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Abstract

Understanding the complex tumor microenvironment is key to the development
of personalized therapies for the treatment of cancer including colorectal cancer
(CRC). In the past decade, significant advances in the field of immunotherapy
have changed the paradigm of cancer treatment. Despite significant improve-
ments, tumor heterogeneity and lack of appropriate classification tools for CRC
have prevented accurate risk stratification and identification of a wider patient
population that may potentially benefit from targeted therapies. To identify novel
signatures for accurate prognostication of CRC, we quantified gene expression
of 12 immune-related genes using a medium-throughput NanoString quantifi-
cation platform in 93 CRC patients. Multivariate prognostic analysis identified
a combined four-gene prognostic signature (TGFB1, PTK2, RORC, and SOCS1)
(HR: 1.76, 95% CI: 1.05-2.95, *p < 0.02). The survival trend was captured in an
independent gene expression data set: GSE17536 (177 patients; HR: 3.31, 95% CI:
1.99-5.55, *p < 0.01) and GSE14333 (226 patients; HR: 2.47, 95% CI: 1.35-4.53,
*p < 0.01). Further, gene set enrichment analysis of the TCGA data set associ-
ated higher prognostic scores with epithelial-mesenchymal transition (EMT) and
inflammatory pathways. Comparatively, a lower prognostic score was correlated
with oxidative phosphorylation and MYC and E2F targets. Analysis of immune
parameters identified infiltration of T-reg cells, CD8" T cells, M2 macrophages,
and B cells in high-risk patient groups along with upregulation of immune ex-
haustion genes. This molecular study has identified a novel prognostic gene sig-
nature with clinical utility in CRC. Therefore, along with prognostic features,

characterization of immune cell infiltrates and immunosuppression provides

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided

the original work is properly cited.

© 2022 The Authors. Cancer Medicine published by John Wiley & Sons Ltd.

Cancer Medicine. 2022;11:1573-1586.

wileyonlinelibrary.com/journal/cam4 1573


www.wileyonlinelibrary.com/journal/cam4
https://orcid.org/0000-0003-0060-6152
https://orcid.org/0000-0003-3826-9489
https://orcid.org/0000-0003-3009-7344
https://orcid.org/0000-0002-0058-2827
https://orcid.org/0000-0002-5290-9289
https://orcid.org/0000-0001-5621-3724
mailto:﻿
https://orcid.org/0000-0002-8283-2403
http://creativecommons.org/licenses/by/4.0/
mailto:rkolhe@augusta.edu

AHLUWALIA ET AL.

1574 .
—I—Wl LEY_Cancer Medicine _

medicine.

KEYWORDS

prognostic genes

1 | INTRODUCTION
Colorectal cancer is the most common digestive can-
cer with approximately 53,000 annual deaths in 2020
in the United States." Although surgery is curative for
15%-20% of eligible CRC patients, recurrence is the un-
fortunate outcome for most of this resected patients.”
Inherent molecular heterogeneity of CRC tumors lead-
ing to differential susceptibility to chemotherapy and
immunotherapy are significant barriers to reducing the
overall mortality. There is a need to identify prognostic
and predictive tools that can stratify patients based on
mortality risk and response to therapies, respectively.
Prognostic gene signatures with underlying immune
perturbations may assist in the stratification of patients
for emerging personalized therapies such as NK cell-
based therapies or a combination of chemotherapy and
immunotherapy.®

Recently, gene expression-based classification has
helped in the characterization of several cancers with
varying degrees of validation.®™® In CRC, one of the
most robust classifiers is based on consensus molecu-
lar subtypes (CMSs) but its application is limited due
to its dependence on >500 genes and the underlying
complexity of the method.’ There is a need to iden-
tify cost-effective clinical assays for the prognosis of
CRC patients.'® Recent advances in RNA-sequencing
technologies and microarray have been widely utilized
to identify prognostic gene signatures. Gene signa-
tures based on immune and lipid mediator pathways
have recently been found to be prognostic in CRC pa-
tients.''* Although several gene expression biomark-
ers have been identified, they lack clinical validation.
Thus, there is a need to identify gene signatures with
prognostic significance and associated pathway per-
turbations that can stratify patients based on survival
and assist in the application of personalized thera-
peutics. In this study, we have identified a novel four-
gene signature with prognostic and clinical utility in
CRC. The expression of 12 immune-related genes was
quantified in FFPE tissues of CRC patients and was
analyzed in the context of public data sets. Network
analysis and gene set enrichment analysis of colorec-
tal cancer patients identified significant perturbations

