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Materials and methods

Data collection

Gene expression data from human CRC tissues and corresponding clinical data used in this study were retrieved

from the public Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo) database. Given the critical

role of distal metastasis in influencing patient survival, GSE131418 dataset with 332 primary and 184 metastatic
human CRC samples in Moffitt Cancer Center (MCC) (Kamal et al., 2019) was firstly downloaded to identify
differentially expressed genes (DEGs) involved in CRC metastasis. Next, using the GSE39582 (n=582) dataset
(Marisa et al., 2013) as the discovery set, the prognostic gene signature associated with chemokine signaling
pathway was screened out from the identified DEGs. Then, the prognostic performance of the gene signature was
verified in the GSE17536 (n=145) dataset (Smith et al., 2010).

Identification of differentially expressed genes

The “limma” R package was used to identify differentially expressed mRNAs between primary and metastatic CRC
samples, and the raw p-values were adjusted by the Benjamini-Hochberg false discovery rate method (Ritchie et al.,
2015). The genes were considered as DEGs if they meet the screening criteria: [log,(fold change)| >= 1 and adjusted
p-value < 0.05.

Collection of genes in the chemokine signaling pathway

KEGG (http://www.genome.jp/kegg/) is an integrated database resource for metabolic pathways and gene signaling
networks (Kanehisa and Goto, 2000). 192 genes in the chemokine signaling pathway were obtained from the
KEGG database with the entry number hsa04062.

Establishment of the chemokine signaling-based multigene signature (CSbMgSig)

To construct the CSbMgSig for survival prediction, chemokine signaling-related genes (CSRGs) that differentially
expressed between primary and metastatic CRC samples were firstly identified from the GSE131418 dataset. Since
the GSE131418 dataset lacks survival information of CRC patients, we then employed the GSE39582 dataset in
which samples with OS no more than 1 month or with incomplete clinical data were removed, to build the risk
model according to the following steps: Firstly, the univariate Cox analysis was performed using the “survival” R

package (Therneau, 2021) to screen differentially expressed CSRGs that were significantly related to OS of CRC



patients; Secondly, to further minimize over-fitting risk, the least absolute shrinkage and selection operator
(LASSO)-penalized Cox regression analysis was conducted to establish the CSbMgSig utilizing the “glmnet” R
package (Qi et al., 2021). According to the coefficient and normalized expression value of each gene constituting

the prognostic signature, the risk score of each patient was computed by the formula:

n
Risk score = z Coef, xExp, ,
i=1

Where n is the number of gene that constitutes the signature, Coef represents the regression coefficient of each
prognostic gene in the signature, Exp equals the normalized expression level of each prognostic gene in the
signature.

In addition, the constructed risk score formula was applied to the GSE17536 dataset to validate the prognostic
performance of CSbMgSig. Furthermore, to examine whether the CSbMgSig was an independent prognostic factor
for OS of patients with CRC, multivariate Cox regression analysis was carried out with the risk score and clinical

indicators as variables.
Prognostic analysis of the CSbMgSig

To assess the prognostic performance of the established CSbMgSig, the CRC patients in each dataset were stratified
into high- and low-risk groups based on the median risk score. Kaplan-Meier survival analysis and the log-rank test
were performed to determine OS differences between the two groups. p value less than 0.05 was considered
statistically significant. Besides, time-dependent ROC curve analysis was conducted to measure the predictive
power of CSbMgSig with “timeROC” (Blanche et al., 2013) and “survival” (Therneau, 2021) R packages and the

areas under the curve (AUC) was computed.

Functional enrichment analysis

Firstly, differential expression analysis was performed to screen DEGs between the high- and low- risk groups in
the GSE39582 dataset with the criteria: fold change > 1.5 or < 0.67 and adjusted p-value < 0.05. Next, the
“clusterProfiler” R package (v3.14.3) was employed to perform Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGGQG) pathway enrichment analyses of those DEGs associated with the CSbMgSig (Yu,
2018a). Then, gene set enrichment analysis (GSEA) was conducted to identify the significant enriched pathways in
the high- or low-risk group by utilizing the MSigDB gene set “h.all.v7.2.entrez.gmt” in the Molecular Signatures
Database (http://software.broadinstitute.org/gsea/msigdb/index.jsp), and the enriched GSEA pathways were
exhibited using the “enrichplot” R package (Yu, 2018Db).

Estimation of Tumor Infiltrating Immune Cells

To investigate the relationship between the chemokine signaling-based prognostic signature and immune status,
single-sample gene set enrichment analysis (ssGSEA) was conducted with the “GSVA” R package (Hanzelmann et
al., 2013) to determine infiltration scores of multiple immune cell types and immune-related functions based on the
expressed level of the immune-related marker gene reported by Liang et al/ (Liang et al., 2020). Wilcoxon test
(pvalue < 0.05) was used to assess the statistical significance between high-risk and low-risk groups. In addition,
according to the expression pattern of genes in the prognostic signature, immune score and stromal score were
calculated using the ESTIMATE algorithm (Meng et al., 2020), and the relationship between risk score and

stromal/immune score was estimated by Pearson correlation analysis (p value < 0.05).



Chemotherapeutic sensitivity analysis

The response to chemotherapeutic drugs of CRC patients was analyzed based on the Genomics of Drug Sensitivity

in Cancer (GDSC; https://www.cancerrxgene.org) (Yang et al., 2012), which is the largest public available

pharmacogenomics database. The half-maximal inhibitory concentration (IC50) was calculated by the “pRRophetic”
R package (Geeleher et al., 2014), and the Wilcoxon test (p value < 0.05) was used to assess the statistical

significance between high- and low-risk groups.
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Fig. S1 Schematic diagram of the CSbMgSig construction and characterization.

(a) The prognostic CSRGs associated with CRC metastasis were identified through univariate Cox regression
analysis. (b) The CSbMgSig for OS prediction of CRC patients was established by utilizing LASSO Cox regression
analysis. (c) Clinical association analysis and independent validation of the CSbMgSig. (d) Functional implications
of the CSbMgSig.
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Fig. S2 Identification of prognostic CSRGs in CRC patients.

(a) Prognostic CSRGs that differentially expressed between primary and metastatic CRC samples were screened
out by univariate Cox regression analysis. (b) The heatmap shows the changes in the prognostic CSRG expression

level between the primary and metastatic CRC samples in the GSE131418 dataset.
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Fig. S3 Multivariable analysis of CSbMgSig and clinical factors in the training and validation cohort.
The prognostic independence of CSbMgSig in predicting OS was evaluated in the GSE39582 and GSE17536

datasets through multivariate Cox regression analysis.
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Fig. S4 Functional implications of the prognostic CSbhMgSig in the GSE39582 dataset.

(a) Bubble diagram shows the top 20 enriched GO terms for the DEGs identified between high- and low-risk groups.
(b) Barplot shows the top 20 enriched KEGG pathways for the DEGs identified between high- and low-risk groups.
(c) and (d). Significant enriched hallmarks in the high-risk group (c) or low-risk group (d) identified by GSEA
method.
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Fig. S5 Comparison of the chemotherapeutic responses in high- and low-risk patients.
Estimated ICsy values of CRC chemotherapeutic drugs were compared for high- and low-risk patients in the
GSE39582 dataset (a) and GSE17536 dataset (b). P values were calculated by the Wilcoxon test.



