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Background: Esophageal cancer (EC) is one of the deadliest solid malignancies, mainly consisting of
esophageal squamous cell carcinoma (ESCC) and adenocarcinoma (EAC). Robust biomarkers that can
improve patient risk stratification are needed to optimize cancer management. We sought to establish potent
prognostic signatures with immune-related gene (IRG) pairs for ESCC and EAC.

Methods: We obtained differentially expressed IRGs by intersecting the Immunology Database and
Analysis Portal (ImmPort) with the transcriptome data set of The Cancer Genome Atlas (TCGA)-ESCC
and EAC cohorts. A novel rank-based pairwise comparison algorithm was applied to select effective IRG
pairs (IRGPs), followed by constructing a prognostic IRGP signature via the least absolute shrinkage and
selection operator (LASSO) regression model. We assessed the predictive power of the IRGP signatures on
prognosis, tumor-infiltrating immune cells, and immune checkpoint inhibitor (ICI) efficacy in EC. Kaplan-
Meier survival analysis and receiver operating characteristic curves (ROC) were used to evaluate the clinical
significance of IRGPs. Univariate and multivariate Cox regression analyses were performed to investigate
the association of overall survival (OS) with IRGPs and clinical characteristics.

Results: We built a 19-IRGP signature for ESCC (n=75) and a 17-IRGP signature for EAC (n=78),
with an area under the ROC curve (AUC) of 0.931 and 0.803, respectively. IRGP signature-derived risk
scores stratified patients into low- and high-risk groups with significantly different OS in ESCC and
EAC (P<0.001). Nomogram and decision curve analysis were used to evaluate the clinical relevance of
the prognostic signatures, achieving a C-index of 0.973 in ESCC and 0.880 in EAC. The risk scores were
associated with immune and ESTIMATE (Estimation of STromal and Immune cells in MAlignant Tumor
tissues using Expression data) scores and the composition of immune cells in the tumor microenvironment.
The association between risk score and human leukocyte antigens (HLAs), mismatch repair (MMR) genes,
and immune checkpoint molecules demonstrated its predictive value for ICI response. Differential immune
characteristics and predictive value of the risk score were observed in EAC.

Conclusions: The established immune signatures showed great promise in predicting prognosis, tumor

immunogenicity, and immunotherapy response in ESCC and EAC.
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Introduction

Esophageal cancer (EC) is the sixth leading cause of
death among all cancers, accounting for 5% of all cancer-
related deaths in 2018 (1). EC is histologically classified
into esophageal squamous cell cancer (ESCC) and
adenocarcinoma (EAC). Around half of EC patients present
with unresectable or metastatic conditions at diagnosis (2).
Over the past few decades, modest improvements have
been attained in the treatment of inoperable EC due to
multidisciplinary therapies. Unfortunately, the prognosis of
metastatic EC remains unsatisfying, with a median survival
of shorter than 1 year.

Recently, immune checkpoint inhibitors (ICIs) targeting
programmed cell death protein 1 (PD1), programmed
cell death 1 ligand 1 (PDL1), or cytotoxic T lymphocyte
antigen 4 (anti-CTLA4) have shown great promise in EC
patients (2). However, only some EC patients benefit from
ICIs and reach a sustainable clinical response, whereas
an innate resistance occurs in others. Therefore, robust
predictive biomarkers to identify subgroup patients suitable
for ICI treatment are urgently needed.

