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Abstract
Background: Despite recent advance in immune therapy, great heterogeneity exists in colorectal cancer
(CRC) patients’ outcome. In this study, we aimed to analyze the Immune-related gene (IRG) expression
pro�les from two independent public databases and develop an effective signature to forecast patients’
prognosis.

Method: IRGs were collected from The Cancer Genome Atlas (TCGA) database to identify a prognostic
genes signature, which was veri�ed in Gene Expression Omnibus (GEO) database. Gene function
enrichment and immune cell in�ltration analyses were conducted. A prognostic nomogram was built
incorporating the IRG signature with clinical risk factors.

Results: The training and test datasets had 487 and 579 patients, respectively. A prognostic six-gene-
signature (CCL22, LIMK1, MAPKAPK3, FLOT1, GPRC5B and IL20RB) was developed through feature
selection, and yielded incredible differentiation between low and high-risk group in the training set (P <
0.001), which was con�rmed in the test group (P < 0.001). The signature outperformed tumor staging
regarding survival prediction. Go and KEGG functional annotation analysis suggested the signature were
signi�cantly enriched in metabolic process and regulation of immunity (P<0.05). When combined with
clinical risk factors, the model showed robust prediction capability.

Conclusion: The immune-related six-gene signature is a reliable prognostic indicator for CRC patients and
could bring insight for personalized cancer management.

Introduction
Colorectal cancer (CRC) is the third most common malignant tumor across the globe and ranks the
second in tumor-related death 1. In China, CRC is in the third place of annual incidence and is the �fth
leading cause of death among cancer 2. For operable disease, resection offers the best shot of long-term
survival and potential cure 3. While for inoperable patients, chemotherapy (mostly 5-�uorouracil or
oxaliplatin based) and target therapy (epidermal growth factor receptor or vascular endothelial growth
factor-targeted) have been the standard of care 4. However, despite recent advancements in chemo-
regiments and clinical managements, the overall survival of CRC remains unsatisfying: the �ve-year
overall survival is merely over a half 5. More discerningly, there lays great heterogeneity in individuals not
only regarding tumor development but also in the response to uniformed treatment: in those receiving
surgeries, while some could enjoy disease-free survival, many suffered from tumor recurrence 6. Same is
seen during non-surgical managements where tumors reactions vary stunningly: less than 60% of
patients had objective treatment response 7, and adverse tumor response remains a strong predictor for
unfavorable survival 8. Thus, identifying reliable biomarkers for prediction of tumor behavior and
outcome will bene�t personalized modi�cation in clinical managements.
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Recently, immune checkpoint blockade therapies which provide revolutionary treatments in multiple solid
tumors (melanoma, non-small cell lung cancer, head-and-neck squamous cancer, colorectal cancer etc.),
has brought the community’s scope to tumor-related immunology 9, 10. It’s being increasingly recognized
that immune condition plays a decisive role in the genesis and progressiveness of malignant tumors. The
host’s immune dysfunction signi�cantly impairs body’s anti-tumor surveillance, along with ill-transformed
cells’ immune-avoiding mechanism acquired from the accumulation of gene mutation, is a vital step
towards tumor development 11-13. The most wildly recognized prognostic biomarkers for immune therapy
were programmed death ligand (PD-1), tumor mutation burden (TMB) and microsatellite instability/
mismatch repair de�ciency (dMMR) 14. However, throughout research, these solitary biomarkers only
showed moderate strati�cation e�cacy 15-18, more so in CRC 19, and a universal immune-related gene
(IRG) panel as prognostic signature in CRC has not been scored

Within the decade, several limited-scale studies have made attempts developing predictive gene signature
to stratify high-risk population with high-throughput technology 20-22. However, most suffer from over-
�tting due to insu�cient sample pool, and an external validation is hardly presented. Besides, difference
among high-throughput protocols often leads to inconsistency in expression values among studies,
making it challenging for comprehensive meta-data analysis. From this perspective, the large-scale
publicly available genomic databases provide su�cient among of samples, comparable gene expression
at probe level and solid follow-up information, and thus were recognized as ideal platforms for gene-
signature construction and validation.