actionable information that should be considered while employing personalized

colon, colorectal cancer, gene signature, immune, personalized medicine, preventive,

of homeostatic functions in the high-risk group.
Deconvolution analyses revealed higher infiltration of
Neutrophils, B cells, and macrophages in high-risk pa-
tients. Further, there was higher infiltration of CD8™ T
cells but these tumors were also found to be enriched
in immune exhaustion genes.

2 | MATERIALS AND METHODS
2.1 | Design of gene panel and data
acquisition

We accessed scientific literature using PubMed to identify
12 genes with an immunological role in colorectal cancer
(Table 2). The TCGA-COAD data set was analyzed for
genetic mutation, transcriptome, and other clinical varia-
tions.”*'* The mutation data were visualized through the
“maftools” package in the R program and Gene set can-
cer analysis.'*'® For external validation, gene microarray
data and corresponding clinical information of verify-
ing cohorts GSE17536 and GSE14333 were downloaded
from the GEO database (https://www.ncbi.nlm. nih.gov/
geO/).16_18

2.2 | Patient samples

The study included 250 FFPE blocks of colorectal cancer
patients with the protocol approved by the Institutional
Review Board (IRB-HAC # 611298) from the Medical
College of Georgia at Augusta University. As there were
multiple blocks of each patient, only blocks with high-
tumor content as assessed by a pathologist were included
in this study. The samples with incomplete documenta-
tion, lack of tumor tissue in blocks, failure of RNA iso-
lation, or degradation of RNA were excluded from this
study.

2.3 | RNA isolation from FFPE blocks

Five micrometers thick, parallel sections were generated
from FFPE tissues. H&E staining was performed using
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a standard protocol and was examined for tumor-rich
regions (>50% tumor) by a board-certified pathologist
(RK). Macrodissection was performed to isolate RNA
from selected regions. Total RNA was isolated through
miRNEasy FFPE kit (Qiagen) using a standard proto-
col. The RNA was further quantified using a Nanodrop
spectrophotometer (NanoDrop ND-1000, NanoDrop
Technologies).

2.4 | Quantification of mRNA using
NanoString platform

The quantification of mRNA molecules was performed
using a digital quantification instrument (NanoString
Technologies Inc.). nCounter PlexSet technology is a
digital quantification system, which identifies and quan-
tifies specific RNA molecules using a target-specific oli-
gonucleotide probe pair. The design and construction of
probes were performed by NanoString and Integrated
DNA Technologies, Inc. (IDT). The target sequences,
Probe A, and Probe B sequences are present in Table S1.
PlexSet consists of a unique fluorescently coded bar-
code linked to reporter tags and a biotinylated univer-
sal capture tag. The specificity of the signal is achieved
through a unique barcoded signature. The fluorescence
by reporter tags is processed during subsequent data
capture and analysis. The universal capture tag anchors
specific RNA molecules to the streptavidin-coated lane
on the nCounter instrument."® The data collection was
performed on the nCounter Digital Analyzer (DA). The
field of view (FOV) setting for DA was set at 280, as pre-
viously noted.*® A total of 300 ng of total RNA was used
as an input for this analysis. The raw gene expression
counts were further processed and normalized using
nCounter software.

2.5 | Identification of prognostic
gene signature

Univariate and multivariate Cox proportional hazard
models were used to analyze clinicopathological vari-
ables. For every patient, the prognostic score was cal-
culated by multiplying the expression value of a gene
with its corresponding Cox proportion regression coeffi-
cient (prognostic score = X Cox regression coefficient of
Gene; X expression value of gene Gene;). Patients were
stratified into low- and high-risk groups according to the
median risk score, and survival was assessed using the
Kaplan-Meier method and the log-rank test. The hazard
ratios (HRs) and log-rank p values were based on overall
survival (OS). The combined prognostic gene signature
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was validated in two independent data sets GSE17536
(n =177) and GSE14333 (n = 226).