A growing body of evidence has indicated that the tumor
immune microenvironment (TIME), characterized by the
density, composition, functional state, and organization of
tumor-infiltrating leukocytes, is associated with prognosis
and therapy response (3-6). Different types of immune
signatures have been reported, including prognostic,
predictive, mechanistic, and escape signatures (7,8). A
review of published immune signatures revealed a frequent
overlap of some core elements in prognostic and predictive
signatures (6), suggesting that crucial immune features may
be potentially used to guide cancer management. In EC,
chronic inflammation-induced constitutive activation of
pro-inflammatory signaling pathways stimulate survival and
proliferation of tumor cells (9). Myeloid-derived suppressor
cells and regulatory T cells suppress antitumor immunity (9).
Other immune cells, such as tumor-associated macrophages
and cancer-associated fibroblasts, also contribute to EC
carcinogenesis (9). Moreover, the abundance of Ty17 cells
were associated with improved survival in EC cancer (10).
Leukocyte surface antigen CD47 was an independent
predictor for overall survival (OS) and progression-free
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survival (PFS) in ESCC (11). Besides, anti-PD1 and anti-
PDL1 immunotherapy are approved to treat EC by the US
Food and Drug Administration (FDA), and durable and
objective responses to these two ICIs were achieved (6).
These findings demonstrate the crucial role of TIME in
EC prognosis. Therefore, it is biologically plausible that
immune gene signatures capable of recapitulating TIME
features may potentially be reliable cancer biomarkers for
predicting prognosis and immunotherapy sensitivity in EC.

With the development of high throughput sequencing
technology, various transcriptome-based signatures for
survival classification or therapeutic response prediction
have emerged in EC (12-18). However, few signatures
can predict response to ICIs and none are translated into
routine clinical practice, which is partly attributable to the
critical impact of batch effects in high-throughput data
and the challenges of data normalization (19). Recently, a
method based on the relative ranking of gene expression
levels by pairwise comparison has been developed (20). This
method circumvents formidable data reprocessing, including
scaling and normalization, and has been substantiated to
yield potent results in risk classification of cancer, including
lung cancer (21,22), osteosarcoma (23), hepatocellular
carcinoma (24), and serous ovarian carcinoma (25).

With this in mind, we aimed to develop prognostic
signatures with immune-related gene pairs IRGPs) for
ESCC and EAC by adopting a pairwise comparison-
based gene ranking method. We retrieved the immune-
related genes (IRGs) from the Immunology Database and
Analysis Portal ImmPort) and then identified differentially
expressed IRGs in The Cancer Genome Atlas (TCGA)-
ESCC and EAC cohorts. The expression levels of all
differentially expressed IRGs underwent a pairwise
comparison in each tumor sample. The top-ranking and
survival-associated IRGPs were used to construct predictive
gene signatures.

Overall, we developed robust IRGP signatures to
predict survival in ESCC and EAC. Nomogram and
decision curve analysis (DCA) were performed to verify the
discrimination ability and clinical benefit of the prognostic
signature, respectively. Moreover, we used Tumor Immune
Estimation Resource (TIMER2.0, http://timer.cistrome.
org/) to evaluate immune cell infiltration in ESCC and

Ann Transl Med 2021;9(20):1591 | https://dx.doi.org/10.21037/atm-21-5217


http://timer.cistrome.org/
http://timer.cistrome.org/

Annals of Translational Medicine, Vol 9, No 20 October 2021

EAC, in which seven different algorithms were applied to
determine the proportion of immune cells in the tumor
microenvironment, including CIBERSORT, CIBERSORT-
ABS, EPIC, MCP-counter, quanTIseq, TIMER, and xCell.
Finally, we extended the use of the signature to predict
response to ICIs by evaluating the associations of the risk
score with immune checkpoint genes, human leukocyte
antigens (HLAs), and mismatch repair (MMR) genes.

We present the following article in accordance with the
TRIPOD reporting checklist (available at https://dx.doi.
org/10.21037/atm-21-5217).

Methods
Clinical sample and data collection

The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013).

We acquired RNA sequencing (RNA-seq) expression
data of EC samples from TCGA database (https://tcga-
data.nci.nih.gov/tcga/), accompanied by the corresponding
clinical data. The ESCC dataset consisted of 11 normal
and 80 ESCC samples, while the EAC project comprised
9 normal and 78 EAC samples. General Transfer Format
(GTF) files downloaded from GENCODE (http://www.
gencodegenes.org/) were used to annotate genes. Genes
with an average expression value of less than 1 were
removed as were samples lacking survival information. The
remaining 75 ESCC and 78 EAC patients were included in
the study.