In this study, we intended to identify and validate an IRG signature to stratify signi�cantly ill-survival CRC
patients in two independent public databases. The signature was then incorporated with clinical risk
factors to provide robust prediction e�cacy regarding long-term survival.

Material And Method
The schematic of this study is in Fig 1.

[insert Figure 1 here]

Gene expression data acquisition of CRC patients

Two sets of colorectal cancer patients with complete survival information including survival status and
survival time were retrospectively enrolled from the publicly-available The Cancer Genome Atlas (TCGA,
http://cancergenome.nih.gov/; https://xenabrowser.net/datapages/) and Gene Expression Omnibus (GEO,
GSE30219) data pool as training and external validation set, respectively. Clinical variables and gene
expression level were comprehensively extracted for further procedures. To exclude low-quality data,
cases with undetermined survival information and missing genes expression values in > 20% samples
were removed.

Selection of immune-related genes

http://cancergenome.nih.gov/
https://xenabrowser.net/datapages/


Page 4/24

To �lter genes that actively participate in immune activity, a third comprehensive data set of immune
genes was acquired from the the Immunology Database and Analysis Portal database (ImmPort,
https://immport.niaid.nih.gov). After cross-reference with ImmPort database, a pack of 2112 IRGs was
identi�ed in the two above-mentioned sets. Duplicates, genes showing no expression value and that
expressed in less than 70 presents in all samples were subsequently removed. As a result, a panel of
1684 IRGs was identi�ed for survival analysis (Supplemental Table S1).

Development of prognostic gene models in training set

Univariate COX regression was performed for each gene regarding survival status to screen out
prognostic immune-related genes. For those showing statistical signi�cance (p<0.05) in COX regression,
random survival forest algorithm (RSFVH) was adopted for dimensional reduction. Further, the risk score
of the prognostic models were determined as follows

Risk Score =∑N
i=1(Expressioni *coe�cienti)

where N is the number of gene, Expression is the gene expression value and coe�cient is the gene
coe�cient value in Cox regression analysis, while the median risk score was utilized to group the patients
as Low-Risk and High-Risk population.

To rule out over-�tting, we constructed full-scale combinations of genes yielded in RSFVH. Time-
dependent Receiver operating characteristic (time-ROC) analysis was used to test performance. The C-
index, which, by value, equals to area under curve (AUC), was used to evaluate the concordance between
prediction model and reality. The combination with the highest C-index was designated as the optimal
prediction model, which was subsequently veri�ed for performance in internal and external veri�cation
(GEO database).

Function analysis of included IRGs

Interpretation of tiled IRGs was fuzzy, and could not unveil the nature of the discovery. The co-expressing
genes (CEGs) of the selected IRGs was then screened out using online library. The correlation factor was
0.6, as was consistent in other literature. To explore the high dimensional links among included IRGs,
gene enrichment test, namely gene ontology (GO) analysis and KEGG analysis were executed using their
co-expressing genes. Using GO method, the functions of IRGs in cellular component (CC), molecular
function (MF) and biological process (BP) were systematically analyzed. The underlying overlap among
IRG-related pathways was veri�ed by KEGG analysis. Then, we used protein-protein interaction (PPI)
network to discover the role of IRGs on a protein level. In addition, we conducted digital cytometry of
tumor in�ltrating immune cells (TIIC) between high and low-risk group with CIBERSORT 23

(http://cibersort.stanford.edu/), an web tool that analysis 22 subsets of leukocytes representation in bulk
tumor.

Construction and assessment of a novel nomogram incorporating IRGs and clinical factors

https://immport.niaid.nih.gov/
http://cibersort.stanford.edu/
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Via univariate and multivariate COX regression, independent clinical risk factors (p < 0.05) were
incorporated with the IRG panel. Based on these, a comprehensive prediction nomogram was formulated.
Subsequently, we used time-ROC test at different time-points to test its performance in the training and
validation group. Also, the nomogram’s prediction bias was evaluated via internal and external
calibration.