2.6 | Identification of differentially
expressed pathways

DEseq?2 package in R was utilized to identify differentially
expressed genes (DEGs) (http://bioconductor.org/packa
ges/release/bioc/html/DESeq2.html) between high-risk
and low-risk patients in the TCGA data set. The results
were graphed as a volcano plot using the “enhancedvol-
cano” package (http://bioconductor.org/packages/Enhan
cedVolcano.html). The Cytoscape software (http://www.
cytoscape.org/) was used for the construction and visuali-
zation of the pathway hubs.*

2.7 | Gene set enrichment analysis

GSEA software downloaded from the Broad Institute
(http://www.broadinstitute.org/gsea) was utilized to iden-
tify gene set variations in two risk groups. In this analy-
sis, the top 25 and bottom 25 patients were compared to
identify the most significantly perturbed pathways in the
TCGA data set. The genes were preranked based on fold-
change calculated using the DESeq2 algorithm in R and
the target gene set was “H: hallmark gene sets” with the
number of permutations set at 1000. Enrichment statistic
was set to “weighted” and “Signal2Noise” metric was used
for ranking genes.

2.8 | Immune cell infiltration and
exhaustion analysis

In this study, the immune cell infiltration landscape
of high- and low-risk patients was analyzed using
QuantiSeq's computational pipeline.”> The z scores of
exhaustion genes were downloaded for TCGA-COAD
cBioportal.'?

2.9 | Statistical analysis

The normalization of raw NanoString data was per-
formed using the nCounter software (NanoString
Technologies Inc.). Briefly, the geometric mean of the
negative and positive control was used to normalize the
expression across all samples. Further normalization
was performed using six internal control genes (ABCFI,
GUSB, HPRTI1, LDHA, POLRIB, and RPLO). Hierarchal
clustering of correlation between immune cells and risk
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groups was generated using Ward's methods. Kaplan-
Meier analysis and a log-rank test was used to compare
the survival distribution using the GEPIA portal (TCGA
data set) and JMP-Pro for internal and GEO data sets.
During the initial screening, the prognostic gene pairs
were iteratively tested for prognostic significance, and
H.R and p values were derived from the GEPIA por-
tal. Cell plots were generated using JMP-Pro. In GSEA
analysis, the normalized gene enrichment score with >2
value was considered strong. All the statistical analy-
ses were performed using R (version 4.0, R Foundation
for Statistical Computing, Vienna, Austria) (http://
www.R-project.org/), JMP-Pro (version 15.0.0, SAS
Institute), and GraphPad Prism (version 9, GraphPad
Software). p values with <0.05 were considered statisti-
cally significant.

3 | RESULTS

3.1 | Clinical features of CRC patients

The clinicopathological features of the CRC patients in-
cluded in this study are summarized in Table 1. The
clinical variable included age, stage, grade, sex, vital sta-
tus, metastasis, and chemotherapy. There were several
socioeconomic parameters such as ethnicity, alcohol
consumption, tobacco consumption, and history of can-
cer. Clinically, in this data set, most of the patients were
>68 years of age (n = 65, 69.8%), stage III + IV (n = 48,
51.6%), and grade I + II (n = 61, 65.5%), and only a subset
of patients received chemotherapy (n = 31, 33%). Among
environmental variables, most patients did not smoke
(n =59, 63.4%) or drink alcohol (n = 72, 78.2%).