Acquisition of differentially expressed IRGs

We retrieved 1,509 IRGs from the Immunology Database
and Analysis Portal (ImmPort) (https://www.immport.
org/) (26). We then obtained differentially expressed genes
(DEGs) between normal and tumor tissues (where P<0.05
and llog,fold change [FC]I >1.5) by using the R package
edgeR (27), identifying 9,606 and 8,737 DEGs for ESCC
and EAC, respectively. Venn diagram analysis was carried
out using the DEG and IRG datasets, and genes in the
intersection of the 2 datasets were identified as differentially
expressed immunity-related genes (DEIRGs), which are
hereafter referred to as IRGs.

Identification of prognostic IRGPs in patients with EC

We then performed a pairwise comparison of expression
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levels in each sample to assign a score to each IRGP. If
the expression level of the first IRG in a sample was lower
than that of the second IRG, this IRGP was scored as
1; otherwise, the IRGP scored 0. IRGPs that constantly
received the same score (0 or 1) in more than 80% of samples
were deleted since they failed to present discriminative
information with respect to survival. Prognostic IRGPs
were identified using univariate Cox regression analysis
to check the association of each IRGP with OS in the
TCGA cohort. IRGPs with P<0.05 were used to establish
prognostic signatures.

Construction of signatures based on IRGPs

Least absolute shrinkage and selection operator (LASSO)
Cox regression analysis (glmnet package) was adopted to
select prognostic IRGPs and build prognostic signatures
(28,29). After the establishment of the IRGP signature,
a risk score was assigned for each patient by linearly
integrating the patient score (0 or 1) and risk contribution
of each IRGP included in the prognostic signature, using a

previously described formula (30-32). Risk score=Y"" Biyi,

p and x representing coefficient and the 0-or-1 matrix of
each IRGP, respectively.

Estimation of tumor-infiltrating immune cells

The ESTIMATE (Estimation of STromal and Immune cells
in MAlignant Tumor tissues using Expression data) tool
enabled us to assess the composition of infiltrating stromal
and immune cells in tumor tissues using gene expression
signatures (33). Briefly, a stromal signature was developed
to quantify the stroma levels, while an immune signature
was used to recapitulate the infiltration of immune cells in
tumor tissues. The ESTIMATE algorithm relies on single
sample gene set enrichment analysis and generates 3 scores.
The immune and stromal scores reflect the estimated
immune and stromal cells in the tumor, respectively.
The ESTIMATE score, integrating the 2 former scores,
negatively correlates to tumor purity (33). In addition, we
used the Tumor Immune Estimation Resource (TIMER?2.0,
http://timer.cistrome.org/) to evaluate immune cell
infiltration in ESCC and EAC. This web tool provides
seven different algorithms to infer components of immune
cells in tumor microenvironment, including CIBERSORT,
CIBERSORT-ABS, EPIC, MCP-counter, quanTIseq,
TIMER, and xCell (34). A lollipop diagram was used to
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exhibit the correlation between risk score and immune cell
subsets (ggstatsplot package).

Analysis of the expression of potential biomarkers
predictive of ICI efficacy

R packages ggpubr and ggplot2 were used to analyze the
association of risk scores with HLAs and MMR genes,
respectively. The ggstatsplot package was employed to study
the relationship between the model and the expression level
of immune checkpoint molecules, and violin plots were used
to visualize results.

Gene set envichment analysis (GSEA)

GSEA software (version 4.0.1) was used to compare high-
and low-risk groups. The GSEA immunologic signature
gene sets (C7) and the Kyoto Encyclopedia of Genes and
Genomes (KEGG) subset of canonical pathways from
the GSEA curated gene set (C2) were applied to dissect
differential immune cell subsets and signaling pathways in
the high- and low-risk groups. P<0.05 and false discovery
rate (FDR) <0.25 were considered statistically significant.

