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Abstract

Colorectal cancer (CRC) is a highly prevalent cancer worldwide, but treatment outcomes can vary significantly among
patients with similar clinical or historical stages. This study aimed to investigate the differences in immune cell abundance
associated with malignant progression in CRC patients. We utilized data from patients with CRC obtained from The Cancer
Genome Atlas as our training set. To assess immune cell infiltration levels, an immune cell risk score (ICRS) was calculated.
Furthermore, we performed network analysis to identify effective T cell-related genes (ETRGs) and subsequently constructed
an effective T cell prognostic index (ETPI). The performance of the ETPI was evaluated through external validation using
four Gene Expression Omnibus datasets. Additionally, a nomogram analysis and drug sensitivity analysis were conducted
to explore the clinical utility of the ETRGs. We also examined the expression of ETRGs in clinical samples. Based on the
ICRS, we identified activated CD4+and CD8+ T cells as protective factors in terms of prognosis. Six ETRGs were identi-
fied to develop the ETPI, which exhibited remarkable prognostic performance. In the external validation of immunotherapy,
the low ETPI group demonstrated a significantly lower recurrence rate. To optimize therapeutic strategies, we developed a
nomogram. Notably, patients with different ETPI values exhibited varying responses to tumor pathway inhibitors. Finally,
we observed higher protein expression of certain ETRGs in normal tissues compared to tumors. Our findings suggest that
the ETPI may contribute to the precise selection of patients based on tumor microenvironment and key genomic landscape
interactions, thereby optimizing drug benefits and informing clinical strategies in future.
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Introduction

Colorectal cancer (CRC) is the third most common type
of malignant tumor in both men and women, with an esti-
mated 1.9 million new cases expected in 2023 [1]. CRC is
the second leading cause of cancer-related deaths world-
wide [2]. As a heterogeneous disease, CRC is marked by
numerous molecular alterations that disrupt various signal-
ing pathways, contributing to its malignancy, invasiveness,
and progression [3]. Clinically, tumor staging as defined by
the American Joint Committee on Cancer (AJCC) remains
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the standard guideline for risk stratification in individual
patients. However, it is worth noting that many patients
with similar clinical and historical stages may exhibit sig-
nificantly different prognoses. This discrepancy may be
attributed to the fact that the current guideline does not take
into account the molecular biologic characteristics of the
tumors [4-7].

The tumor microenvironment (TME) is a complex net-
work of cells and biomolecules that play a crucial role in the
initiation, progression, and metastasis of tumors. In addition
to tumor cells, the TME includes a variety of infiltrating cell
types, such as fibroblasts, immune cells, inflammatory cells,
interstitial cells, microvessels, and biomolecules. Among
these cell types, immune cells are particularly important as
they participate in the tumor immune response and regu-
late tumor growth and metastasis by modulating the TME
at the cellular level. CD4+4and CD8+ T cells are two com-
mon types of immune cells that infiltrate tumors and are
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considered important anti-tumor cells with different densi-
ties observed in solid tumors.

Many cancer types, including both primary and meta-
static forms, exhibit short disease-free survival (DFS) and
overall survival associated with low infiltration of CD8+T
cells, CD3+T cells, and CD45RO+ memory T cells. This
pattern is observed in CRC, squamous cell carcinomas
(SCCs), and other adenocarcinomas [8, 9]. However, it
is important to consider that tumor progression in these
cancers may be influenced by a higher density of CD8+T
cells, which could contribute to advanced malignancy [10].
CD4+T cells, encompassing a broad range of functions and
categories, such as T helper 1 (Th1) cells, T helper 2 (Th2)
cells, T helper 17 (Th17) cells, regulatory T (Treg) cells,
and T follicular helper (TFH) cells, have variable prognostic
values. These cells interact with secreted cytokines, proin-
flammatory cytokines, and TME. The increased presence
of tumor-infiltrating lymphocytes has been associated with
favorable treatment outcomes, regardless of other notable
clinicopathological factors, such as stretches of DNA micro-
satellite instability (MSI) [11]. MSI, one of the three dis-
tinct pathways in genomic instability in CRC, is a result of
a defect in the DNA mismatch repair (MMR) system [12].
Additionally, deficient DNA mismatch repair (AIMMR) acti-
vates an anti-tumor immune response in TME.

Therefore, the abundance of CD4+ T and CD8+T cells
indicates patients’ prognosis throughout CRC development.
Anti-cancer immune factors cannot effectively treat the so-
called “cold” tumors that lack infiltration of CD4+ and
CD8+T cells, leading to resistance to immune checkpoint
blockade (ICB) monotherapy, neoadjuvant chemotherapy,
and worse clinical outcomes [13]. Although there are many
studies related to CD44 and CD8+T cells in other catego-
ries of cancers, from the point of bioinformatics, few stud-
ies on the clinical application and cellular gene interactions
in the field of colorectal neoplasms have been conducted.
Hence, transitioning from the conventional approach to diag-
nosing and treating CRC, there is an urgent need to lever-
age genomics and cell-level analyses to uncover key genes
involved in the interaction between CD4+and CD8+T cells.
Developing a prediction model that integrates the molecular
characteristics of these lymphocytes aligns with the current
trajectory of clinical advancement.

In this study, our objective was to utilize multiple gene
expression datasets to analyze variations in immune cell
abundance associated with the malignant progression in
patients with CRC. Additionally, we developed a person-
alized risk stratification index and investigated its clinical
value in prognostic estimation, with a specific focus on
differences in infiltrated lymphocyte populations and key
genes. Furthermore, a comparative study involving immu-
nohistochemistry (IHC) was conducted to detect these key
genes. This study has the potential to aid in the identification
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of specific CRC patients, optimizing treatment plans, and
improving outcomes.

