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Abstract
Background Esophageal cancer (ESCA) is one of the deadliest solid malignancies with worse survival in
the world. The poor prognosis of ESCA is not only related to malignant cells, but also affected by the
microenvironment. We aimed to establish prognostic signature consisting of immune genes to predict the
survival outcome of patients and estimate the prognosis value of in�ltrating immune cells in tumor
microenvironment (TME).

Methods Based on integrated analysis of gene expression pro�ling and immune gene database,
differentially immune-related genes were �ltered out. Then, stepwise Cox regression analysis was applied
to identify survival related immune genes and construct prognosis signature. Functional enrichment
analysis was performed to explore biology function. Kaplan-Meier (K-M) curves and receiver operating
characteristic (ROC) curves were performed to validate the predictive effect of predictive signature. We
also veri�ed the clinical value of prognostic signature under the in�uence of different clinical parameters.
For deeper analysis, we evaluated the correlation between prognosis signature and in�ltrating immune
cells by Tumor Immune Estimation Resource (TIMER) and CIBERSORT.

Results Finally, we identi�ed 303 differentially immune genes as candidate and constructed immune
prognosis signature composed of six immune genes. Furthermore, we observed that the prognosis
signature was enriched in cytokine-mediated signaling pathway, lymphocyte activation, immune effector
process, cancer pathway, NF-kappa B signaling pathway. K-M survival curves showed that the prognosis
signature indeed have good predictive ability in entire ESCA set ( P =0.003), validation set 1 ( P =0.008)
and validation set 2 ( P =0.036). The area under the curve (AUC) of ROC curves validated the predictive
accuracy of immune signature in three cohorts (AUC=0.757, 0.800 and 0.701), respectively. In addition,
we identi�ed the prognosis value of in�ltrating-immune cells including activated memory CD4 T cells, T
cells follicular helper cells and monocytes and provided a landscape of TME.

Conclusions The results indicated that immune prognosis signature can be a novel biomarker to predict
survival outcome, which can provide new targets for immunotherapy and individualized therapies in
ESCA and open up a new prospect for improving the prognosis of ESCA patients in the era of
immunotherapy.

Background
Esophageal cancer (ESCA) is one of the most deadly cancers worldwide which incidence rate is
increasing by annually [1]. Although the treatment of ESCA has been improved, the 5-year survival rate is
about 15% which lead to worse prognosis and higher mortality [2]. For ESCA patients, due to tumor
heterogeneity, even patients with the same clinical conditions will have different results after the same
treatment [3]. The prognosis of patients can’t achieve a good judgment and missing the best time and
method for treatment. Accurate evaluation the prognosis of patients can provide individualized treatment
for each patient and improve their survival rate [4]. Therefore, it is imperative and signi�cant to identify
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prognosis signature for survival prediction of ESCA patients. According to prognosis biomarkers, we can
choose the personal therapy and predict the survival outcome of patients.

Biomarkers based on genes have gradually become widespread application and more cost-effective way
to predict prognosis of ESCA patients [5]. Gene expression pro�ling have revealed the presence of
in�ammation which have huge value for the study of prognosis markers related to tumor survival [6].
Notably, the deterioration of prognosis in ESCA will increase along with genes changes. Similarly, the
whole genome sequencing research also pointed out that the gene pro�ling of ESCA patients is different
from that of normal people [7]. Researchers have realized that gene expression pro�le plays an extremely
irreplaceable role in the analysis of cancer development, which can make poor survival rate in ESCA [8].
However, the value of single gene biomarker in predicting the prognosis is limited because of the tumor
heterogeneity, especially caused by the alteration of genes. The application of integrated biomarkers in
esophageal squamous cell carcinoma (ESCC), one of the subtypes of ESCA, has been reported in
succession. For instance, DNA methylation related �ve-gene signature was identi�ed in ESCC [9]. Mao
and colleagues established seven-lncRNA signature for survival prediction in ESCC [10]. Therefore, gene
signatures consist of multiple genes are becoming a better choice and it’s necessary to identify effective
robust combined biomarkers that can indicate prognosis in ESCA patient [11].