Statistical analysis

All statistical analyses were carried out using R (version
4.0.3, https://www.R-project.org). We allocated patients to
a low- or high-risk group using an optimal risk score cut-
off value, which was estimated through a time-dependent
receiver operating characteristic (ROC) curve (survival
ROC package) at 3 years (35). We plotted a Kaplan-
Meier survival curve for OS, and the log-rank test was
used to evaluate the difference in OS between the 2 risk
groups. ROC curve analysis was carried out to evaluate the
sensitivity and specificity of IRGPs, clinical characteristics
alone or in combination, followed by the calculation of
area under curves (AUCs). Univariate and multivariate Cox
regression hazard proportional analyses were performed
to investigate the association of OS with IRGPs and
clinical characteristics. Significant risk factors were further
subjected to multivariate analysis. We combined the clinical
characteristics of the TCGA data set with the IRGP
signature to construct a nomogram. A concordance index
(C-index) was used to evaluate the discriminative power
of the nomogram (36). We also drew calibration curves
and conducted DCA (37,38) to evaluate the nomogram’s
accuracy and clinical net benefit, respectively. The
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Wilcoxon signed-rank test was used to check statistically
significant differences between groups. Pearson’s chi-square
tests were employed to estimate correlations between
variables. Unless otherwise stated, P<0.05 was considered
statistically significant.

Results
Study populations
We initially obtained data for 80 ESCC and 78 EAC samples.

After removing samples missing survival information,
75 ESCC and 78 EAC cases were included in the study.
Characteristics of participants are displayed in Table SI.

Identification of differentially expressed IRGs

A flow chart of this study is shown in Figure 1. A total of
1,509 IRGs were acquired from the ImmPort database
(https://www.immport.org/) (26). In addition, we retrieved
9,606 DEGs in ESCC (n=75) and 8,737 DEGs in EAC
(n=78). By intersecting IRGs and DEGs, we identified 298
and 289 genes present in both IRG and DEG data sets
(i.e., differentially expressed IRGs) for ESCC and EAC,

respectively. These genes were used for subsequent analyses.

Construction and evaluation of IRGP signatures

Gene ranking by pairwise comparison yielded 11,770
and 11,945 discriminative IRGPs for ESCC and EAC,
respectively. From these, univariate Cox analysis identified
31 ESCC- and 65 EAC-related prognostic IRGPs (P<0.01).
The LASSO Cox regression model was applied to survival
time data sets for the TCGA-ESCC and -EAC cohorts,
separately. We generated a 19-IRGP signature with
36 IRGs for ESCC (Figure 24, Table S2) and a 17-IRGP
signature for EAC composed of 28 IRGs (Figure 2B,
Table S2). Every patient received a risk score derived from
the IRGP signatures, with a larger risk score signifying a
higher risk for poor survival. We predicated prognosis for
ESCC with indicated variables and gained an AUC of 0.555,
0.700, 0.611, 0.407, 0.475, 0.510, and 0.931 for tumor (T),
node (N), metastasis (M), sex, age, stage, and risk score,
respectively (Figure 34). Notably, the risk score of IRGP
performance exceeded traditional biomarkers. Figure 3B
shows that the risk score also exhibited the highest AUC
(0.830) among all indicated variables in EAC.

"To divide patients into high- and low-risk groups based
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Figure 1 Flow diagram of the study. ESCC, esophageal squamous cell cancer; EAC, esophageal adenocarcinoma; TCGA, The Cancer

Genome Atlas; IRGs, immune-related genes; DEGs, differentially expressed genes; DEIRGPs, differentially expressed immunity-related

genes; IRGPs, immune-related gene pairs; LASSO, least absolute shrinkage and selection operator; ROC, receiver operating characteristic;

GSEA, Gene set enrichment analysis; ICI, immune checkpoint inhibitors; DCA, decision curve analysis; MMR, mismatch repair; HLA,

human leukocyte antigens; ESTIMATE, Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data;

TIMER2.0, Tumor Immune Estimation Resource.

on risk scores, we plotted a time-dependent ROC curve at
3 years and used the risk score corresponding to the
maximum value of the Youden index as the optimal cut-off
value. Kaplan-Meier survival curves of OS for high- and
low-risk patients revealed that survival of patients in the low-
risk group was significantly longer than those in the high-
risk group in terms of both ESCC (Figure 3C) and EAC
(Figure 3D). Patient survival status is visualized in Figure 3E.
ESCC patients with low risk were more likely to remain
alive than high-risk counterparts. Similar results were
observed for EAC (Figure 3F).