Statistical analysis

The statistical analysis was performed with R Software (version 3.6.2, www.r-project.org) while packages
of pROC, TimeROC, randomForestSRC and survival were utilized. Data distribution was validated by
Kolmogorov-Smirnov test. Continuous variables’ statistical signi�cance between the training and
validation set was measured by student’s t-test. While Pearson’s Chi square or rank-sum test was
performed for layered variables. Kaplan–Meier analysis was used to assess the high-and-low-risk groups.
Z-test was adopted for statistical difference between ROC curves. Function prediction of prognostic
genes was analyzed by Clugo, which is a Cytoscape plug-in to perform GO and KEGG analysis. TIIC
analysis was performed via CIBERSORT as previously described.

Results
Identifying the prognostic signature in the training set

Following the aforementioned inclusion criteria, a total of 487 and 579 patients with CRC was enrolled as
the training (TCGA) and validation (GEO) set, respectively. The clinical characteristics was presented in
Table 1. The median age of training set was 68 years. At the time of enrollment, most patients were alive
(77.8% in the training and 66.6% in the validation set), the median surveillance time was 699 and 1582
days in the training and validation wing, respectively. Most patients don’t have lymph node involvement
(stage I to II). Most patients have tumor in�ltration to the subserosa and serosa level (80.5% and 85.6%,
respectively).

[insert Table 1 here]

After cross-comparing with ImmPort database, 2112 immune-related gene were selected. Then, repeated,
not or inconsistently expressed genes were excluded, leaving 1684 genes as candidates. For each gene,
univariate COX regression was performed and 143 suggested signi�cant protective or risk effect (Fig 2a &
Table S1). Via RSFVH, nine immune-related genes stood out as independent prognostic predictors (Fig
2b).

Next, to explore the best predictive signature and to preclude over-�tting, we formed a penal of full-size
combinations of these nine genes (29-1=511 combinations, Table S2). Using the risk formula previous
discussed, 511 possible predictive signatures were calculated. Each signature’s performance was veri�ed
via time-ROC curve. The AUC value of each combination was rated. A combination of the following gene
CCL22, LIMK1, MAPKAPK3, FLOT1, GPRC5B, IL20RB was screened out with the highest prediction

http://www.r-project.org/
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precision (AUC = 0.746, Fig 2c and d). Their hazard ratio (HR) and p value is listed in Table 2. Thus, the
designated risk model was: Risk score = (-0.421× expression value of CCL22) + (0.402 × expression value
of LIMK1) + (-0.465× expression value of MAPKAPK3) + (0.599× expression value of FLOT1) +(0.613× 
expression value of GPRC5B) +(0.596× expression value of IL20RB).

[insert Figure 2 here]

[insert Table 2 here]

The validation of performance in predicting overall survival

Using the algorithm, a risk score was calculated for individuals. Kaplan-Meier (KM) test was performed to
verify survival difference between high (n=243) and low risk (n=244) population divided by median risk-
score-value, the method was consistent with other studies24, 25. As is demonstrated in Fig 3a, signi�cant
longevity was observed in low-risk patients in training wing (p<0.001). The median survival time was 8.46
years for low-risk patients versus 4.12 years in high-risk population. To explore this in another
independent population, the same methodology was then adopted in the external validation set with
relatively larger sample pool (Fig 3b). Again, the model showed signi�cant differentiation capability
(p<0.001).

When the training and validation array were sorted by risk score, clusters in gene expression level and
survival information could be observed in Figure 3c and d, respectively. Indeed, genes with adverse
prognostic effect, namely LIMK1, FLOT1, GPRC5B and IL20RB, showed consistent elevation in expression
in high-risk population.

[insert Figure 3 here]

The relationship between the signature and clinical characteristics

We further explored the potential relationship between gene signature and clinical characteristics in TCGA
and GEO database (Table 3). Neither patients’ age (strati�ed by 68 years) nor gender showed co-relation
with gene signature via Pearson’s Chi square. Rather, tumors’ TNM staging was signi�cantly advanced in
high-risk population (p<0.001). In univariate COX regression, old age (> 68), more advanced tumor stage
(stage III and IV) and immune-related gene signature revealed statistical signi�cance and was con�rmed
as independent adverse predictor via the following multivariate COX regression. In both training and
validation pool, the gene signature suggested great predictive potential regarding patients’ clinical
outcome. (High- vs. Low-risk, HR training =4.56 95% CI 2.81-7.40, P < 0.001, n=192; HR test = 4.53, 95% CI
2.79–7.34, P < 0.001, n=193, Table 4).