At present, immunotherapy and targeted therapy are wide application and become an important way to
improve the survival rate of ESCA patients. Different from the traditional treatment, the target of
immunotherapy is not cancer cells, but some immune checkpoint including cytotoxic T-lymphocyte
associated antigen 4 (CTLA-4) and programmed death 1 (PD-1) [12, 13]. However, some patients are not
sensitive to inhibitors of immune checkpoint. The great challenge of tumor immunotherapy is to identify
prognosis models to determine the therapeutic effect and guide the treatment of diseases [14]. Therefore,
it is of great signi�cance for the individualized treatment of ESCA to �nd effective biomarkers that can
predict the sensitivity of patients to immunotherapy. Studies reported that immune related genes are not
only correlation with response of immunotherapy, but also related to the prognosis of patients. For
instance, the prognostic signature of seven immune genes was identi�ed in clear cell renal cell carcinoma
[15]. An immune gene-set can predict the prognosis of patients with ovarian cancer [16]. Guo and
colleagues established immune signature to predict survival of lung adenocarcinoma [17]. Although
many studies have explored the relationship between immune related genes and prognosis of patients,
few studies to establish prognosis signature of immune genes in ESCA based on expression pro�le data.
Therefore, a reliable prognosis model composed of immune genes must be established for ESCA and
reveal the value of clinical application.

Besides of genomic features, tumor microenvironment (TME) represents promising candidates for
predictive and prognostic biomarkers [18]. TME plays a critical role in cancer initiation, progression,
therapeutic response and clinical reaction [19]. In the wake of the deeper research, the type and density of
in�ltrated immune cells in TME reported can regulate tumor cells to induce host immune response and
signi�cantly in�uence the development of cancer [20]. Tumor-in�ltrating immune cells including B cells,
macrophages (M0, M1 or M2), effector T cells, natural killer cells, mast cells, naive and memory
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lymphocytes and dendritic cells may be found around tumor cells in TME. Different in�ltrating immune
cells in ESCA patients will interact with tumor cells in various ways to resist treatment. Therefore, the
integrated analysis of prognosis signature and in�ltrating-immune cells is of great signi�cance to predict
the response of immunotherapy and the prognosis of patients.

In this study, we integrated gene expression data set and immune gene database to verify survival related
immune genes and construct immune prognostic signature in ESCA. Meanwhile, we validated the clinical
value of prognostic signature under the in�uence of different clinical parameters. Given that tumor
immune microenvironment related to prognostic features may be involved in the development of new
biomarkers, we discussed the correlation between identi�ed prognosis signature and immune cell
in�ltration. Then, we validated the prognostic effect of immune cell subtypes between risk groups de�ned
by immune risk model. The results indicated that immune prognosis model related to TME can be a novel
biomarker to predict survive, which will open up a new prospect for improving the prognosis of ESCA
patients in the era of immunotherapy.

Materials And Methods

Data acquisition
The transcriptome pro�ling of RNA expression [FPKM] and clinical data of ESCA patients consisting of
160 tumor samples and 11 normal samples were collected from The Cancer Genome Atlas (TCGA,
https://cancergenome.nih.gov/). The TCGA data provide a valuable source to analyze complex cancer
genomics and clinical parameters. We removed one patient whose transcriptomic data and clinical data
are not completed. Thus, the entire TCGA data (n = 159) was as the training set for further analyses. The
clinical information of patients was summarized in Table 1. Furthermore, 2498 immune-related genes
were obtained for further immunology research from Immunology Database and Analysis Portal
(ImmPort, https://www.immport.org/home) [21]. It includes 17 immune categories such as T-cell receptor
signaling pathway, interleukins, B-cell receptor signaling pathway, cytokine, tumor necrosis factor (TNF)
family receptors and so on. Therefore, TCGA database and ImmPort database were used to develop
prognosis gene signature.
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Table 1
Summary of clinical characteristics of ESCA patients in three cohorts

Characteristic Patients in entire
TCGA
set (n = 159), n (%)

Patients in
validation
set 1 (n = 80), n (%)

Patients in
validation
set 2 (n = 79), n (%)

Age(years)      

≤ 60 81 (50.94%) 33 (41.25%) 48 (60.76%)

> 60 78 (49.06%) 47 (58.75%) 31 (39.24%)

Gender      

Female 23 (14.47%) 16 (20.00%) 7 (8.86%)

Male 136 (85.53%) 64 (80.00%) 72 (91.14%)