Univariate and multivariate analyses were performed with
the Cox hazard proportional regression model. Significant
risk factors were further subjected to multivariate analysis.
Univariate analyses demonstrated the association of risk
score with OS in ESCC [hazard ratio (HR) =28.592, 95%
confidence interval (CI): 7.266-112.507, P<0.001] and
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EAC (HR =19.861, 95% CI: 8.780-44.927, P<0.001). The
risk score was an independent predictor of prognosis in
ESCC (adjusted HR =30.883, 95% CI: 7.518-126.862,
P<0.001) (Figure 44). As shown in Figure 4B, the risk score
was also independently predictive of prognosis in EAC
(adjusted HR =23.117, 95% CI: 9.451-56.543, P<0.001).
We constructed a nomogram for ESCC with the IRGP
signature and sex (Figure 4C), achieving a C-index as high
as 0.973. A nomogram was also built for EAC based on the
IRGP signature and metastatic status (Figure 4D) with a
C-index of 0.880. Calibration curves confirmed that actual
survival fit predicted survival curves well, suggesting a high
predictive accuracy (Figure 4E). DCA indicated that the
risk score model produced decent clinical benefits across a
broad range (Figure 4F). The prognostic value of the EAC-
specific 17-IRGP signature was also further evaluated
(Figure 4G,4H).
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Figure 2 Association between overall survival and IRGPs included in the prognostic signatures. The forest plot displays univariate Cox

regression analysis results of IRGPs in ESCC (A) and EAC (B). IRGPs, immune-related gene pairs; ESCC, esophageal squamous cell

carcinoma; EAC, esophageal adenocarcinoma.

Association of IRGP signatures with immune cell infiltration

TIME is frequently associated with cancer prognosis.
Therefore, we examined whether there were differences
in immune cell infiltration between the 2 prognostic risk
groups in the ESCC and EAC cohorts, separately. As
revealed by the ESTIMATE algorithm, both the immune

and ESTIMATE scores were significantly enhanced in
the high-risk group compared with the low-risk group
(Figure 5A,5B). Intriguingly, the opposite results were
observed for the immune/ESTIMATE score and risk score
in EAC (Figure 5C,5D). Accordingly, the 2 types of scores
were associated with risk scores in ESCC (Figure SE,SF)
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and EAC (Figure 5G,5H). We used TIMER2.0 to evaluate immune cell subpopulations were positively associated with
immune cell infiltration in ESCC and EAC (only significant risk scores in ESCC (Figure 5I). On the contrary, most of
results are shown) and found that the majority of significant the significant immune cell subpopulations were negatively
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associated with risk scores in EAC (Figure 53).

Association between IRGP signatures and potential
biomarkers of ICI response

ICIs have emerged as an encouraging therapeutic option for
nonresectable EC. Currently, there are several biomarkers
which may help identify patients likely to benefit from IClIs,
including HLAs, MMR, and immune checkpoint molecules
(39,40). Defective HLA may lead to immune tolerance
and resistance to ICIs (41). Solid tumors lacking MMR
genes are usually highly immunogenic and exhibit extensive
infiltrating T cells, which make them sensitive to ICIs (39).
We observed that most known HLAs were associated with
high-risk groups in ESCC (Figure 6A4), whereas several
HLAs were associated with the high-risk group in the
inverse direction in EAC (Figure 6B). We checked the
correlation between the risk score and 4 essential MMR
genes (MSH6, MLH1, PMS2, and MSH2). No significant
correlations were found in ESCC (Figure 6C,6D). However,
the expression levels of MSH2, MSH6, and PMS2 in the
low-risk group were significantly decreased when compared
with the high-risk group (Figure 6E) and correlated with
the risk score in EAC (Figure 6F). We also explored the
relationship between IRGP signature-derived risk score and
common immune checkpoint molecules, including cytotoxic
T-lymphocyte-associated antigen 4 (CTLA4), hepatitis
A virus cellular receptor 2/T-cell immunoglobulin mucin
receptor 3 (HAVCR2/TIM3), lymphocyte activating 3
(LAGS3), programmed cell death 1 (PDCD1), and PDCD1
ligand 1 (PDCDI1LI, also known as CD274), and PDCD1
ligand 2 (PDCD11G2) (42). As displayed in Figure 74,
the levels of PDCD1 and HAVCR2 were significantly
upregulated in the high-risk group in ESCC. However,
significantly increased CTLA4 levels were seen in the low-
risk group in EAC (Figure 7B). Correlation matrixes were
also exhibited for ESCC (Figure 7C) and EAC (Figure 7D).