[insert Table 3 here]

[insert Table 4 here]
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Comparison of predictive performance with other clinical variables

The model’s performance was competed against tumor TNM staging in predicting clinical outcome. To
this end, time-ROC curves in the training and validation database were constructed to compare both
models (Fig S1). In the training set (Fig S1a), the C-index was 0.746 (95CI: 0.695-0.796). While in the test
set (Fig S1b), the C-index was 0.622 (95CI: 0.574-0.670). Tumor staging, which is most used for clinical
prognosis expectancy, was borrowed as contrast. As was indicated in Supplement Fig S1, in both wings,
the six-gene signature yielded superior accuracy against traditional staging.

Exploring the high-dimensional functions of IRGs

To bring new perspective into the biological importance of the obtained IRG panel, we conducted GO
analyses based on A total of 355 relative CEGs which were selected using online library. Via GO analyses
(Fig 4a), the CEGs were most signi�cantly involved in metabolic process and immune regulations (GO
terms, such as multiple cellular components biogenesis and processing, leukocyte cell-cell adhesion,
regulation of T cell proliferation and interleukin). The �ndings were later mirrored in KEGG analysis, where
the CEGs were actively related to “Primary immunode�ciency”. We then explored the CEGs on the level of
proteins using PPI analysis (Fig 4b) for potential treatment targets. From the major continent of the
network, we could tell that a good number of proteins (like UBA52, NHP2 and FBL) played as junctions
(hubs).

[insert Figure 4 here]

Additionally, we conducted leukocyte subsets analysis using CIBERSORT. The patients were sorted by the
risk-value and the detailed proportion of twenty-two immune cell in each patient was achieved. The map
of subsets is in Supplement Fig S2 and the statistical signi�cance of TIIC in the two groups were given in
Supplement table 3. Unfortunately, no signi�cantly variated TIIC subset was discovered. 

Development of a predictive gene-clinical nomogram for clinical outcome

To facilitate comprehensive outcome prediction, the six-gene prediction model was combined with
clinical independent risk factors, namely tumor stage and age, and transformed into a predictive
nomogram (Fig 5a) to provide a straightforward estimation of survival at 1,3,5-year. For instance, an old-
aged (> 68 years) advanced-staged (stage III to IV) patient with a gene-signature value of four would have
a total risk score of roughly 60, and the odds of survival would be 80, 55 and 35 percent. Via time-ROC
(Fig 5b), the AUC value in the training group at 1,3 and 5 years were 0.822 (95CI: 0.761-0.883), 0.835
(95CI: 0.775-0.895) and 0.798 (95CI: 0.715-0.881), respectively. The nomogram was tested for
performance in the GRO database, which yielded overall comparable precision: the AUC at 1,3 and 5 years
were 0.707 (95CI: 0.622-0.792), 0.692 (95CI: 0.641-0.744) and 0.681 (95CI: 0.628-0.733) (Fig 5c),
respectively. It could be judged from the nomogram that the six-gene signature was the most prominent
factor affecting patients’ survival and the performance was consistent over various time points.
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To access how this nomogram mimics real situation, calibration curves using 1000-time bootstrap test
were plotted. As is shown in Fig 5d, in the training data set, the nomogram presents excellent calibration.
What’s more, in the external calibration (Fig 5e), the calibration curve showed minor wobble, but still in the
near proximity of the 45-degree-dashed line. These suggested that our nomogram close mimics real-life
situation, and via calibration in two different large-scale databases, the nomogram showed great utility.

[insert Figure 5 here]

Discussion
Resent advancements in immune checkpoint blockade therapy warrants further understanding in
immune gene variation, and there are imminent needs for robust prognostic biomarkers to guide selective
management strategy. In this study, we used two independent, large-scale international genome
databases for the exploration and validation of a prognostic IRG panel. Through dimension-reduction of
acquired IRG data and ruling out over-�tting, which is often the case in other researches, we developed a
full-scale recombination of the nine �gures and the most accurate six-gene prediction signature was
achieved. The signature alone showed improved prognostic performance comparing to tumor stage (C-
index 0.746 and 0.622, against 0.704 and 0.609 with tumor stage in the training and validation group).
When the IRG signature was incorporated with independent clinical risk factors, the model unleashed
outstanding performance. Calibration curve also showed good agreement among model prediction and
reality in the training set. Compared to traditional clinical risk scoring, incorporating our IRG signature
with clinical risk factors would bene�t prognostic prediction. For those anticipated to have signi�cantly ill
survival, a more close-up surveillance strategy should be made to spot early onset of tumor recurrence
after resection or tumor progression during non-surgical intervention. Also, surgeons would be more
informed when making treatment decision.