Histological type      

EAD 79 (49.69%) 40 (57.14%) 39 (49.37%)

ESCC 80 (50.31%) 30 (42.86%) 40 (50.63%)

Barretts esophagus      

NO 104 (80.62%) 57 (86.36%) 47 (74.60%)

YES 25 (19.38%) 9 (13.64%) 16 (25.40%)

Vital status      

Alive 96 (60.38%) 53 (66.25%) 43 (54.43%)

Dead 63 (39.62%) 27 (33.75%) 36 (45.57%)

Neoplasm Cancer Status      

Tumor Free 91 (61.10%) 46 (61.33%) 45 (60.81%)

With Tumor 58 (38.90%) 29 (38.67%) 29 (39.19%)

Pathologic stage      

Stage I-II 87 (56.13%) 43 (55.84%) 44 (56.41%)

Stage III-IV 68 (43.87%) 34 (44.16%) 34 (43.59%)

Alcohol history      

NO 46 (29.49%) 23 (29.11%) 23 (29.87%)

YES 110 (70.51%) 56 (70.89%) 54 (70.13%)

T Classi�cation      
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Characteristic Patients in entire
TCGA
set (n = 159), n (%)

Patients in
validation
set 1 (n = 80), n (%)

Patients in
validation
set 2 (n = 79), n (%)

T1-T2 66 (45.14%) 36 (46.15%) 30 (37.97%)

T3-T4 81 (54.86%) 42 (53.85%) 49 (62.03%)

N Classi�cation      

N0 64 (43.54%) 30 (41.10%) 34 (45.95%)

N1-N3 83 (56.46%) 43 (58.90%) 40 (54.05%)

M Classi�cation      

M0 126 (89.36%) 66 (91.67%) 60 (86.96%)

M1 15 (10.64%) 6 (8.33%) 9 (13.04%)

New event      

NO 89 (55.97%) 49 (61.25%) 40 (50.63%)

YES 70 (44.03%) 31 (38.75%) 39 (49.37%)

Tumor Central Location      

Proximal and Mid 47 (29.75%) 26 (32.50%) 21 (26.92%)

Distal 111 (70.25%) 54 (67.50%) 57 (73.08%)

Neoplasm Histologic
Grade

     

G1 16 (12.90%) 10 (17.24%) 6 (9.09%)

G2 65 (52.42%) 30 (51.73%) 35 (53.03%)

G3 43 (34.68%) 18 (31.03%) 25 (37.88%)

Lymph node metastasis      

NO 83 (65.87%) 43 (68.25%) 40 (63.49%)

YES 43 (34.13%) 20 (31.75%) 23 (36.51%)

Radiation therapy      

YES 16 (14.68%) 11 (18.18%) 5 (7.81%)

NO 93 (85.32%) 54 (81.82%) 59 (92.19%)

Identi�cation of differentially immune genes



Page 8/28

At �rst, we obtained differentially expression genes from TCGA data. In order to identify differentially
genes between tumor tissues and normal tissues, the expression differences were characterized by
absolute log 2 fold change (FC) > 1 and adjusted P-value < 0.05. Next, intersection differentially
expression genes with immune-related genes from ImmPort database to screen differentially expressed
immune-related genes. Finally, differentially immune-related genes were �ltered out totally. These selected
genes as initial candidate were used to establish the immune-related risk signature for next step. In
addition, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment
analysis of differentially immune genes were performed by Metascape (http://metascape.org). This
website can obtain biological pathways through independent and orthogonal experiments on data sets of
more than 40 knowledgebase [22]. In general, P ≤ 0.05 were represented signi�cantly enriched pathways.

Construction of the immune-related risk score system
We further investigated these selected genes for constructing immune related prognosis signature.
Univariate Cox regression analysis was applied to identify possible prognosis immune genes.
Multivariate linear Cox hazards regression was performed to construct the best prognostic model in ESCA
patients by survival package in R software. Finally, the prognostic signature (six-gene), risk score, was
calculated based on gene expression and Cox regression coe�cient as followed:

In the formula, n, Expi, and βi represented the number of hub genes, gene expression level and regression
coe�cient value, respectively. Accordingly, patients were ranked with risk score into high and low risk
group by using the median value as the cutoff point. The distribution of the survival status was validated
based on risk score levels. The higher risk score, the poor prognosis ESCA patients have.