Signaling patbways associated with the risk score

In the present study, the IRGP signatures were highly
correlated with prognosis and TIME. Therefore, we
further investigated the crucial signaling pathways
involved in ESCC and EAC. GSEA, with reference to
the immunologic signature gene sets (C7), revealed the
immune signaling pathways associated with either low-
or high-risk groups in both ESCC (Figure 8§4) and EAC
(Figure 8B). For instance, differences in cell types, status,
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and perturbations were found between the high- and low-
risk groups in EAC, including memory CD4 T cells, NK
cells, CD4 T cells, and naive CD4 T cells, suggesting an
essential role for these immune cell subsets in EAC TIME
(Figure §B). KEGG pathway enrichment analysis unveiled
that the DEGs between the high- and low-risk groups
were significantly enriched in some fundamental signaling
pathways, including the insulin, notch, autophagy, and Wnt
signaling pathways in ESCC (Figure 8C). Not surprisingly,
the DEGs of the 2 prognostic risk groups were significantly
enriched in different signaling pathways in EAC. Among
them, the mismatch repair and base excision repair
pathways were most significantly associated with the high-
risk group, while the most significantly associated pathways
in the low-risk group were the intestinal immune network
for immunoglobulin A (IgA) production and B cell receptor
signaling pathways (Figure §D).

Discussion

EC is a life-threatening malignancy with a high fatality
rate. In particular, the prognosis of patients with locally
advanced, unresectable, and metastatic disease, which
account for 50-60% of cases, is extremely poor (2). Despite
the emergence of definitive concurrent chemoradiotherapy
(CRT), targeted therapies, and ICIs, a better understanding
of the biology of EC and optimal use of multidisciplinary
treatment options are needed to help individual patients
achieve the best possible outcomes. ICIs targeting PD-1,
PD-L1, and CTLA4 have significantly prolonged survival
time in a proportion of EC patients. However, it remains
challenging to discriminate patients sensitive to ICIs from
those exhibiting innate resistance. Therefore, biomarkers
predicting patient subpopulations appropriate for ICIs
warrant intensive investigation.

We applied a rank-based algorithm in the current
study, ranking IRGs by pairwise comparison, to choose
informative IRG pairs to establish prognostic signature. We
generated a 19- and 17-IRGP signature for ESCC and EAC,
respectively. The effectiveness of this method has been
verified in a previous study (43). The prognostic value of
signatures derived from gene pairs have been confirmed in
several cancer types (21-23,25). Li and colleagues reported
an individualized immune prognostic signature of IRGPs
that divided patients into 2 risk groups with significantly
different survival (21). The signature composed of 20 IRGPs
was significantly associated with OS in serous ovarian
carcinoma (25). Recently, a signature of 14 IRGPs was
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Figure 6 Association of risk score with expression levels of HLA and MMR genes. Expression of the HLA gene family in the low- and high-
risk groups in ESCC (A) and EAC (B). Comparison of MMR gene expression between risk groups defined by risk score and correlation
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antigens; MMR, mismatch repair; ESCC, esophageal squamous cell carcinoma; EAC, esophageal adenocarcinoma.

shown to predict prognosis accurately in osteosarcoma (23). EAC were different; however, it is not surprising. Although
The reliability and robustness of an IRGP-derived signature ESCC and EAC arise from the same origin, they are two
were also validated in lung adenocarcinoma (22). Our different diseases regarding etiology, risk factors, molecular
results showed that the IRGP signatures for ESCC and characterization, histology of the lesion, predilection sites,
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therapeutic regime, and geographical distribution (44).
There were several advantages of using a gene pair-based
strategy. First, as the signature was rooted in the relative
ranking of gene expression levels, no data normalization
was needed. Second, pairwise comparisons were performed
for all genes within a sample; therefore, the signature was
able to evaluate the survival of individual cancer patients.
In other words, the prognostic signature did not need to
account for the batch effects of different platforms and
could bypass data scaling and normalization. Overall, gene
pair-based prognostic signatures are robust and easy to use.