3.2 | Development and assessment of
immune gene panel

The genes included in this study were identified from the
literature and are known to play a role in the tumor mi-
croenvironment (TME) (Table 2). To further characterize
their location in the cells of TME, the compartmental dis-
tribution of genes was performed using the “genecards”
web portal. The distribution of three genes TGFBI, PTK2,
and BCL2L1 showed distribution in >3 compartments
(Table 2). At the clinical level, the genomic analysis iden-
tified the highest gene mutations in PTK2 and STAT1I
with 25% and 24% of TCGA-COAD patients (Figure 1A).
Further, in comparison with other major cancers, the
gene set showed a higher mutation frequency (Figure 1B).
Copy Number Variation analysis identified the highest
heterozygous amplification in PTK2 and BCL2L genes

TABLE 1 Clinicopathological characteristics of CRC patients

Total = 93

Clinicopathological features patients
Age >68 years 65 69.89%
<68 years 28 30.10%
Stage I+1I 45 48.30%
I + IV 48 51.60%
Grade I+1I 61 65.50%
1T 32 34.40%
Sex Female 53 56.98%
Male 40 43.01%
Vital status Alive 33 35.43%
Dead 60 64.51%
Metastasis Metastasis 37 40.21%
No metastasis 55 59.78%
Ethnicity African American 42 46.66%
Caucasian 48 53.33%
Alcohol Alcohol used 20 21.73%
consumption No alcohol use 72 78.26%
Tobacco None 59 63.44%
consumption Smoked 34 36.55%
Cancer history History of cancer 38 47.50%
No history of cancer 42 52.50%
Chemotherapy Chemotherapy 31 33.33%

administered

No chemotherapy 62 66.66%

(Figure 1C). To further characterize the interaction of
these genes, protein network analysis was performed. It
identified close interactions between the genes included
in this panel with major pathways related to cancer, cell
surface receptor signaling, and immune system processes
(Figure 1D). To further characterize the distribution of
these genes in cancer, its expression was compared with
the normal tissue using PCA (Figure 1E). The variance
pattern resulted in a distinct separation of COAD tumors
from normal tissue.

3.3 | Survival analysis

The survival analysis was performed to identify genes
with good and bad prognoses in CRC patients. Iterative
screening of gene combinations was performed to iden-
tify significant genes (Tables S2 and S3). The combined
two-gene signature (TGFBI and PTK?2) correlated with
poor prognosis as its expression was found to be asso-
ciated with poor overall survival in both internal and
TCGA data sets (Figure 2A,B). Further, the combined
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Confidence value

Gene EntrezID (cell compartment) Role in tumorigenesis

TGFBI (transforming growth factor beta 1) 7040 5(PM, ECM, N, GA) TGFBI plays a critical role in later stages of
cancer invasion and metastasis as it promotes
features such as EMT*

PTK2 (protein tyrosine kinase 2) 5747 5(PM, CS, N, CY) Elevated levels of PTK2 were found to be
associated with cancer progression or
metastasis’*

RORC (RAR-related orphan receptor C) 6097 5(N) Th17 expression of RORC plays a dual role in
tumorigenesis®

SOCS1 (suppressor of cytokine signaling 1) 8651 5(CS,N) The expression of SOCSI was found to decrease
with advanced stages and grade®

BCL2L1 (BCL2-like 1) 598 5(CS, M, N, CY) The expression of BCL2L1 is higher in colorectal
tumors compared to normal®’

CASP3 (Caspase 3) 836 5(N, CY) Cleaved caspase-3 has been associated with
aggressive cancer®®

CCL17 (C-C motif chemokine ligand 17) 6361 5(E) CCL17 leads to the migration of human cancer
cells®

IDO1 (indoleamine 2,3-dioxygenase 1) 6059 5(CY) IDO1 expression promotes cancer cell survival
and proliferation®

IDO2 (indoleamine 2,3-dioxygenase 2) 169355 4(CY) IDO2 plays a role in progression of cancer®’

IFNAL1 (interferon alpha 1) 3439 5(E) Interferon therapy perturbs metastasis of
colorectal cancer™

IFNG (interferon gamma) 3458 5(E) Interferon gamma deficiency leads to colorectal
cancer progression*?

STATI (signal transducer and activator of 6772 5(N, CY) STAT1I can act as a potential biomarker for early

transcription 1)

stage colon cancer®*

Note: The cell compartment confidence value ranged from 0 (absence of any evidence) to 5 (highest confidence). The cellular localization of these genes was

incorporated from Genecards (https://www.genecards.org/).