Assessment the prognosis value of immune signature
The 159 patients were randomly divided into two sets: validation set 1 (n = 80) and validation set 2 (n = 
79) (Table 1). The prognostic signature was identi�ed in entire TCGA data set and the prognosis
performance of the model was validated in both three sets. Given the effect of immune signature on
survival outcomes in ESCA, we then veri�ed the prognosis value of the six-gene model. K-M survival
curves with Log-Rank test were applied to compare the OS effect of prognosis signature in high and low
risk groups. The predictive accuracy of prognosis signature was determined by the time-dependent
receiver operating characteristic (ROC) curve [23]. The area under the curve (AUC) of ROC curve was
calculated to evaluate the accuracy of the immune signature by survival ROC package in R and an AUC > 
0.70 was considered to have good predictive value. Likewise, we used uni- and multivariate linear Cox
regression analysis to investigate the in�uence of clinical parameters in the prognosis signature by
survival package in R and IBM SPSS 25.0 program.

Exploration the prognosis value of in�ltrating immune cells
in TME
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Given the key effect of in�ltrating immune cells in TME, we analyzed the relationship between immune
genes and in�ltrating immune cells by Tumor Immune Estimation Resource (TIMER,
https://cistrome.shinyapps.io/timer/). The website of TIMER can be used to analyze the fraction of six
immune in�ltrating cells including B cells, CD8+ T cells, CD4+ T cells, neutrophils, macrophages and
dendritic cells in TME, and the correlation between genes and different immune cells. Furthermore,
CIBERSORT algorithm was performed to identify the fraction of in�ltrating immune cells (n = 22) in
patients with ESCA. CIBERSORT (http://cibersort.stanford.edu/) is a computational framework which can
estimate the proportions of 22 distinct immune cell types with gene expression pro�les from TCGA-ESCA
[24]. In �nal, a total number of 98 patients with CIBERSORT P value > 0.05 and OS were included. The
intersection between 159 patients and 98 patients with risk score showed 98 patients were analyzed for
further study. Based on risk score of prognosis signature, 98 patients were divided into high and low risk
groups by using the median cutoff value. In order to validate prognosis value of in�ltrating immune cells,
K-M curves and log-rank test were performed in ESCA patients. Finally, we identi�ed immune cells which
have the function to predict patients’ survival status. We also investigated the potential small molecule
drugs for immunotherapy of ESCA patients by drug-bank (https://www.drugbank.ca/drugs). Based on the
public websites or databases, we could discover immune cells related to survival and reveal the
relationship between immune prognosis signature and immune in�ltration cells in TME. Statistically
signi�cant P-value was set as ≤ 0.05.

Statistical analysis
In the present, Student t-test (for equal variances) was performed to statistical comparison. GraphPad
Prism 8.0 software was used to plot K-M survival curves. The analysis of Cox regression was conducted
by IBM SPSS 25.0 program. The heatmaps and pheatmaps were generated by applying R package. All
statistical analysis was conducted to determine independent prognostic factors which can predict
patients’ survival status by the R package (R software version 3.5.2). P-value (two-sided test) less than
0.05 was considered signi�cant with the purpose of ensuring the reliability of the results.

Results

Identi�cation of differentially immune genes in patients of
ESCA
In this study, we obtained 4102 differentially expression genes from TCGA-ESCA data in totally
(Additional �le 1: Figure S1a-b). Then, we intersected these genes with 2498 immune-related genes from
ImmPort database, which was performed by Venn diagram (Additional �le 1: Figure S1c). In the end, 303
differentially immune-related genes were �ltered out for further analysis (|log 2 FC| > 1, P-value < 0.05,
Additional �le 1: Figure S1d-e). In order to exploration of the potential biological signi�cant of the
differentially expressed immune genes, GO categories (top 20, Additional �le 2: Figure S2a, Additional �le
3: Table S2) and KEGG pathway (top 20, Additional �le 2: Figure S2b, Additional �le 4: Table S3) were
applied by Metascape. In GO analysis, we detected that these differentially immune genes are mainly
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enriched in immune related pathways including receptor ligand activity, cytokine-mediated signaling
pathway, response to tumor necrosis factor, lymphocyte activation, response to interferon-gamma,
immune effector process and cell proliferation. The signi�cant KEGG pathways were also enriched in
immune related signal pathway like chemokine and cytokine signaling pathway, natural killer cell
mediated cytotoxicity, cancer pathway, NF-kappa B signaling pathway, T cell or Th17 cell signaling
pathway and PI3K-Akt signaling pathway. Meanwhile, we represented these pathways in a network way,
which is more conducive to observe and understand the interaction of these biological processes
(Additional �le 5: Figure S3). Taken together, these signal pathways represented that these immune genes
(n = 303) play a crucial role in immune and cancer responses.

