E-07 DOWN
KLRC2 1.30054 1.04129 34.6247 4.00E-09 5.86E-07 UP
SAA2 -3.3183 3.34611 34.1954 4.98E-09 7.11E-07 DOWN
DMBT1 2.09005 5.80462 34.0219 5.45E-09 7.74E-07 UP
IL17RB 1.08385 2.40642 33.9975 5.52E-09 7.80E-07 UP
FGF9 1.40722 -0.0577 33.3619 7.65E-09 1.04E-06 upP
GLP1R 1.66604 —1.0846 33.2311 8.18E-09 1.11E-06 UP
ILIRL1 —1.262 3.07036 32.1206 1.45E-08 1.85E-06 DOWN
SAAl —2.7309 441777 30.667 3.06E-08 3.58E-06 DOWN
SSTR2 1.05883 1.12259 29.3184 6.14E-08 6.65E-06 upP
KLRC3 1.13029 0.34016 28.7809 8.10E-08 8.60E-06 upP
KNG1 —5.0457 3.16261 27.9993 1.21E-07 1.25E-05 DOWN
TDGF1 —3.0484 —2.3637 27.841 1.32E-07 1.34E-05 DOWN
FGA —5.7725 7.00837 27.3696 1.68E-07 1.63E-05 DOWN
VTN —2.6408 2.36105 27.0228 2.01E-07 1.89E-05 DOWN
LEP 2.07134 0.97879 26.6754 2.41E-07 2.21E-05 UP
FCN2 —3.8681 —1.2927 25.4887 4.45E-07 3.82E-05 DOWN
INHBC —2.8824 —1.992 25.196 5.18E-07 4.40E-05 DOWN
RXRG —2.3664 -1.4136 24.6196 6.98E-07 5.65E-05 DOWN
NRG1 —1.4294 3.85232 23.9393 9.94E-07 7.79E-05 DOWN
PRLR 1.25391 3.20478 23.5388 1.22E-06 9.43E-05 UP
RXFP2 —4.867 —-0.0549 22.0335 2.68E-06 0.00018 DOWN
GDF5 -1.7395 —-1.5743 21.2493 4.03E-06 0.00025 DOWN
SERPINA3 -1.871 7.13183 21.1975 4.14E-06 0.00026 DOWN
MASP2 —4.8815 -1.1652 20.8945 4.85E-06 0.0003 DOWN
ANGPTL3 -5.3865 1.8288 20.8437 4.98E-06 0.0003 DOWN
CRLF1 —1.2931 1.51951 20.1631 7.11E-06 0.0004 DOWN
CCL16 -1.8697 —2.445 19.9142 8.10E-06 0.00045 DOWN
ADCYAP1R1 1.06672 —0.6269 19.2477 1.15E-05 0.0006 UP
DEFA5 5.28237 -2.572 18.9598 1.34E-05 0.00067 upP
APOH —6.1389 2.79076 18.8944 1.38E-05 0.00069 DOWN
CXCL9 1.12379 4.63729 18.5748 1.63E-05 0.00079 upP
GCGR -1.5663 —0.9993 18.5641 1.64E-05 0.00079 DOWN
HTR3E 1.67214 —-2.806 18.2836 1.90E-05 0.00088 upP
IL36G —1.9226 0.04119 18.2516 1.94E-05 0.0009 DOWN
IL5SRA -1.3291 -0.0271 16.9115 3.92E-05 0.00157 DOWN
MTNR1B 1.96453 —-0.1287 16.5586 4.72E-05 0.00183 UP
PLA2G2A -1.4746 6.56759 16.193 5.72E-05 0.00214 DOWN
PPBP 1.22015 1.75033 16.1397 5.88E-05 0.00219 UP
STAB2 -1.4416 2.45814 14.9072 0.00011 0.00362 DOWN
IL11 -1.0718 -0.5759 14.8993 0.00011 0.00363 DOWN
OPRD1 2.0922 —3.7315 14.7374 0.00012 0.00388 UP
NR1I2 —1.3061 —-0.7679 14.6061 0.00013 0.00408 DOWN
PCSK2 1.36054 -1.7084 14.5353 0.00014 0.00416 UP
CCL14 -1.0164 0.53176 14.4263 0.00015 0.00436 DOWN
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HNF4A —1.6919 1.32014 13.7062 0.00021 0.00583 DOWN
CGA -3.3334 1.01221 13.4856 0.00024 0.00638 DOWN
PROC —1.0469 0.93374 13.4168 0.00025 0.00656 DOWN
NOS2 1.01727 1.82741 13.1488 0.00029 0.00727 UP