Materials and Methods

Publicly Available Gene Expression and Clinical Data
Collection and Processing

In total, bulk-RNA sequencing data in count and fragments
per kilobase million (FPKM) forms of 554 patients with
CRC were accessed from The cancer genome atlas (TCGA)
(https://portal.gdc.cancer.gov/) for the construction of
immune cell risk score (ICRS) and selection of effective T
cell-related genes (ETRGs), which were used to generate
effective T cell prognostic index (ETPI), as a training set.
Clinical data encompassing completely cured survival infor-
mation of 728 patients from the TCGA Colon and Rectal
Cancer cohort (COADREAD) were downloaded from the
UCSC Xena database (https://xenabrowser.net/datapages/).
The FPKM value was transformed into transcripts per mil-
lion (TPM) for subsequent analysis. Progression-free inter-
val event (PFI) and PFI time were used to assess patients
with cancer progression or death in TCGA.

A total of 414 patients with CRC, who had progression-
free interval (PFI) times exceeding 30 days, were included
in the screening process for pre-processing. For validation
of the individualized index of risk stratification (ETPI), we
selected GSE14333 and GSE38832 datasets from the gene
expression omnibus (GEO) (https://www.ncbi.nlm.nih.gov/
geo/), which provided disease-free survival (DFS) informa-
tion for 226 and 92 patients with CRC, respectively. Fur-
thermore, we utilized GSE39582 dataset, which included
recurrence-free survival (RFS) information for 519 patients,
to evaluate the performance of the signature in predicting
recurrence. GSE78220 was further collected for the evalu-
ation of immunotherapy benefits and included 10 partial
responders (PR), 4 complete responders (CR) to pembroli-
zumab, and 13 patients with progressive melanoma.

Construction and Validation of the ICRS

Single-sample gene set enrichment analysis (ssGSEA) for
infiltration assessment of 28 types of tumor-infiltrating
immune cells was performed, and the cells for PFI predic-
tion were screened via ssGSEA followed by least absolute
shrinkage and selection operator (LASSO) analysis. LASSO
is a linear regression method based on L1 regularization. L.1
regularization significantly increases the stability of mod-
eling and achieves the purpose of selecting the most char-
acteristic cell types. To remove the multicollinearity effect
of immune cells that contribute little to the prognosis, it is
required to establish ICRS to evaluate the comprehensive
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immune cell status in patients with CRC. The ICRS was
further developed based on 10 types of immune cells, and
the most accurate prognostic value after processing the gene
set variation analysis (GSVA) algorithm was obtained via
the expression profile of specific immunological marker
genes [14]. The corresponding coefficients were identified
by multivariate Cox analysis using the following formula:
ICRS =) Coef X x;, where Coef is the mean of the risk
coefficient and x; is the richness of immune cells indicating
prognosis in CRC.

We established divided groupings based on high and low
scores using the optimal cut-off value of ICRS. This cut-off
value was determined using the receiver operating charac-
teristic curve (ROC) method in the ggrisk package from R
software (version 4.1.1). We selected the cut-off point that
showed a significant difference between the two groups.
Subsequently, K-M analysis revealed survival curves across
the CRC cohort. A composite heatmap was generated by
integrating the single-sample gene set enrichment analysis
(ssGSEA) scores of 10 types of cells and clinical charac-
teristic parameters of individual subgroups based on ICRS.

After classification using the overall immune status of
individuals based on ICRS, the abundance of 28 types of
immune cells in the high- and low-score groups was cal-
culated using the ssGSEA algorithm. To compare the dif-
ferences in the immune atlas landscape between the two
groups, an unpaired ¢ test was conducted to compare the
proportions. We analyzed the infiltration of 28 types of
immune cells between the high-score and low-score groups
and found that only activated CD4+and CD8+T cells were
more abundant in the low-score group. This suggests that
these two cell types may act as protective factors in the prog-
nosis of the disease. Further explorations of the infiltration
differences between groups with these two immune cells
were performed.

Identification of Hub Genes Related
to the Abundance of Activated CD4+and CD8+T
Cells

Patients from the CRC cohort were collected based on their
ssGSEA score and divided into two groups. One group
exhibited high infiltration of both activated CD4+ and
CDS8+T cells, while the other group showed a low abun-
dance of both types of lymphocytes.

The DESeq R package in R software (4.1.1) was used to
compare the genomic expression profiles and detect differ-
entially expressed genes (DEGs) between the two groups.
Then, to minimize the potential biologic function insight, the
DEGs between groups were separated by ssGSEA analysis.
Gene ontology (GO) enrichment and Kyoto encyclopedia
of genes and genomes (KEGG) analyses were used to cal-
culate the top enrichment categories in biologic behaviors

depending on the P value. The DEGs that met the screening
parameters, including a log2 fold change (llogFCl) greater
than 0.585 and a false discovery rate (FDR) below 0.05,
were subjected to the weighted gene co-expression network
analysis (WGCNA) procedure. The soft threshold p was set
to 3, which provided a power value for the development of
the co-expression network. Next, the gene expression data
were transformed into a topological overlap matrix (TOM).
A dynamic shearing module was used to identify the results
of gene clustering. Subsequently, a hierarchical cluster-
ing dendrogram was generated based on module eigen-
gene (ME) calculation and correlations between MEs and
sSGSEA scores of the two cell types. An integrated heat map
was built to identify the most favorable MEs.

Search Tool for the Retrieval of Interacting Genes/Pro-
teins (STRING, https://string-db.org/) was used to establish
a protein—protein interaction (PPI) network to determine
the relationships among genes from MEs. The hub genes
and key modules were depicted in Cytoscape (version 3.5.1;
http://www.cytoscape.org). Subsequently, a degree cut-off
(top 10% ranked) was applied, and Cytohubba, a plugin of
Cytoscape software, was utilized to identify hub genes asso-
ciated with the abundance of activated CD44and CD8+T
cells. The genes identified in the PPI network underwent fur-
ther analysis using ClueGO, a plugin within Cytoscape, with
kappa statistics applied to GO terms, KEGG, and REAC-
TOME categories.