There were a few freshly published studies using IRGs signature to predict prognosis in CRC patients
within the past 3 years. However, not all was conducted in a reasonable sample size and only moderate
performance were achieved. Zuo et al. 26 developed a 6-gene signature model forecasting patients’
prognosis without an external validation. In their study, the gene selection was based on multivariate
regression and no re-combination was performed to rule out over�tting. Indeed, the AUC was only 0.711
and 0.683 for the 3-year and 5-year survival, and inconsistency was seen in subgroup analysis. Bai et al.
27 also reported a 14-IRG panel using TCGA cohort in the absence of external validation. Besides, they
conducted GO and KEGG analysis not with CEG of the selected IRG but instead with the CEG of the whole
676 IRGs. From this perspective, the accuracy of the analysis could be biased. Our proposed link between
IRG signature and disease characteristics were further con�rmed by Wang et al. earlier this year 28.
Regretfully, none of these studies incorporated IRG signature with clinical risk factors for outcome
prediction so their clinical utilities were largely limited.

The included genes for signature were: CCL22, LIMK1, MAPKAPK3, FLOT1, GPRC5B, IL20RB. Through
literature research, CCL22 was identi�ed as up-stream regulator of PI3K/AKT pathway. Secreted by M2
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macrophages, CCL22 regulates CRC cells’ epithelial-mesenchymal transition (EMT), and promotes
tumor’s resistance to chemotherapy 29, 30. FLOT1 also induces EMT and alters cell cycle by modulating
Erk/Akt signaling axis 31. Besides, the prognostic value of IL20RB was actively discussed in multiple
tumors including glaucoma, anal cancer and lung adenocarcinoma 32-34. Moreover, MAPKAPK3 is a
member of stress-responsive kinase that induces autophagy in terms of stress (in�ammation, infection
and starvation)and thus determining cell fate35, 36. 

However, linearly discussion of the selected gene is plane and could not represent the high-dimensional
connections and interactions among them. We introduced 355 CEGs of the enrolled IRGs and conducted
comprehensive interpretation of these genes on the scale of cellular functions, pathway enrichments and
protein-protein interaction network. Beside metabolic functions, we discovered that these genes were
excessively involved in immune regulations. Immune cell adhesion, lymphocyte proliferation regulation
and interleukin regulation were the most enriched function of CEGs. Cell-cell adhesion, mediated by
adhesion molecules, is a classic foundation of intercellular signal transduction37. These adhesion
molecules including receptors of the immunoglobulin superfamily and integrins regulate a variety of
immune cell functions including immune cell migration into tumor microenvironment, immune function
activation and the formation of immune cell-immune cell or immune cell-target cell synapse and thus is a
hallmark in cancer progression 38-40. Interleukin (IL) was secreted by a wide range of immune, cancerous
or endocrine cells, belong to a sophisticated superfamily that’s closely associated with immune cell
proliferation, hemostasis regulation, up-or-down regulation of cell activity and expansions during
cancerous and in�ammation situations 41-43. IL-2 was reported to trigger synergetic cancer-speci�c
immune reaction at high dose 44, while IL-10 known as the tolerogenic cytokine which inhibit pro-
in�ammatory cytokine production and suppress the stimulation of T cells 45, 46. On the other hand, as
part of self-regulating mechanism, immune cells (eg. B cell and CD8+ T cells) actively regulate
interleukins during the intercell crosstalk, thus achieving modulation of remote immune cells 43. Via KEGG
analysis, the most enriched pathway lead to immunode�ciency, which indeed is the center of cancer
genesis and development. Additional PPI analysis was performed to investigate the genes on a proteinic
level. Using PPI network, it could be interpreted that hubs like UBA52 and NHP2 serve as critical regulators
of CRC development, and thus could be potential targets for cancer therapy. Previous reports have
suggested that UBA52 can modulate ubiquitin and 60S ribosomal protein L40 (RPL40), which regulates
p53 expression, thus promoting CRC genesis 47. The cancer genesis effect of UBA52 was also discussed
in non-small-cell lung cancer where UBA52 boosts cell cycle progression and proliferation 48. On the other
hand, NHP2 was a cofactor located on the telomeres at the end of the chromosomes which in turn
regulate cell aging 49. The malfunction of NHP2, thus, was closely linked to pathological aging and
predisposition of cancer 49, 50. Besides, �brillarin (FBL) is a key in�uencer of ribosome’s biogenesis and
subsequently induces inherent or acquired chemo-resistance 51. These �ndings provide insight for
potential targets in the revolutionary era of immune therapy. However, further works are warranted to
convey these prognostic in�uencers into feasible treatment markers. Regretfully, we failed to identify
signi�cantly varied TIIC subsets using CIBERSORT. As a virtual analyzing tool, CIBERSORT gives TIIC
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proportions based on gene sequencing data 23, 52 and could potentially be affected by sequencing
protocols.