Construction of the immune-related prognosis signature in
the entire TCGA set
For construction of prognosis signature, the entire ESCA patients (n = 159) as training cohort. Firstly,
survival related immune genes were selected by performing univariate Cox hazards regression analysis.
We thus obtained survival genes as candidate for further construction of prognostic signature in ESCA
patients. Furthermore, multivariate linear Cox hazards regression analysis were applied to select
independent prognostic factors of expressed immune genes. Finally, we established prognosis signature
consisting of six immune-related genes (HSPA6, S100A12, FABP3, DKK1, OSM, and NR2F2, Table 2).
Meanwhile, risk score was calculated based on gene expression and Cox regression coe�cient as
followed:

Risk score = 0.008 * Exp of HSPA6 + 0.004 * Exp of S100A12+0.042 * Exp of FABP3 + 0.010 * Exp of
DKK1 + 0.271 * Exp of OSM + 0.012 * Exp of NR2F2

Table 2
The detailed information of identi�ed six genes signi�cantly

related to overall survival in ESCA patients

ID Coef(βi) HR 95%CI of HR P-value

HSPA6 0.008 1.008 1.004–1.013 0.000

S100A12 0.004 1.004 1.002–1.005 0.000

FABP3 0.042 1.043 0.994–1.093 0.085

DKK1 0.010 1.010 1.000-1.020 0.049

OSM 0.271 1.312 1.119–1.537 0.001

NR2F2 0.012 1.012 1.001–1.023 0.032

Then, entire ESCA patients were randomly divided into two sets: validation set 1 (n = 80) and validation
set 2 (n = 79) to validate the risk model. Based on median of risk value, patients were separated into low-
risk and high-risk groups in entire TCGA set (n = 159, Fig. 2a), TCGA test set (n = 80, Fig. 2b) and TCGA
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validation set (n = 79, Fig. 2c), respectively. We found that patients with increasing risk score have shorter
survival time both in three cohorts. These results showed that six immune-gene signature (risk score
system) may have more prognosis function. Given the signi�cance of prognosis model to clinical
application, we performed univariate and multivariate survival tests to prove the relationship between risk
model and different clinical pathological parameters including pathological stage-N, pathological stage-
M, cancer stage, cancer status, lymph node metastasis, radiation therapy and new event (Table 3).
Univariate survival analyses showed that risk score and some clinical parameters (pathological stage-N,
pathological stage-M, cancer stage, cancer status and lymph node metastasis) can be prognosis
biomarker in ESCA patients (n = 159, Fig. 2d). Further multivariate survival analysis con�rmed that risk
score (P = 0.003) and cancer status (P < 0.001) were independent prognostic indicators for ESCA patients
(Fig. 2e). Although other clinical indicators in multivariate survival analysis were less powerful, they still
have potential value in clinical application. It is notable that risk score risk model also has prognostic
signi�cance under the in�uence of clinical factors.

Table 3
Univariable and multivariable Cox regression analyses for risk score and different clinical pathological

parameters in ESCA

    Univariable analyses Multivariable analyses

Clinical feature Number HR 95%CI of
HR

P-
value

HR 95%CI
of HR

P-
value

Risk score(low risk/ high
risk)

81/78 2.198 1.307–
3.697

0.003 3.203 1.472–
6.967

0.003

Pathological stage-
N(N0/N1-N3)

64/83 3.018 1.611–
5.651

0.001 2.774 0.958–
8.032

0.060

Pathological stage-
M(M0/M1)

126/15 3.159 1.656–
6.027

< 
0.001

0.468 0.158–
1.391

0.172

Cancer stage(stage I-II/stage
III-IV)

87/68 2.759 1.626–
4.679

< 
0.001

1.322 0.498–
3.509

0.575

Cancer status(tumor
free/with tumor)