Abbreviations: CS, cytoskeleton; CY, cytosol; E, extracellular; ECM, extracellular matrix; GA, golgi apparatus; M, mitochondria; N, nucleus; PM, plasma

membrane.

gene signature of RORC and SOCS1 showed a good prog-
nosis in the internal and TCGA data set (Figure 2C,D).
To further evaluate the prognostic distribution, a Cox
proportional model was developed to identify the prog-
nostic value of the combined four-gene signature. In a
univariate analysis of the internal data set, the high-
risk group was associated with worse survival (HR:
1.76, 95% CI: 1.05-2.95, *p < 0.02) (Table 3). Other
significant variables included higher age (HR: 1.8, 95%
CI: 0.98-2.95, *p < 0.02) and higher grade (HR: 2.09,
95% CI: 1.25-3.50, *p < 0.02). The multivariate model
based on an internal data set maintained significance
in the classification of high-risk patients (HR: 1.74, 95%
CI: 1.02-2.98, *p < 0.04) (Table 3). Further, hazard as-
sessment of the independent gene expression data set
validated the prognostic distribution of the four-gene
signature. GSE17536 (177 patients; HR: 3.31, 95% CI:
1.99-5.55, *p < 0.01) and GSE14333 (226 patients, HR:
2.47, 95% CI: 1.35-4.53, *p < 0.01) captured a similar
trend of prognostication (Table 4). In the internal data

set, k-mean clustering identified two clusters of patients
with a higher four-gene signature expression, showing
worse survival (Figure 3A,B). The KM analysis based on
the median-cutoff of prognostic score classified patients
with mortality risk with significance in internal and ex-
ternal data sets (Figure 3C-E).

3.4 | Differential expression of genes

Differential expression analyses between high- and low-
risk patient’ groups were performed using DEseq2 analy-
sis (Table S4). Among 20,501 protein-coding genes, 561
genes were upregulated >2-fold in high-risk patients com-
pared with the lower-risk group. In the low-risk group,
a total of 93 genes were upregulated >2-fold compared
with the high-risk group. A volcano plot of differentially
expressed genes between high-risk and low-risk patients
is depicted in Figure 4A. The enriched gene ontology
terms in the low-risk group included pathways such as
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FIGURE 1 Mutation profiling of immune gene panel in TCGA-COAD. (A) Waterfall plot showing the landscape of mutations in COAD
samples. The tumor mutation burden is depicted as a bar plot above the legend. Different colors depict specific mutation types. (B) SNV
(single nucleotide variation) percentage heatmap depicting higher frequency in COAD data set, (C) comparative pie-plot summary of CNV
percentage in major cancer, (D) network analysis of immune genes (E) PCA analysis of 12 genes in normal versus tumor tissue of TCGA-

COAD CRC samples
FIGURE 2 Survival analysis. (A) (A) TGFB1 and PTK2 (©) RORCand SOCS1
The combined prognostic score of TGFBI 1.0 - 1.0
and PTK2 in the internal data set and - l:?\: 2!5 e
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TABLE 3 Univariate and multivariate Cox proportional hazard analysis of the internal data set
Univariate Multivariate
p
Variable Hazard ratio 95% CI pvalue  Hazard ratio 95% CI value
Combined four-gene signature (high, low) 1.76 1.05-2.95 0.02° 1.74 1.02-2.98 0.04*
Age (>68 years, <68 years) 1.8 0.98-3.30 0.05 L7722 0.90-3.26 0.09
Stage (I + II, IIT + IV) 0.86 0.51-1.44 0.51 1.12 0.62-2.00 0.7
Sex (male, female) 1 0.60-1.68 0.97 1.06 0.63-1.78 0.82
Chemotherapy (yes, no) 0.94 0.54-1.62 0.83 1.05 0.30-1.10 0.09
Grade (I + II, I1I) 2.09 1.25-3.50 0.004"
Metastasis (metastasis, no metastasis) 0.82 0.48-1.41 0.48
Ethnicity (African American, Caucasian) 1.42 0.85-2.37 0.17
Alcohol consumption (yes, no) 1.12 0.61-2.08 0.71
Tobacco consumption (yes, no) 0.79 0.46-1.34 0.38
Cancer history (yes, no) 0.59 0.33-1.05 0.07