Consensus Development and Evaluation of ETPI

The glmnet R package was utilized to conduct LASSO
regression analysis on hub genes, aiming to identify the
ETRGs for evaluating the infiltration of activated CD4+ and
CD8+T cells in CRC. Subsequently, ETPI was defined using
the following formula: ETPI = Y Geneexpression X Coef
where gene expression: expression value of the ETRGs and
Coef: risk coefficients of abundance of activated CD4+ and
CD8+T cells in CRC.

The patients were classified into high- and low-score
groups after processing the optimal cut-off value based on
the maximum Youden index in survminer R package when
conducting the K—-M and ROC curve analyses to evaluate
the validity of ETPI. A heatmap depicting the differential
expression among ETRGs was integrated with the clinical
parameters in the CRC cohort.

To assess the independent prognostic significance of
ETPI, univariate and multivariate Cox regression analyses
were conducted. Stromal and immune scores in the CRC
cohort were normalized and calculated using the ESTI-
MATE algorithm. Subsequently, a boxplot was utilized
to illustrate the distribution trend of stromal and immune
scores in the high and low ETPI groups. The maftools R
package was employed to analyze differences between the
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high and low ETPI groups using waterfall charts to depict
somatic mutation distribution. Somatic mutation analysis
was conducted to calculate the tumor mutational burden
(TMB) for each patient. The relationship between the index
and TMB was assessed through Pearson correlation analysis.

External Validation of ETPI

To verify the rationality and stability of ETPI, three GEO
datasets (GSE14333, GSE38832, and GSE39582) were
selected as external verification cohorts, including the gene
expression matrices of 226 patients with CRC with DFS
and gene expression levels of 92 patients with CRC and 519
patients with CRC with RFS, respectively. The same for-
mula was applied to generate the ETPI for validation. The
K—-M analysis was employed to demonstrate the correlation
between ETPI and both DFS and RFS statuses of patients in
the GEO external validation cohorts.

Subsequently, we investigated the potential importance of
ETPI in immunotherapy. We chose GSE7822027 to examine
the objective response rate (ORR) of patients with advanced
melanoma who underwent pembrolizumab treatment. The
dataset included 10 patients who exhibited a partial response
(PR) and four patients who achieved a complete response
(CR). To analyze this data, we employed Fisher’s precision
probability test.

Construction and Validation of a Nomogram
for Patients with CRC

To fully leverage the interaction between our signature and
clinical indicators, we assessed MSI status through univari-
ate and multivariate Cox regression analyses, alongside clin-
ical parameters and ETPI, as independent prognostic factors.
Following the establishment of the nomogram, accuracy was
evaluated using calibration curve plots. Subsequently, deci-
sion curve analysis (DCA) was conducted to ascertain the
clinical benefit in medical practice.

Immune Checkpoint and Drug Sensitivity Analysis

Immune checkpoint analysis was performed by comparing
the high and low ETPI groups from the TCGA CRC cohort.
The drug analysis datasets were accessed from the genom-
ics of drug sensitivity in cancer (GDSC) (https://www.
cancerrxgene.org/) and CellMiner (http://discover.nci.nih.
gov/cellminer/) databases to explore the drug sensitivity of
ETRGs in patients with CRC via Oncopredict R package.
Subsequently, the potential relationship between the expres-
sion profile of ETRGs and drug sensitivity was determined
using the Pearson correlation test.
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Validation of the Protein Expression Levels
of the ETRGs

The protein expression levels of the ETRGs in both CRC
and normal tissues were verified, subsequently. The data of
immunohistochemistry (IHC) analysis were obtained from
the Human Protein Atlas database (HPA database, https://
www.proteinatlas.com). The HPA database provides IHC
results and contains data on proteomics-based analysis of
tumor and normal tissues.

Statistical Analysis

In total, data analyses and plotting were performed using
R software (4.1.1). Cox regression and K-M analyses were
conducted using the survival R package. Pearson’s correla-
tion coefficient was used to assess the correlation between
the two types of continuous variables. Continuous variables
were compared using the Wilcoxon rank-sum test or t test.
The optimal cut-off value was formulated using the sur-
vminer package. The time-dependent area under the ROC
curve (AUC) for survival variables was calculated using
the timeROC package. All statistical tests were two-sided.
P <0.05 indicates a statistically significant difference.

Results
Construction and Validation of the ICRS

Based on the ssGSEA and LASSO regression analysis
(Fig. 1A, B) of the abundance of 28 types of infiltrating
immune cells, ICRS was constructed according to 10 cell
types with the following formula: infiltration status of acti-
vated CD4+T cell X (— 1.13039891) + infiltration status of
activated CD8+T cell X (— 0.76299930) + infiltration status
of activated dendritic cells X (— 0.15277958) + infiltration
status of central memory CD8+ T cell X 2.46604479 + infil-
tration status of eosinophil X 0.08038523 + infiltration status
of gamma delta T cell X (— 3.03445654) + infiltration status
of immature dendritic cells X 2.66387634 + infiltration status
of mast cells X 0.68973920 + infiltration status of plasma-
cytoid dendritic cells X 0.90481339 + infiltration status of
typel T helper cells X2.17922932. The clinical information,
PFI, and the abundance of 16 types of immune cells in each
patient from the high- and low-score groups, determined by
an optimal cut-off value, are illustrated in Supplementary
Fig. 2.

