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Background: This study investigates the prognostic value of MO macrophage-related genes (MOMRGs) in esophageal cancer (ESCA)
and identifies novel targets for immunotherapy.

Methods: Differentially expressed genes (DEGs) were screened with ESCA-related expression profile data (GSE5364 and
GSE17351) from the GEO database, followed by GO and KEGG pathway enrichment analyses. Then, immune cell infiltration was
examined with the CIBERSORT algorithm and multiplex fluorescence-based immunohistochemistry (MP-IHC). ESCA-related gene
expression data and relevant clinical information were retrieved from TCGA. MOMRGs were identified with TCGA-ESCA based on
Spearman’s correlation coefficient. Additionally, LASSO and Cox regression analyses were conducted to further construct an
MOMRG-related prognostic model. ATP6VOD2 and MMP12 expression in ESCA was analyzed with tissue microarray. Finally, the
half maximal inhibitory concentrations (IC50) of commonly used chemotherapeutics in TCGA-ESCA were calculated with the
“oncoPredict” R package.

Conclusion: In summary, ATP6VOD2 and MMPI12 were crucial components in a prognostic risk model for ESCA and were
associated with poor prognoses, implicating the involvement of elevated MO macrophages in disease progression and providing
potential therapeutic targets and strategies for ESCA.
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Introduction

Esophageal cancer (ESCA) is one of the most prevalent malignancies worldwide, ranking seventh among the most
common cancers worldwide in 2020, with approximately 604,000 new cases and 544,000 deaths annually.' Based on
histological classification, ESCA is primarily allocated into two subtypes: esophageal squamous cell carcinoma (ESCC)
and esophageal adenocarcinoma (EAC).”> ESCA has the highest incidence rate in Asia and Africa, where ESCC is the
predominant subtype.® Notably, more than half of the global ESCC cases occur in China.*> ESCC is tightly associated
with various risk factors such as smoking, alcohol consumption, and other environmental exposures. In contrast, EAC is
more prevalent in Western countries and is frequently linked to conditions such as gastroesophageal reflux disease,
obesity, and Barrett’s esophagus.® These two subtypes have significant differences in their epidemiological profiles,
pathogenic mechanisms, and clinical presentations, which consequently affect their respective treatment strategies and
prognostic outcomes. ESCA typically presents with non-specific clinical symptoms at an early stage, making it difficult
to detect. As a result, most patients are diagnosed only when they progress to a locally advanced stage or have distant
metastasis.’ Therefore, there is an urgent need to identify specific and sensitive biomarkers for the treatment and

prognostic prediction of ESCA.
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With the gradual deepening of domestic and international research on tumor immunology, immunotherapy, as a new
treatment method, has experienced tremendous changes in cancer treatment and has become a hot spot in tumor
research.® Macrophages are essential components of the tumor microenvironment (TME) and the strategies targeting
macrophages for cancer immunotherapy have attracted much attention.”'® The anti-tumor potential of macrophages may
provide novel therapeutic approaches. Macrophages possess versatile functions depending on their activation states,
including resting (MO) and polarizing (M1 and M2) states.'' Conventionally, it’s believed that both M1 and M2
macrophages can originate from MO, a resting state without specific functions before polarization. However, a recent
study has analyzed immunophenotyping of glioma-associated macrophages with matched blood monocytes, healthy
donor monocytes, normal brain microglia, nonpolarized M0 macrophages, and polarized M1 and M2 macrophages; this
study demonstrates that glioblastoma-associated myeloid cells sustain a continuum state and have characteristics of both
M1- and M2-like phenotypes while resembling MO macrophages and that the differentiation of MO macrophages, rather
than M1 or M2 macrophages, is associated with high-grade tumors and can predict the poor prognosis of glioma.'? The
study illuminates the tumorigenic role of MO macrophages in gliomas, unveiling a novel perspective. Furthermore, Chen
et al have observed markedly higher levels of MO macrophages in hepatocellular carcinoma tissues than in normal liver
tissues, and based on these findings, they have subsequently developed a prognostic model.'* However, the cellular
infiltration and molecular features of M0 macrophages and their correlation with clinicopathological characteristics of
ESCA need further investigation.