Our study also had several limitations, �rst, the gene levels in different cohorts were not measured via
universal sequencing protocols, which could lead to inconsistency, and the minor drift of calibration
regarding validation group, to some end, might answer for the slightly decrease in C-index in test group.
It’s important to recognize that microarray protocols among databases was not consistent and that
different ethnic and geographical variation could result in reasonable inter-cohort bias. Secondly, contrast
to the volume of gene data, the clinical information in these databases were largely limited, it’s best to
combine the gene signature with more comprehensive clinical factors for optimal prognostic prediction.

Conclusion
Taken together, we developed a predictive IRG panel that can legitimately forecast CRC patients’ outcome,
the gene signature was more robust when incorporated with clinical risk factors. Our model could
potentially bene�t individualized clinical management for CRC patients. For instance, a shorter check-up
interval should be considered for patients with adverse survival as timely medical intervention would be
ideal regarding tumor progression or recurrence.
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Table 1 Clinical characteristics of the CRC patients.

Characteristic Training (n=487) Test (n=578)

Age    

≤ 68 243 311

> 68 244 267

Gender    

Female 229 260

Male 258 919

Survival status    

Living 379 385

Dead 108 194

Pathological M    

Unknown 63 22

M0 355 496

M1 69 61

Pathological N    

Unknown 20 26

N0 291 311

N1 111 136

N2 85 100

N3 0 6

Pathological T    

Unknown 1 23

T0 0 1

T1 11 12

T2 83 48

T3 334 376

T4 58 119

Tumor stage    
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Unknown 12 0

Stage 0 0 4

Stage I 80 37

Stage II 193 269

Stage III 133 209

Stage IV 69 60

Abbreviation: CRC, Colorectal Cancer

 

Table 2. Survival analysis of the IRG in the prognostic signature

SYMBOL Ensemble ID HR right left COX P

CCL22 ENSG00000102962 0.66 0.50 0.87 0.001***

LIMK1 ENSG00000106683 1.50 1.05 2.13 0.03*

MAPKAPK3 ENSG00000114738 0.63 0.44 0.90 0.01**

FLOT1 ENSG00000137312 1.82 1.19 2.79 0.01**

GPRC5B ENSG00000167191 1.85 1.35 2.52 0.001***

IL20RB ENSG00000174564 1.82 1.35 2.43 0.001***

Abbreviation: IRG, Immune-related gene HR, Hazard ratio

 * P < 0.05  ** P < 0.01  *** P < 0.001
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Table 3. Association of the IRG signature with clinical characteristics in CRC patients