ANGPT4 -1.5943 -1.3712 13.0615 0.0003 0.00751 DOWN
TRHR 2.33717 —3.8388 13.0064 0.00031 0.00766 UP

NOS1 -1.4171 —0.5483 12.8839 0.00033 0.008 DOWN
IFNG 1.0106 —1.8537 12.8652 0.00033 0.00807 UP

TMPRSS6 —1.3025 0.39655 12.7854 0.00035 0.00833 DOWN
GFAP 1.55922 —2.0394 12.4555 0.00042 0.00958 UP

CRHR1 1.67197 —3.9325 12.4378 0.00042 0.00963 UP

MC4R 1.16876 -1.6198 12.2442 0.00047 0.01036 UP

AGTR2 —2.3464 —1.3464 12.2296 0.00047 0.01041 DOWN
IL20RB -1.1126 3.46575 12.0512 0.00052 0.01111 DOWN
PRTN3 —2.4749 —3.6688 11.645 0.00064 0.01288 DOWN
SCTR —2.445 -0.92 11.6004 0.00066 0.01309 DOWN
CRHR2 —1.6053 —2.3542 11.2189 0.00081 0.01529 DOWN
LECT2 —5.8868 -2.1614 10.7966 0.00102 0.01801 DOWN
KIR3DL1 1.25468 —2.4293 10.6348 0.00111 0.01918 UP

CHGA —2.3938 1.94464 10.2617 0.00136 0.02219 DOWN
IL36A —2.0358 -3.1271 10.2502 0.00137 0.02228 DOWN
EPGN 1.09948 1.28689 10.1555 0.00144 0.02301 UP

KIR2DL3 1.14603 —2.5951 10.0633 0.00151 0.02386 UP

CCL21 -1.1071 3.14221 9.19801 0.00242 0.0337 DOWN
NPPA 2.94851 —4.0574 9.18006 0.00245 0.03389 UP

AZU1 -1.1304 —3.6622 9.02722 0.00266 0.03611 DOWN
GRP -1.1081 -1.1179 8.84953 0.00293 0.0388 DOWN
GDF2 -3.1711 —3.4948 8.11006 0.0044 0.05169 DOWN
1L20 —-1.5832 -1.4149 7.75751 0.00535 0.05892 DOWN
REG1A -2.1373 —-1.4859 7.59447 0.00585 0.06245 DOWN
TRH 1.0349 —4.1896 7.14708 0.00751 0.07464 UP

CRP —2.4574 4.84234 7.14605 0.00751 0.07466 DOWN
LEFTY1 —1.1188 —3.2202 7.10331 0.00769 0.07584 DOWN
IFNA7 —4.6106 —2.5514 6.89712 0.00863 0.08167 DOWN
SLURP1 1.05007 —2.4612 6.73495 0.00945 0.0869 UP

DEFA3 -1.6148 -2.5118 6.56553 0.0104 0.09269 DOWN
IFNA10 —4.477 -2.7021 6.3096 0.01201 0.10241 DOWN
SST —2.1199 3.65444 6.06229 0.01381 0.11247 DOWN
IFNA13 —2.2656 —4.1362 5.73674 0.01661 0.12666 DOWN
GCG —6.9615 -0.3735 5.71844 0.01679 0.12747 DOWN
GHRHR —1.6539 —1.4075 5.62295 0.01773 0.13218 DOWN
IFNA4 —4.3846 —3.2965 5.43798 0.0197 0.14048 DOWN
FGF23 —2.0547 —3.3676 5.33392 0.02091 0.14594 DOWN
CSH2 —2.3671 -3.0927 5.24551 0.022 0.15099 DOWN
NR1I3 —1.1059 -1.8725 5.20664 0.0225 0.15324 DOWN
IFNA21 —4.5568 -2.1071 5.17558 0.02291 0.15507 DOWN
CRH —1.4468 1.14366 5.0405 0.02476 0.1628 DOWN
HTR3C -1.3177 —2.9042 4,99308 0.02545 0.16588 DOWN
BMP10 -1.0623 -3.0794 4.75552 0.0292 0.18081 DOWN
KIR2DL1 1.02773 —3.2495 4.4789 0.03432 0.20078 UP

IL17A 1.14292 —2.8353 4.37489 0.03647 0.2088 UP

AMELX 1.3256 -3.9947 4.35373 0.03693 0.21063 UP

NTS -1.1096 4.24173 413124 0.0421 0.22775 DOWN
FSHR —1.0155 —3.5468 3.86795 0.04922 0.2511 DOWN
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