In addition, K-M analysis revealed an unfavorable PFI
in the high-score group (Fig. 1C). The results illustrated
the dismal infiltration of activated CD4+ and CD8+ T
cells in the high-score group compared with the low-score
group in the training set. ROC analysis was performed to
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assess the efficiency of ICRS with the area under receiver
operating characteristic curves (AUCs) for 1-, 3-, and
5 year PFI time prediction, which were 0.62, 0.69, and
0.73, respectively (Fig. 1D). Based on the training cohort,
univariate and multivariate Cox regression analyses were
performed to identify whether ICRS was an independent
prognostic factor for CRC (P <0.05) (Fig. 1E, F). The
forest plot derived from univariate and multivariate Cox
regression analyses demonstrated that the hazard ratio
(HR) of the ICRS was greater than 1, with a P value less
than 0.05. This finding indicates that ICRS is an inde-
pendent factor with negative impacts on the survival and
prognosis of patients with CRC.

The heatmap displaying clinical parameters and infiltra-
tion abundance of selected immune cells revealed that only
activated CD4+and CD8+ T cells had lower infiltration
levels in the high-score group, which experienced a shorter
PFI time. The abundance of other immune cells increased
in correlation with poor prognosis and advanced cancer
stages (Fig. 1G). Furthermore, to depict the tumor immune
microenvironment between high- and low-score groups,
a boxplot was used to display the difference in the abun-
dance of 28 types of immune cells, which showed that the
density of 18 immune cells was significantly different in
the distribution of immunological proportion (Fig. 2A). In
addition, among the 18 types of immune cells mentioned
above, only the activated CD4+ and CD8+ T cells pre-
sented more infiltrating conditions in the low-score group.
These results imply that activated CD4+ and CD8+ T cells
might play important roles in the prediction of disappoint-
ing tumor progression in CRC.

Combined Analysis of Activated CD4+and CD8+T
Cell Infiltration in Prognostic Assessment

Patients from the training set were screened using the
ssGSEA scores related to the abundance of activated
CD4+and CD8+T cells. To further explore the significance
of these two types of T cells in immune infiltration, we used
the optimal cut-off value to classify patients into high- and
low-infiltrating divisions based on the ssSGSEA score of acti-
vated CD4+ and CD8+T cells, respectively. K—M analyses
showed that samples with low tumor-infiltrating activated
CD4+T cells and those with low tumor-infiltrating acti-
vated CD8+ T cells had poor prognoses (see Supplementary
Fig. 1A-D). Thus, we performed a combined survival anal-
ysis by integrating these subgroups (both high-infiltrating
activated CD4+ and CD8+ T cells and both low-infiltrating
activated CD4+ and CD8+ T cells), revealing that the dif-
ferences between the integrated groups appeared to be more
remarkable (Fig. 2B).

Identification of Hub Genes Related
to the Abundance of Activated CD4+and CD8+T
Cells

To further investigate the two groups with the most signifi-
cant survival differences identified in the combined prognos-
tic analysis, we identified 2107 DEGs by comparing the gene
expression profiles (Supplementary Fig. 3A). We then con-
ducted WGCNA to identify gene modules most relevant to
the ssGSEA score of activated CD4+and CD8+T cells. The
genes were clustered into 10 modules labeled with different
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colors, as depicted in Supplementary Fig. 3B. The yellow
module exhibited the highest correlation between MEs and
the corresponding modules, indicating a strong potential for
developing candidate hub genes associated with the ssGSEA
score of activated CD4+ and CD8+ T cells (Supplementary
Fig. 3B).

To explore the core functions of candidate hub genes, a
degree algorithm was used to screen hub genes. A total of
553 genes within the yellow module were utilized to create
a PPI network. This network, composed of 405 nodes and
2738 edges, was constructed using the STRING database
and subsequently visualized using Cytoscape software. The
CytoHubba plugin in Cytoscape was used to sort the previ-
ous MEs in descending order according to the degree algo-
rithm score, screened by the top 10% to identify the hub
genes. In total, 41 hub genes were selected based on the PPI
network analysis, showing interactions with each other in
the network (Fig. 3A).

Biological Functional Enrichment Analyses

The count data of DEGs between the group with a high
abundance of activated CD4+and CD8+T cells and the
group with low infiltration of these cell types was analyzed
using GO enrichment and KEGG pathway analyses to elu-
cidate their potential functions and biologic characteristics
(Supplementary Fig. 3C-F).

KEGG pathway analysis identified significantly abundant
pathways, including cytokine-cytokine receptor interaction,
Th17 cell differentiation, and Th1l and Th2 cell differen-
tiation (Supplementary Fig. 3C, D). The GO enrichment
analysis revealed elevated expression in biological process
(BP) terms related to the response of IFN-y, cytokine-medi-
ated signaling pathway, and regulation of T cell activation.
In terms of cellular component (CC), enrichments were
observed in terminologies associated with the plasma mem-
brane and MHC class II protein complexes. Molecular func-
tion (MF) analysis highlighted enriched activities related to
immune receptors, receptor ligands, and signaling receptor
activation (Supplementary Fig. 3E, F). The differences in
the biologic functions mentioned above have the potential
to inform the development of intervention therapies target-
ing low abundance of activated CD4+and CD8+T cells,
potentially reducing PFI time.

In addition, employing the STRING database platform,
we assessed the enrichment of 405 nodes from PPI analysis.
The results indicated that the selected genes were primar-
ily enriched in functions associated with immune receptor
activity, MHC protein binding, cytokine receptor activity,
and other fundamental biologic functions relevant to the
behaviors of tumor-infiltrating T cells. To functionally deci-
pher the top 10% of genes, ClueGO was used for functional
enrichment analysis. The analysis indicated that “regulation

of T cell activation” (55.36%) was the most dominant, with
significantly enriched GO terms, followed by “leukocyte
mediated cytotoxicity” (14.3%) (Fig. 3B). The predominant
KEGG categories were “Th17 cell differentiation” (42.9%)
and “Graft-versus-host disease” (39.3%). In the REAC-
TOME pathway terms, “Costimulation by CD28 family”
and “Phosphorylation of SLP-76 by p-SYK” were the top
enriched pathways, with 57.9% and 19.7%, respectively
(Fig. 3C, D).