© Annals of Translational Medicine. All rights reserved.

Next, we evaluated the association between the IRGP
signature-based risk scores and immune activity and
immune cell infiltration in the tumor microenvironment.
Interestingly, the 2 types of EC exhibited distinct immune
features. Both the immune score and ESTIMATE score
were positively associated with risk scores in ESCC, but
a negative association was observed in EAC. Moreover, a
number of immune cell subsets were correlated with risk
scores in ESCC. However, infiltration of most immune
subsets dropped while the risk score increased in EAC.
Differential immune cell infiltration patterns in the 2 EC
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types may help explain their different response to ICIs.
ESCC patients receiving a selective PD-1 inhibitor (i.e.,
nivolumab) showed improved disease-free survival in the
adjuvant therapy setting (CHECKMATE-557) (45). In
first-line treatment, PD-1-inhibitor (pembrolizumab)
combined with chemotherapy significantly prolonged
OS time for ESCC patients (KEYNOTE-590) (45).
Similar encouraging results were observed in second-line
treatment (45). However, EAC patients benefited from the
same IClIs to a lesser extent (45).

We were also interested in whether the IRGP signatures
had the potential to predict immunotherapy response. To
answer this question, we examined the relationship between
the risk scores and HLA, MMR, and immune checkpoint
genes, which have been considered potential biomarkers
of response to ICIs. Regarding ESCC, we found that the
majority of HLA types were significantly upregulated in
the high-risk group compared to the low-risk group. No
significant differences in MMR were found between the two
groups. A significant increase in HAVCR2 and PDCD1 was
also observed in the high-risk group. These results suggested
that the ESCC patients in the high-risk group with high
HLA levels and increased expression of immune checkpoint
molecules were more likely to respond to ICIs than those in
the low-risk group. HLA encodes intracellular peptides on
the cell surface to be recognized by T cell receptors, taking
responsibility for neoantigen presentation and cytolytic
T cell activity. Lack of HLA may be detrimental to the
ability of cells to present neoantigens and cause immune
tolerance (41). HLA-I loss of heterogeneity (LOH) was
significantly related to poor outcomes in patients with
non-squamous non-small cell lung carcinoma receiving
ICI treatment (40). Moreover, HLA-I LOH showed
a linear correlation with PD-L1 expression (40). In
EAC, significantly increased immune score and HLA
genes, decreased levels of MSH2, MSHG6, and PMS2,
and increased CTLA4 were seen in the low-risk group
when compared with the high-risk group. These results
collectively suggested that the low-risk group defined by the
IRGP signature was highly immunogenic and more likely
to benefit from immunotherapy in EAC.

Our study contains some limitations that should be
noted. First, as a retrospective study, the sample size was
relatively small. Second, sampling bias might have been an
issue due to intratumor molecular heterogeneity. Third,
external validation by other independent EC cohorts
is warranted, although this ranking-based method was
validated in ESCC and EAC. Forth, all the findings were
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based on bioinformatic analysis. Experiments should be
performed to validate the predictive accuracy of IRGPs and
their association with the infiltration of immune cells in
the future. Finally, due to the unavailability of therapeutic
regimes on patients, we failed to integrate this important
information into the nomogram. Therefore, our findings
should be explained cautiously.

Overall, we successfully developed IRGP-based
signatures using a novel rank-based pairwise comparison
algorithm, showing remarkable performance in predicting
prognosis in ESCC and EAC. The IRGPs were tightly
associated with the components of immune cells in
the tumor microenvironment and held great promise
in predicting sensitivity to ICIs in ESCC and EAC.
Prospective studies are indispensable to validate the
predictive accuracy of the signatures further before clinical
application.
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