91/58 3.170 1.817–
5.531

< 
0.001

10.055 2.939–
34.403

< 
0.001

Lymph node
metastasis(no/yes)

83/43 1.846 1.061–
3.211

0.030 0.513 0.184–
1.427

0.201

Radiation therapy(yes/no) 16/113 0.797 0.374–
1.698

0.557 2.884 0.835–
9.966

0.094

New event(no/yes) 89/70 1.261 0.764–
2.082

0.364 0.222 0.085–
0.584

0.002

Validation of the predictive performance of immune
prognosis signature
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Based on uni- and multivariate Cox hazards regression analysis, we observed that prognosis signature
can be independent prognostic biomarker to indicate patients’ survival outcome. In order to validate the
predictive capability of prognostic signature, survival curves were performed by K-M survival analysis in
three cohorts. The time-dependent ROC curves were applied to assess the accuracy of predictive function
of this prognosis model in three cohorts. In entire TCGA data set, the K-M survival curve showed that the
prognostic signature indeed can well distinguish patients into high or low survival rate (P = 0.0034,
Fig. 3a). ROC curve (AUC) for predicting patients survival con�rmed that the identi�ed prognostic
signature has the robust e�ciency to predict the OS for ESCA patients (AUC = 0.757, Fig. 3b). In validation
set 1, the K-M survival curve (P = 0.0081, Fig. 3c) and ROC curve (AUC = 0.800, Fig. 3d) also showed that
the prognosis signature indeed have good predictive ability in ESCA patients. In validation set 2, the K-M
survival curve also showed evident gaps between low-risk and high-risk patients (P = 0.0363, Fig. 3e) and
the ROC curve (AUC = 0.701, Fig. 3f) again validated. We observed that the median survival time (MST) of
patients in high risk group was lower than other group in both three cohorts. These results showed that
the prediction model can be good prognosis indicator in patients with ESCA.

Independent prognostic value of six immune-gene
signature and clinical parameters
Based on the previous stepwise Cox regression analysis, we know that clinical parameters were effective
prognosis predictors in patients with ESCA. Thus, we performed the K-M survival curves to validate the
prognosis difference of clinical parameters including pathological stage-N (P = 0.0001, Fig. 4a),
pathological stage-M (P = 0.0002, Fig. 4b), cancer stage (P < 0.0001, Fig. 4c), cancer status (P < 0.0001,
Fig. 4d) and lymph node metastasis (P = 0.0196, Fig. 4e) in two (high/low) risk groups. Obviously, clinical
parameters can distinguish survival difference between different subtypes. The difference of MST
between two subtypes of the same clinical factor was signi�cant. Patients who were in pathological
stage-N0, in pathological stage-M0, in stage I-II, tumor free (without tumor) and without lymph node
metastasis had better prognosis compared with other subtypes. These results further validated that these
clinical indicators indeed have good prognosis value in patients of ESCA.

Considering the clinical value of prognostic model, strati�ed survival analysis was performed to validate
whether the prognosis model can distinguish survival difference between different subtypes. For clinical
parameters of pathological stage-N (N0 or N1-N3, Fig. 5a-b), pathological stage-M (M0 or M1, Fig. 5c-d),
cancer stage (stage I-II or stage II-IV, Fig. 5e-f), cancer status (tumor free or with tumor, Fig. 5g-h) and
lymph node metastasis (No or Yes, Fig. 5i-j), we found that the MST of patients with high risk was lower
than other group. Risk signature based on the integrated six immune genes can be con�rmed as
independent prognostic indicator and indeed signi�cant in clinical application in ESCA.