*p <0.05

translation, RNA processing, translation, and mitochon-
drial translocation (Figure 4B). The enriched pathways in
the high-risk group were immune-related pathways such
as T cell migration, complement and defense response,

and acute-phase response pathways (Figure 4C). Further,
GSEA identified inflammatory gene expression and EMT
pathways compared with MYC and E2F target genes en-
richment (Figure 4D).
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TABLE 4 Validation of prognostic scores in independent GEO data set
GSE 17536 GSE 14333
Hazard Hazard P
Variable ratio 95% CI p value ratio 95% CI value
Combined four-gene signature (high, low) 3.31 1.99-5.55 0.01° 2.47 1.35-4.53 0.01°
Age (>50 years, <50 years) 0.77 0.36-1.61 0.49 0.68 0.33-1.41 0.33
Sex (male, female) 1.1 0.69-1.75 0.67 0.9 0.62-1.92 0.73
Chemotherapy (yes, no) 1.89 1.08-3.29 0.02"
Stage (III + IV, I + 1I) 422 2.3-7.46 0.01"
Grade (IIL, II + I) 2.19 1.25-3.82 0.01"
Ethnicity (African American, Caucasian) 2.26 0.97-5.25 0.05"
*p <0.05
A) L, .. (B) 10 FI GURE 3 Combl.ne.d four-gene
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3.5 | Gene set enrichment analysis

To analyze gene perturbation in two risk clusters, GSEA
results were analyzed through normalized enrichment
scores (NESs). The HALLMARK pathways with the

highest NES in the high-risk group were allograft rejec-
tion (NES = 2.07, FDR < 0.001), epithelial-mesenchymal
transition (NES = 2.03, FDR < 0.001), and inflamma-
tory response (NES = 2.01, FDR < 0.001) (Figure 5A-C).
Interestingly, patients in the low-risk category showed
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FIGURE 4 (A) Volcano plot
depicting differential expression of genes
in high-risk and low-risk CRC patients in
TCGA data set. (B) GO term enrichment
in the low-risk group. (C) GO term
enrichment in the high-risk group and (D)
differential enrichment of hallmarks in
cancer in two risk groups
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enrichment in MYC targets (NES = —3.05, FDR < 0.001),
E2F targets (NES = —2.78, FDR < 0.001), and oxidative
phosphorylation (NES = —2.75, FDR < 0.001) (Figure 5D-
F). Cell plot analysis captured the variation of gene expres-
sion in the two risk groups (Figure 5G).

3.6 | Infiltration of immune cells and
exhaustion analysis

To analyze the distribution of immune cells in these two
risk groups, the Quantiseq algorithm was utilized. Patients
at high risk showed an abundance of B cells, CD8" T cells,
and T-reg cells (Figure 6A). Among macrophages, M2
macrophages showed a significant association with the
high-risk group (Figure 6B). To further evaluate the im-
munosuppressive microenvironment, the expression of 10
immune gene exhaustion genes was quantified in both the
high-risk and low-risk groups. These genes were mostly
involved in the negative regulation of T cells (Figure 6C).
Interestingly, patients in the high-risk group showed

30 25 20/15 10\1s 20

Normalized Enrichment Score (NES)

10 05 00 05

= FDR q-value —@— Nominal p-value

higher expression (higher z-score) of all the immune ex-
haustion genes (Figure 6D).