Development and Evaluation of ETPI

The 41 hub genes associated with the immune abundance
of activated CD4+and CD8+T cells in CRC under-
went LASSO regression analysis to construct the ETPI
(Fig. 4A, B). Finally, six effective ETRGs were identi-
fied, including FOXP3, IL15, PDCDI, MX1, CASPI, and
IDO1. The formula for the prognostic risk assessment of
ETPI was defined as follows: ETPI=(— 0.10605548) x Exp
(FOXP3) + (- 0.11924243) x Exp
(ILI15) + (0.061298204) x Exp
(PDCD1) + (0.00430608) x Exp
(MX1) + (- 0.01306998) x Exp
(CASPI1)+0.001462837 x Exp (IDO1I), where “Exp” rep-
resents the expression profile of the individual of ETRGs.
Patients in the low ETPI group had a more favorable PFI
than those in the high ETPI group, as demonstrated by the
K—M analysis plot (Fig. 4C). ROC analysis evaluated the
prognostic discrimination of the ETPI, revealing 1-, 3-, and
5 year AUCs of 0.67, 0.69, and 0.74, respectively (Fig. 4D).
The univariate and multivariate Cox regression analyses
were performed to show that ETPI was an independent risk
factor for CRC (P <0.05) (Fig. 4E, F). Furthermore, patients
in the combined analysis of the TCGA training cohort were
assigned into two groups with 181 and 179 patients in high-
and low-score groups, respectively. A heatmap integrating
the expression of the six ETRGs and clinical characteristics
was generated to explore the differences between the two
groups (Fig. 4G). A poor prognosis was observed in the
high ETPI group, which exhibited higher expression levels
of ETRGs and a higher TNM stage, both with statistical
significance.

Furthermore, our analysis of the box plots revealed sig-
nificant statistical differences between the high and low
ETPI groups concerning the Immune and ESTIMATE items.
However, no such differences were observed in terms of stro-
mal score (Fig. 5A). The correlation curve demonstrated
that the immune score and ETPI were negatively correlated
(Fig. 5B). Patients in the low ETPI group tended to have
a higher distribution of MSI-H status (Fig. 5C). Moreo-
ver, patients in the high ETPI group exhibited a higher
TMB, with a mutation rate of 97.22% (altered in 175 of
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Fig. 3 Identification of hub genes and biologic function enrichment
analyses. A The PPI network of 41 hub genes related to infiltration
of activated CD4 +and CD8+T cells; B-D GO, KEGG, and REAC-
TOME enrichment analyses of hub genes, according to different gene
enrichment regions, shown as a pie chart in the form of percentages.
B In GO analysis, regulation of T cell activation (55.36%) is domi-

180 samples), compared to 94.64% (altered in 159 of 168
patients) in the low ETPI group (Fig. 5D, E).

External Validation of ETPI

To validate the efficacy of ETPI, we utilized 837 patients

from CRC cohorts (GSE14333, GSE38832, and GSE39582)
obtained from the GEO database as external validation
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cohorts for further analysis. The same formula was applied
to calculate the ETPI of the validation cohorts using the
expression values of the six ETRGs. In the GSE14333 data-
set, patients were divided into two groups, with 92 patients
exhibiting high ETPI relative to 134 with low ETPI, dem-
onstrating significantly more favorable PFI time in the lat-
ter (Supplementary Fig. 4A). In the GSE38832 dataset, 51
patients with high ETPI experienced shorter DFS times,
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Fig.4 Development and validation of ETPI. A LASSO coefficient
profiles of 41 hub genes. B Cross-validation for selection of tuning
parameters in LASSO regression. C K-M curves of PFI in patients
with CRC in ETPI score-based TCGA cohort. D ROC curves of prog-
nostic signatures for 1, 3, and 5 years in TCGA cohort. E, F Forest
plots of univariate and multivariate Cox regression analyses of ETPI
and clinical features in TCGA cohort. G Differences in clinicopatho-

while 41 patients with low ETPI tended to have better sur-
vival outcomes (Supplementary Fig. 4B). Additionally, in
the GSE39582 cohort, 154 patients with high ETPI showed
poor DES time compared to 365 patients with favorable DFS
time in the low ETPI group (Supplementary Fig. 4C).
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logic characteristics and expression level of six ETRGs between the
high- and low ETPI groups. ICRS the immune cell risk score, LASSO
least absolute shrinkage and selection operator, K—M Kaplan—Meier,
PFI progression-free interval event, CRC colorectal cancer, TCGA the
Cancer Genome Atlas, ROC receiver operating characteristic, ETPI
the effective T cell prognostic index, ETGR effective T cell-related
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For the evaluation of ORR in immunotherapy, CR, PR,
and patients resistant to pembrolizumab application were
compared using Fisher’s precision probability test and
illustrated via boxplots (P < 0.05) after regrouping based on
ETPI. The results revealed that patients achieving a complete
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Fig.5 Immune status and MSI assessment based on ETPI. A The
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between ETPI and immune scores. C The boxplots showing the rela-
tionships between ETPI scores and MSI status, with a significant dif-
ference in comparison of MSI-H and MSS/MSI-L. D, E The water-
fall plots of somatic mutation features were established and analyzed
based on the ETPI score, showing more mutation in the high ETPI

response to pembrolizumab were more likely to obtain low
ETPI scores, whereas those resistant to pembrolizumab,
indicative of malignant progression in melanoma, tended
to be classified into the high ETPI group (Supplementary
Fig. 4D, E).