Revealing the relationship between prognostic signature
and tumor-in�ltrating immune cells in TME
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Study reported, in�ltration of immune cells in tumor microenvironment was accompanied by cancer
initiation and progression [25]. Further investigation indicated that the presence of in�ltrating immune
cells can be used as biomarker for immunotherapy response [26]. Therefore, we evaluated the correlation
between prognosis signature we identi�ed and six types of immune cells. Based on the database of
TIMER, we discovered that six immune genes from prognosis signature have good relationship with these
in�ltrating immune cells (Additional �le 6: Figure S4). In order to estimate more immune cells, we applied
CIBERSORT algorithm [27] to verify the proportions of 22 immune cells ESCA. Firstly, we assessed the
abundance of distinct immune cells in each ESCA patient (Fig. 6a) and two (low/high) risk groups
(Fig. 6b) in bar charts. Then, we investigated the correlation of each cell type which showed that B cells
naive were highly correlated with plasma cells in ESCA patients (Fig. 6c). In order to observe the
prognosis value of immune cells, K-M survival curves were performed in patients. Survival curves
con�rmed that activated memory CD4 T cells (P = 0.0195, Fig. 6d), T cells follicular helper (P = 0.0380,
Fig. 6e) and monocytes (P = 0.0418, Fig. 6f) have prognostic bene�t for ESCA patients. All above results
show that the in�ltrating immune cells in TME were associated with prognosis. In addition, based on drug
targeted analysis of prognosis signature, we found that Olopatadine and Amlexanox can be potential
drugs of immunotherapy in ESCA patients by drug-bank database. All of them can target gene of
S100A12 (one of six hub genes in prognosis signature). Studies reported the inhibition of in�ammation
for these drugs [28, 29]. We deeply hope these small molecule drugs have clinical value and applied for
patients to improve prognosis. Therefore, what we identi�ed in the study could provide prognosis
biomarker based on immune genes for ESCA patients and eventually apply to personalized immune-
targeted therapy.

Discussion
ESCA is an aggressive disease with highly malignant and poor prognosis [30]. In recent years, novel
biomarkers established to predict the prognosis of cancer patients have been emerging, especially
immune related gene signatures. Although immunoassays have been performed in a variety of cancers,
related analysis in ESCA is rare. We should carry on the prognosis analysis of immune genes in ESCA
patients to explore clinical signi�cance and potential molecular mechanism. In our study, we developed a
prognostic signature consisting of multiple immune genes to predict the survival outcome by integrated
analysis of various databases. Finally, we construct a prediction model with six genes (HSPA6, S100A12,
FABP3, DKK1, OSM, and NR2F2), which can predict the prognosis powerfully. In addition, we detected
immune cells in�ltration and evaluate potential clinical results.

Notably, all six hub genes in signature have prognosis value in the development of cancers. Study
reported that HSPA6 (heat shock proteins, member of HSP70 family) was related to suppress apoptosis,
cancer and participate in TME, which was identi�ed as potential targets in ovarian cancer [31].
Overexpression of HSPA6 played a critical role in the recurrence of hepatocellular carcinoma (HCC), which
was validated as a potential biomarker in HCC [32, 33]. S100A12 belongs to calcium-binding S100 group
proteins, which was necessary in cancer development. S100A12 was related to the proliferation and
invasion of human papillary thyroid cancer (PTC), and may be an effective target for PTC treatment [34].
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Meanwhile, S100A12 can be important diagnostic biomarker in breast cancer [35]. It has been reported
that S100A12 have prognosis value in HCC [36]. FABP3 is fatty acid binding proteins, which involved in
tumor genesis [37]. Tang and colleagues have reported that high expression of FABP3 can indicate worse
survival in patients of non-small cell lung cancer [38]. Studies also reported that FABP3 can be prognosis
biomarker in breast cancer [39] and ovarian cancer [40]. DKK1 (Dickkopf-related protein 1) was
associated with prognosis of breast cancer [41]. It has been demonstrated that DKK1 can be prognosis
factor in pancreatic ductal adenocarcinoma [42]. OSM (oncostatin M) was involved in tumor
development and insulin resistance [43]. It has been reported that OSM as a risk factor promote breast
cancer metastasis [44]. Studies indicated that the expression of NR2F2 (Nuclear receptor subfamily 2) are
associated with survival outcome in gastric cancer [45] and breast cancer [46]. In general, we found that
these genes are related to cancer or prognosis by reviewing the existing reports. The prognosis signature
based on six genes is very reliable.