Variables Training group  P Test group  P

Low risk   High risk * Low risk High risk

Age (years)     0.30     0.46

≤ 68 115 128   150 161  

> 68 128 116   138 129  

Gender     0.06     0.96

Female 125 104   129 131  

Male 118 140   160 159  

Tumour stage     0.001***     0.001***

Stage 0 3 9   85 124  

Stage I 60 20   3 1  

Stage II 112 81   27 10  

Stage III 55 78   152 117  

Stage IV 13 56   22 38  

Pathologic T     0.001***     0.001***

Unknown   1   5 18  

T0       1 0  

T1 9 2   7 5  

T2 59 24   31 17  

T3 157 177   198 178  

T4 18 40   47 72  

Pathologic N     0.001***     0.001***

Unknown       7 25  

N0 177 114   184 127  

N1 48 63   62 74  

N2 18 67   36 64  

Pathologic M     0.001***     0.001***

Unknown 26 37   3 19  
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M0 204 151   263 233  

M1 13 56   23 38  

Abbreviation: IRG, Immune-related gene CRC, Colorectal Cancer

* P < 0.05  ** P < 0.01  *** P < 0.001

 

Table 4. Cox regression analysis of the IRG signature with survival

    Univariable analysis Multivariable analysis

Variables   HR 95% CI of HR P HR 95% CI of HR P

  lower upper lower upper

 The Training group

Age >68 vs.≤68 1.59 1.08 2.34 0.02* 1.78 1.20 2.64 0.001***

Gender Male vs.
Female

1.15 0.79 1.69 0.47 0.91 0.61 1.34 0.62

Tumor
stage

III, IV Vs. I, II 1.04 1.01 1.06
0.001***

1.03 1.00 1.05 0.02*

Signature High risk
vs. Low risk

4.49 2.79 7.23
0.001***

4.56 2.81 7.40
0.001****

 The Test group

Age >68 vs.≤68 1.89 1.42 2.51
0.001***

1.03 1.01 1.04 0.001***

Gender Male vs.
Female

1.31 0.98 1.74 0.07 0.88 0.60 1.30 0.53

Tumor
stage

III, IV Vs.I, II 1.94 1.59 2.36
0.001***

1.02 1.00 1.05 0.03*

Signature High risk
vs. Low risk

1.70 1.27 2.26
0.001***

4.53 2.79 7.34 0.001***

Abbreviation: IRG, Immune-related gene HR, Hazard ratio

* P < 0.05  ** P < 0.01  *** P < 0.001

Figures
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Figure 1

The schematic of this study (Abbreviation: TCGA, The Cancer Genome Atlas; GEO, Gene Expression
Omnibus; IRG, Immune-related gene RSFVH, random survival forest algorithm; GO, gene ontology; PPI,
protein-protein interaction.)
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Figure 2

Identi�cation of a six-IRG panel for prognosis prediction (1a: Univariate COX regression of 1684 IRGs
regarding patients’ survival. IRGs with statistical signi�cance (n=143) was marked blue if it’s a protective
factor or red as risk factor. 1b: RSFVH was used to select highly survival-correlated IRGs. And nine genes
were enrolled. 1c: Full-scale recombination of the nine IRGs was conducted to rule out over�tting
(combinations, n=511). The six-gene panel with an AUC of 0.746 was selected as the optimal prediction
panel. 1d: The ROC curve of the designated IRG panel.)
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Figure 3

Survival analysis and IRG expression information (2a and 2b: In the training and validation set, Kaplan-
Meier (KM) test was performed to verify survival between high and low risk population. The p value was
less than 0.001 in both groups. 2c and 2d: Clusters in gene expression level and survival information in
training and validation group, respectively. Genes with adverse prognostic effect, namely LIMK1, FLOT1,
GPRC5B and IL20RB, showed consistent elevation in expression in high-risk population.)
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Figure 4

Gene function analysis and proteomic interaction network using co-expressing genes (3a: GO analysis of
the CEGs consists cellular component (CC), molecular function (MF) and biological process (BP). 3b:
Protein-protein interaction network using the CEGs. Large-sized hubs in the inner circle represent great
importance in the network.)
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Figure 5

Nomogram incorporating clinical factors and IRG signature (4a: A predictive nomogram was constructed
using clinical risk factors and the designated IRG panel. The probability of 1, 3 and 5-year survival could
be calculated. 4b and 4c: Time-ROC curves of the nomogram in the training and validation group. The
AUC values were consistent at different time points. 4d and 4e: Calibration curves were plotted to reveal
concordance between prediction and reality. In both training and validation set, the model showed good
calibration.)
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