Construction and Validation of a Nomogram

Subsequently, univariate and multivariate Cox regression
analyses were employed to identify risk factors meeting the
threshold (P < 0.05) in the training dataset. Seven candidates
emerged as significant predictors of PFI time, leading to the
generation of a nomogram. This nomogram incorporated
microsatellite status, ETPI, and significant clinical param-
eters including TNM stage, age, and sex. Notably, patients
with CRC exhibited a higher likelihood of shorter PFI time
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group (97.22% in the high ETPI group vs. 94.64% in the low ETPI
group). Each column represents an individual patient; the upper bar
plot on the waterfall plots shows TMB; the percentage numbers on
the right side indicate the mutation frequency in each gene: the right
bar plot shows the proportion of each variant type. ETPI the effective
T cell prognostic index, MSI microsatellite instability, TMB tumor
mutation burden. *P <0.05; **P <0.01; ***P <0.001; ns no signifi-
cance

with an increase in the total score according to the nomo-
gram’s prediction of disease progression (Fig. 6A). The
results showed that the nomogram had better evaluation and
prediction of survival outcomes in CRC, with the 1-, 3-, and
5 year calibration curves revealing high fitness between pre-
diction and actuality (3- year calibration curve in Fig. 6B, 1-
and 5-calibration curves in Supplementary Fig. 5B, C). DCA
curves showed that the nomogram possessed a more specific
preponderance than other clinical parameters (Fig. 6C).

Immune Checkpoint and Drug Sensitivity Analysis

The expression levels of the majority of 38 types of genes
related to immune checkpoints in the low ETPI group were
significantly higher than those in the high ETPI group (see
Supplementary Fig. SA), suggesting that patients with low
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Fig.6 Construction of a nomogram based on ETPI. A A nomogram
combining ETPI with clinicopathological features (age, sex, TNM
stages, and MSI). The total score was generated by integrating the
scores of each parameter, and the possibility that the patient’s PFI is
less than 5 years, 3 years, and 1 year was evaluated by the ruler at the
bottom of the diagram. B Calibration plot showing that nomogram-

ETPI might benefit from immune checkpoint inhibitor (ICI)
therapy.

We analyzed the IC50 (50% inhibition concentration)
of 198 drugs from GDSC for high- and low ETPI CRC
samples. After cleaning up the abnormal values, the four
commonly used chemotherapy medications, including
5-fluorouracil, irinotecan, oxaliplatin, and paclitaxel, in
the low ETPI group had significantly lower IC50 values
than those in the high ETPI group (Fig. 7A). This sug-
gests that patients with low ETPI may derive greater ben-
efit from chemotherapy. Inhibitors of traditional tumor
activation pathways and immune checkpoint blockades
were also assayed to explore the differences between the
two groups. We tend to screen for target drugs that were
clinically suggested to be resistant or highly resistant,
such as JAK-8517, and sensitive targeted drugs, such as
AZD8186, SB505124, and BI-2536. In boxplots, patients
were shown to possess a significantly lower ETPI with a
decline in the IC50 values in JAK-8517 (JAK/2 inhibitor)

0.00 0.25 0.50

Risk Threshold

0.75

predicted survival probabilities correspond closely to the actually
observed proportions for 3 year prediction. C DCA of the nomogram
and other clinicopathological features. ETPI the effective T cell prog-
nostic Index, MSI microsatellite instability, DCA decision curve anal-
ysis

and AZD8186 (PI3Kalpha, PI3Kbeta inhibitor), compared
to the decline in IC50 along with an increase in ETPI in
SB505124 (TGFBRI/ACVRIB/ACVRIC inhibitor) and
BI-2536 (PLK1/2/3 inhibitor) (Fig. 7A).

Moreover, drugs approved by the Food and Drug Admin-
istration (FDA) in the Cellminer database were analyzed for
correlation with the six ETRGs. Based on the order of drug
correlation coefficients, we identified the top six candidates
and plotted correlation curves between five drugs and three
genes (CASPI, PDCDI, and IL15) from ETRGs. Significant
positive correlations were found between CASPI expres-
sion and the z-scores of vemurafenib (a selective inhibitor
of BRAF) and encorafenib (a BRAF inhibitor). Similarly, a
positive relationship was observed between PDCD1 expres-
sion and the z-scores of irinotecan (a topoisomerase I inhibi-
tor) and imatinib (a selective inhibitor of BCR/ABL, v-Abl,
PDGFR, and c-kit). Additionally, the z-scores of vemu-
rafenib and afatinib decreased with increased expression of
IL15 and CASPI (Fig. 7B).
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Fig.7 Drug sensitivity analysis. A Boxplots for comparing traditional
chemotherapy agents and tumor pathway inhibitors between the two
subtypes based on ETPI. Drugs including 5-fluorouracil, irinotecan,
oxaliplatin, and paclitaxel exhibited significantly lower IC50 in the
low ETPI group than in the high ETPI group. Tumor pathway inhibi-
tors, including JAK-8517, AZD8186, SB505124, and BI-2536, are
illustrated. B Correlation curves between five selected immunother-

Using box plots, we stratified the CRC cohort into high
and low expression groups based on the expression levels
of the three selected ETRGs and evaluated the difference
in z-scores between the two groups. For CASP1, the high
expression group exhibited significantly higher z-scores of
vemurafenib and encorafenib (P <0.05), while no signifi-
cant differences were observed in the other medications
(Fig. 7C).
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apy agents and three ETRGs according to the top six drug correlation
coefficients. C Boxplots showing the difference in z-score between
divisions of patients with CRC according to the expression levels
of CASPI, PDCDI, and IL15. ETPI the effective T cell prognostic
index; ETGR effective T cell-related genes; *P<0.05; **P<0.01;
*#%P < 0.001; ns no significance

Validation of Protein Expression Profiles of ETRGs
in Clinical Samples

The protein expression levels of the ETRGs were determined
using IHC methods from the HPA database (Supplemen-
tary Figs. 6, 7). Staining for protein expression of FOXP3
and PDCD] were not detected in both normal rectum and
rectal cancer tissues. However, CASPI was expressed
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at a high level in glandular cells in rectal normal tissues,
whereas the malignant tissues showed low CASPI staining
in IHC results. In normal glandular cells of colon, MX1 also
possessed a high protein expression profile but the results
showed a medium MX]1 level in rectal tumor. Moreover, IL15
was expressed at a medium level in glandular cells in normal
tissues with an adverse situation in colon cancer. Comparing
the expression profiles of ETRGs between normal and tumor
tissues suggests that the genes identified in our study may
act as protective factors in prognosis.