4 | DISCUSSION

CRC is a complex disease with a heterogeneous tumor
microenvironment that plays a critical role in disease
progression.”> The advancements in transcriptomics
have led to the identification of several gene expression-
based classification methods for colorectal cancer.’*™*
Recently, an inflammatory gene module of 14 genes has
been identified as prognostic biomarkers for colorectal
cancer.* Despite several advances, there is limited pro-
gress in the validation and characterization of biologi-
cal networks in high-risk populations. In this study, we
have identified a four-gene prognostic signature (TGFBI,
PTK2,RORC, and SOCS1) using FFPE tissue and assessed
its distribution in public data sets. TGFBI is a ligand se-
creted by several cells in the tumor microenvironment
and plays a critical role in lung carcinoma.*! Its activity
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depicting differential expression of genes in key pathways

affects cell proliferation, differentiation, metastasis, cell
adhesion, and resistance to drugs.“z’43 Further, TGFB
expression in the tumor microenvironment fuels trans-
formation of normal fibroblasts into cancer-associated
fibroblasts (CAFs) in CRC.* Also, the TGFB pathway is
a key player in EMT, tumor invasion, metastasis to the
liver, and angiogenesis.*’ In a recent study, the TGFB-
activating-like gene phenotype showed worse survival
compared with the TGFB-inactivating-like signature.*
In a recent study on the serum of CRC patients, TGFB1
levels were found to be higher in untreated patients com-
pared with patients under chemotherapeutic treatment.
In this study, TGFBI signaling was found to be critical
for metastasis and stromal cell independence.*® A second
gene, protein tyrosine kinase 2 (PTK2) is a member of the
nonreceptor tyrosine kinase and regulates cell prolifera-
tion, migration, and invasion.*” Higher PTK2 expression
is associated with cancer progression, metastasis, and
poor overall survival.*® In a network analysis of different
genes, PTK2 was identified as an inflammation-related

gene signature in CRC.*’ Further, PTK2 activation con-
fers adaptive resistance to chemotherapy in CRC.* The
third gene in our set, RORC is a member of the nuclear
orphan receptor family and is involved in cell growth,
metastasis, and resistance to chemotherapy in various
tumors. In bladder cancer, higher RORC expression led
to suppression of cell growth, glucose metabolism, and
negatively regulated growth of PD-L1.°° Further, it has
been shown that the tissue microenvironment plays
a critical role in tumor-suppressive effects of immune
cells.” SOCS1 negatively regulates JAK-STAT signaling
pathways and is involved in the inhibition of inflamma-
tion. In an earlier study, SOCS1 was identified as a tumor
suppressor in certain colorectal cancer patients.’ SOCS1
has also been shown to have a role in tumor progression
in CRC.” It has been previously reported that SOCS1-
based suppression of Src activity led to downregulation
of the EMT pathway.>* Thus, the function of SOCS1 can
be either tumor-suppressive or oncogenic and is depend-
ent on tissue milieu.>
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In this study, network analysis identified significant
upregulation of immune-related and EMT pathways in
high-risk patients. EMT progression has been shown to
play a central role in tumor initiation and metastasis of
CRC.”® In low-risk CRC patients, cancer progression was
found to depend upon oxidative phosphorylation and
MYC and E2F targets. In CRC tumors, OXPHOS has been
shown to promote tumor progression, metastasis, and re-
sistance to drugs.”’ Further, our study identified higher
infiltration of T-regulatory cells and M2 macrophages in
the high-risk group. Previous analysis in CRC patients has
associated infiltration of T-regulatory cells and M2 macro-
phages with poor prognosis.”® Additionally, we identified
higher infiltration of B cells, CD8+ T cells, and immune
exhaustion genes in high-risk patients. Several studies
have documented the upregulation of immune exhaus-
tion in CRC tumors.**®

In a recent study on metastatic CRC mouse model,
TGFB blockade led to susceptibility to anti-PD1-PD-L1
therapy.®" Although anti-TGFB has shown improved
efficacy in PD-1/PD-L1, its clinical assessment re-
mains under study.62 Similarly, to counter the effects
of PTK2 overexpression, PTK2 inhibitors are being ex-
plored in several clinical trials.®®% On the other hand,
RORC was included in an immune panel that can act
as a predictive biomarker for determining the efficacy
of anti-PD-1 treatment in NSCLC patients.65 In this
study, we have correlated gene expression of inflam-
matory, EMT pathways, and immune exhaustion genes
with high-risk patients that can provide insights for
stratification of patients for personalized therapies.
This strategy can also improve the efficacy of current
treatment strategies and can lead to better outcomes
for CRC patients.
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