In this study, we established a TME-related prognosis biomarker to predict survival ending for ESCA
patients based on immune related genes by integrated analysis of databases. Afterwards, we performed
univariate and multivariate Cox regression analysis to identify survival related immune genes. Meanwhile,
patients were separated to two (low/high) risk groups by risk score system. Finally, we developed six-gene
biomarker as a novel prognosis model and analyzed their ability to predict prognosis in different cohorts.
The results have con�rmed that the predictive model of immune genes could independently distinguish
that high risky patients have worse survival compared to low risky group in ESCA. Given the importance
of clinical factors, K-M survival curves of OS were applied in different clinical pathological parameters. As
shown in results, clinical factors are associated with OS of patients. Importantly, the prognosis signature
is also independent indicator and has good performance to predict the survival when adjustment clinical
parameters including pathological stage-N (N0 or N1-N3), pathological stage-M (M0 or M1), cancer stage
(stage I-II or stage II-IV), cancer status (tumor free or with tumor) and lymph node metastasis (No or Yes).
In conclusion, the six-gene model can predict patients’ prognostic features and apply on ESCA patients
for appropriate therapy to prolong their survival time.

The accelerated deterioration of cancer is not only related to malignant cells, but also affected by the
microenvironment [47]. Tumor-in�ltrating immune cells in TME play an important role in improving
antitumor and immunotherapeutic effects. Therefore, we discussed the relationship between immune
gene signature and in�ltrating immune cells to re�ect the TME of ESCA. Notably, six hub genes of
signature have relationship with many immune cells including B cells, macrophage, dendritic cells and T
cells by performed TIMER (only including six types of immune cells). Furthermore, we applied CIBERSORT
to detected survival-related immune cells. In results, activated memory CD4 T cells, T cells follicular
helper cells and monocytes can predict survival of patients. The importance of T cells and monocytes in
cancer immunotherapy was indeed reported [48, 49]. Study reported that T cells follicular helper cells can
indicate prognosis in BRCA patients [50]. Therefore, not only genomic signature but also in�ltrating
immune cells in TME can represent promising candidates for predictive and prognostic biomarkers.
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Conclusion
In conclusion, we applied an integrated study and established a novel six immune gene signature for the
survival prediction of ESCA patients. We veri�ed that the prognosis signature has clinical implications in
ESCA patients. In addition, the prognosis signature provided a landscape of TME and revealed OS related
immune cells. Taken together, our study could contribute to elucidate the prognosis value of gene
signature and provided new targets for immunotherapy and individualized therapies in ESCA.
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Figure 1

Flowchart of this study.
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Figure 3

Identi�cation of the immune‐related prognosis risk score system. Distribution of risk strati�cation based
on prognosis signature was validated in three cohorts including a entire TCGA set, b validation set 1 and
c validation set 2. Forest plots showed signi�cantly survival-related clinical pathological parameters by
performing univariate d and multivariate e Cox regression analysis. 95% CI, 95% con�dence interval
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Figure 5

Veri�cation of the predictive performance of immune prognosis signature. Kaplan-Meier survival curves
of prognostic signature for ESCA patients in a entire TCGA set (n=159), c validation set 1 (n=80) and e
validation set 2 (n=79). b, d, f ROC curves were performed to validate predictive accuracy of immune
prognosis model in three cohorts, respectively. MST, median survival time; HR, hazard ratio; 95% CI, 95%
con�dence interval
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Figure 7

Veri�cation of prognostic value in clinical pathological parameters. The Kaplan-Meier survival curves of
prognostic model under the clinical pathological parameters including a pathological stage-N, b
pathological stage-M, c cancer stage, d cancer status and e lymph node metastasis. MST, median
survival time; HR, hazard ratio; 95% CI, 95% con�dence interval
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Figure 9

Strati�ed prognostic analysis in clinical pathological parameters for ESCA patients. The Kaplan-Meier
survival curves of prognostic model in the clinical subtype of pathological a stage-N (N0 or N1-N3), b
pathological stage-M (M0 or M1), c cancer stage (stage I-II or stage II-IV), d cancer status (tumor free or
with tumor) and e lymph node metastasis (No or Yes). MST, median survival time; HR, hazard ratio; 95%
CI, 95% con�dence interval
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Figure 11

The relationship between prognostic model with 22 immune cells in ESCA. a The fraction of 22 immune
cells’ subpopulations in ESCA patients. b Differently composition of various in�ltrating immune cells in
two risk (high/low) groups. c Correlation analysis of all 22 immune in�ltrating cells. The immune cells
related to survive including d activated memory CD4 T cells, e T cells follicular helper and f monocytes.
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Small molecule drugs of g Olopatadine and h Amlexanox. MST, median survival time; HR, hazard ratio;
95% CI, 95% con�dence interval
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