Discussion

Although there has been a persistent decrease in overall mor-
tality and incidence of CRC among the elderly, recent years
have seen a rise in incidence among young and middle-aged
adults [1]. This trend presents challenges due to vague con-
ventional approaches, which may result in inappropriate pre-
scription-making and surveillance [15]. Consequently, there
is an urgent need for diverse treatment directions related to
immunology, as personalized assessment approaches have
demonstrated superior outcomes.

Over the past two decades, immunotherapy has garnered
significant attention for its ability to enhance responses
in refractory solid tumors like lung cancer and melanoma
[16]. Notably, immunotherapy shares a common trait with
conventional treatments such as radiotherapy and chemo-
therapy—they all exert some influence on the immune sys-
tem. Research has delved into the densities of specific lym-
phocytes, like CD8+T cells, within the core or periphery
of CRC tumors, resulting in the development of a digital
score with prognostic value throughout tumor progression
[17]. At a more granular level, understanding the genomic
landscape of CRC has been a focal point, particularly in
identifying druggable targets, especially in metastatic stages
[18]. Alterations in RAS and BRAF genes, along with MSS,
have emerged as gold standards in molecular features guid-
ing CRC therapy development [19]. Molecular classification
in CRC, based on genetic mutations and transcriptomics,
including key gene expressions and the TME, has led to
more effective treatment strategies such as consensus molec-
ular subtypes [20]. Hence, the abundance and interaction of
tumor-infiltrating lymphocytes and other immune cells in
CRC patients play a crucial role in making precise decisions
regarding modern complex treatments. To bridge the gap
between immune cells and the genomic landscape, we devel-
oped a related prognostic index, ETPI, linked to activated
CD4+and CD8+T cells and validated its clinical value for
prognosis, prediction, and drug benefit in CRC.

In this study, we collected data on key genes related to
immune cells that varied across 28 categories [21]. We then
calculated the infiltration status of the 28 types of immune

cells in the CRC cohort. Each cell-owned individual score
in every patient reflects its density. To eliminate multicollin-
earity, we further developed ICRS based on the screened 10
immune cell types using LASSO regression analysis, which
performed a more suitable assessment of the immune status
of patients with CRC. The training cohort was classified into
high- and low-score groups, with significant differences in
the PFI time. The immune cell landscape was reperformed
in a new division based on ICRS.

Ten types of immunocytes in ICRS have been widely
observed. For example, the CD8+ central memory cell is
considered the prime predictive factor in melanoma ther-
apy using anti-CTLA4 [14], but is currently not reported in
CRC. The high immature proportion of tumor-infiltrating
dendritic cells indicates a shorter overall survival in CRC
[22], while the plasmacytoid dendritic cell seems to be a
negative prognostic indicator in primary breast cancer
[23]. As for the typel T helper cell (Thl helper cell, also
belonging to the CD4+T cell), it was shown that a favorable
survival outcome is strongly associated with infiltration of
the Th1 helper cell in many cancer types. However, it has
been reported that in non-small cell lung cancer (NSCLC),
the high frequency of Th1 helper cells might indicate the
opposite survival value [24]. Similar to NSCLC, we found
that patients with higher ICRS obtained more intensive Th1
helper cells and presented unfavorable PFI times in CRC.
Th1 helper cells seem to act as a risk factor for tumor pro-
gression. Of particular interest, our investigation revealed
that individuals with high ICRS scores displayed reduced
levels of intensely activated CD4+ and CD8+ T cells, cor-
relating with poorer PFI outcomes. Conversely, this cohort
exhibited an opposing trend in the abundance of other
immune cell types. This observation suggests that colorec-
tal cancer patients presenting solely with heightened tumor
infiltration of activated CD44 and CD8+ cells may experi-
ence a more moderate malignant progression or even a more
favorable survival prognosis as assessed by ICRS.

To bridge the relationship between cellular and genomic
levels upon differences in the two types of T cells, survival
analysis revealed great differences between patients with
both high abundance of activated CD4+and CD8+T cells,
compared to those with low densities of activated CD4+ and
CD8+T cells. Therefore, we selected these two groups of
patients for further analysis. Regarding the biologic function
enrichment of DEGs, the CC terminologies were mapped
to the MHC class II protein complex. Previous studies
have shown that the loss of MHC class expression leads to
functional hindrance of the MHC-T cell receptor complex
and affects T cell control of cancer [25]. CD4+T cells also
restrict tumor progression without the assistance of MHC
class II, T cell receptors, and cytokines [26]. Activated
CD8+T cells may have a bystander-killing activity [27].
Furthermore, the top 10% of the 41 screened genes were
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predominantly implicated in the regulation and differentia-
tion of T cells in various biologic functions. Noteworthy
enrichment was observed in molecular functions, such as
immune receptor, receptor ligand, and signaling receptor
activator activities. These findings underscore the intricate
molecular dynamics governing immune cell interactions,
which in turn play a pivotal role in shaping survival out-
comes, alongside variations in the abundance of activated
CD4+and CD8+T cells in CRC.

Following the previous analysis, we established ETPI
(constructed using the ETRGs, including FOXP3, IL15,
PDCDI, MX1, CASP1, and IDO]I) as a signature to evalu-
ate the prognosis of patients with CRC and subsequently
performed drug sensitivity analysis according to the expres-
sion profiles of ETRGs. Our index worked independently
of age, sex, T, N, M, and AJCC staging systems and had
relative advantages in the performance of prognostic predic-
tion. FOXP3, IL15, CASP1, and IDO1 were significantly
correlated with survival outcomes and disease deterioration
according to univariate Cox regression analysis.

FOXP3 is a critical gene that regulates CD4+ CD25+reg-
ulatory T cells. In our study, higher expression of FOXP3 in
individuals with CRC showed an unfavorable survival time.
Both activated CD4+ T cells and CD8+ T cells mainly exist
in the peripheral blood, together with high FOXP3 expres-
sion in regulatory T cells, exerting anti-tumor effects [28].
These results are in line with those of previous studies [29].

Among the whole cytokine—cytokine receptor family, the
decreasing profile of IL15 in CRC is probably one of the
key mechanisms of the low density of tumor-infiltrating T
cells, indicating a higher risk of relapse and poor survival
outcomes [30]. Our findings align with previous studies
indicating that patients within the high ETPI group exhibit
decreased expression levels of IL15, suggesting a less
favorable prognosis.

It has been widely observed that caspase 1 is one of the
key components of canonical and noncanonical inflam-
masomes in inflammatory bowel diseases and some types
of tumors [31]. The T cell-intrinsic caspase 1 accelerates
colitis-associated tumorigenesis and promotes CD4+ T cell
(Th17) differentiation, independent of inflammasome acti-
vation [32]. However, the role that caspase 1 plays in CRC
remains to be elucidated. As one of the independent prog-
nostic factors in ETRGs, CASP1 was expressed at low levels
in the high ETPI group, with an unoptimistic survival time.
The lack of CASPI might lead to unsatisfactory anti-tumor
activities or contribute to malignant progression since it pos-
sibly facilitates the proliferation and infiltration of T helper
cells in CRC.

As arisk factor for CRC, IDO1 induces the proliferation
of Treg cells and arrests the development of G1-phase T
cells in tumors through kynurenine catalysis [33]. However,
in the present study, there was no significant difference in the
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genomic level of IDOI between the classifications divided
by ETPI. However, it also has the potential to be applied in
immunotherapy.

IHC analysis of protein expression of the ETRGs showed
results consistent with those of previous genomic studies
of patient samples based on the HPA database. The results
showed strong staining of ETRGs (CASP1, MX1, IDOI,
and /L15) in glandular and epithelial cells in normal tis-
sues, implying that these genes had potential protective roles
in CRC. However, in the IHC analysis, FOXP3 and PDCD1
showed rather low levels in normal tissues, which might be
caused by the low sample qualities and quantities.

In a previous study, certain patients exhibiting MSI-H or
dMMR status showed promising responses to PD1 mono-
clonal antibody therapy. However, fewer than 5% of cancer
patients with MSI-H or dIMMR status experience a superior
prognosis and exhibit increased infiltration of anti-malig-
nancy immune cells within solid tumors [16]. Interestingly,
our study found that patients with CRC possessing lower
ETPI levels displayed a relatively higher prevalence of
MSI-H status, suggesting the potential utility of ETPI as a
tool for identifying microsatellite status.

The drug sensitivity analysis identified four common
medications—>5-fluorouracil, irinotecan, oxaliplatin, and
paclitaxel—due to ETPI’s efficacy in categorizing CRC
patients for potential responsiveness to current chemo-
therapies. ETPI also demonstrated robust performance in
discerning patients sensitive to both traditional and novel
tumor pathway inhibitors. Moreover, an evaluation using an
external cohort of advanced melanoma patients highlighted
the signature’s predictive value in immunotherapy response.
ETPI holds promise as a surrogate for prognostic assess-
ment and drug benefit selection, offering valuable insights
for clinical treatment strategies, especially in guiding deci-
sions regarding immunotherapy, based on medication sensi-
tivity analysis. At the cellular level, CD8+ T cell density and
PDL]I expression serve as predictors for response to PDLI or
PDI-targeted immunotherapies across various cancers [13].
Additionally, depletion of peripheral CD4+ T cells suggests
ineffectiveness of combined therapy with anti-CTLA4 and
anti-PD1 [34]. Furthermore, ETPI, constructed from rela-
tively stable genes in the human genome, may enhance the
feasibility of anti-tumor therapies based on genomic and
tumor-infiltrating immune cells.

Despite demonstrating promising survival outcomes
and clinical significance in CRC, this study still has several
limitations that warrant consideration. Firstly, the datasets
utilized were sourced from retrospective public databases,
highlighting the need for prospective multicenter valida-
tions and in vivo/in vitro experiments to further validate
the findings. Secondly, the focus on key genomic pheno-
types in CRC cohorts via PPI analysis may have inadvert-
ently overlooked obscure genes with potential functional
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roles in tumor-infiltrating immune cells. Future studies
should explore downstream pathway analyses at cellular
and subcellular levels. Lastly, while the research focused
on constructing the TME, further investigation into malig-
nant intrinsic features based on tumor ecosystem dynamics
is essential for a comprehensive understanding.

Conclusion

In conclusion, we identified key characteristics of acti-
vated CD4+and CD8+T cells by generating enrichment
scores for their abundance in CRC. By analyzing tran-
scriptome differences between groups with varying infil-
tration levels of these T cells, we developed a promis-
ing prognostic index, ETPI. This index, based on ETRGs
associated with the infiltration of CD44 and CD8+ T cells
in CRC, demonstrated strong predictive capabilities for
tumor progression, recurrence, and survival outcomes.
By utilizing this index, we classified CRC patients into
subtypes with high and low ETPI, each characterized by
distinct TME and MSI statuses. Drug sensitivity analysis
based on the constituent genes of ETPI indicated that our
index could effectively identify patients likely to benefit
from chemotherapy and immunotherapy. Furthermore, a
nomogram was developed, demonstrating greater specific-
ity than other clinical parameters. Hence, this study pro-
vides a novel perspective on immune infiltration in CRC
and predicted potential biomarkers and molecular interac-
tion relevant to immunotherapy and prognosis. ETPI could
assist in the precise selection of CRC patients for specific
therapies based on key genomic interactions, potentially
optimizing treatment strategies in future clinical practice.
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