In the present study, we aimed to explore an MO macrophage-related biomarker for predicting the prognosis of ESCA.
After Cox and LASSO regression analyses, a risk-score model was generated based on M0 macrophage-related genes
(MOMRGs), matrix metallopeptidase 12 (MMP12), and ATP6VOD2. MMP12, also called macrophage metalloelastase,
has first been found in human alveolar macrophages.'* MMP12 is a member of the family of zinc-dependent proteases
that are responsible for the degradation of extracellular matrix components.'> A prior study has reported that MMP12
upregulation is significantly correlated with tumor grading and staging, nodal metastasis, and poor survival of ESCC,
demonstrating that MMP-12 is an independent prognostic factor for ESCC.'® Lysosomal hydrolases require an acidic
environment, which is facilitated by the proton-pumping activity of vacuolar-type ATPases (V-ATPases). V-ATPases is
a complex consisting of a cytosolic V1 domain (8 subunits required for ATP hydrolysis) and an integral membrane VO
domain (6 subunits in yeast, with an Ac45 protein in complex eukaryotes for the proton-pumping activity), among which
ATP6V0OD2/subunit d2, ATP6V1D/subunit D, and ATP6VIF collectively constitute the central stalk of V-ATPases. This
complex rotates with the relevant Atp6V0C/proteolipid ring and favors the transmembrane transport of protons via ATP
hydrolysis in the V1 domain.'” ATP6VOD/subunit D has two isoforms, ATP6VOD1 and ATP6VOD2, which share 82%
sequence identity.'® Of note, ATP6V0D2 functions as an oncogene in esophagus cancer and is associated with epithelial-
mesenchymal transition.'” However, little is known about the impact of ATP6V0D2 and MMP12 on tumor grading and
staging and anti-tumor immunity.

Hence, our study comprehensively delved into the correlation between ATP6V0D2 and MMP12 expressions and the
malignancy level of ESCA using ESCA-related tissue microarray. Additionally, the immune microenvironment of ESCA
was observed and macrophage infiltration in both high- and low-risk groups of ESCA patients was assessed using
multiplex fluorescence-based immunohistochemistry (MP-IHC). This study may offer innovative targets for the immu-
notherapy and prognosis of ESCA.

Methods and Materials
Data Access and Differentially Expressed Gene (DEG) Screening

In this study, the transcriptomic, somatic mutation, and clinical data of the ESCA cohort were obtained from The Cancer
Genome Atlas (TCGA) data portal (https://cancergenome.nih.gov/) and Gene Expression Omnibus (GEO, http:/www.
ncbi.nlm.nih.gov/geo/) datasets (GSE5364 and GSE17351). The study applied specific inclusion criteria, including

patients histologically diagnosed with ESCA and had both gene expression data and clinical information. Cases lacking
clinical data or having insufficient follow-up time were excluded, as detailed in Table S1. The gene expression profiles of
ESCA patients in the GSE5364 and GSE17351 datasets were analyzed. A logarithmic (base 2) transformation was
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applied to normalize the dataset. The R package “limma” was used for differential analysis [P < 0.05 and log2 (fold
change) > 2].%° Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment

21723 were performed in R software with the package “clusterProfiler”.?**> The somatic mutation data were

analyses
visualized using the “maftools” R package.”® MOMRGs were identified based on Spearman’s rank correlation coefficient

(P < 0.001, [R] > 0.5).

Immune Cell Infiltration Analysis

CIBERSORT?” was utilized to quantify the relative proportions of 22 types of immune cells in each sample (GSE5364
and GSE17351) and analyze immune cell infiltration in samples of high-risk and low-risk groups (from TCGA-ESCA).
The correlation of risk scores with immune infiltration and immune checkpoint was analyzed using Spearman’s
correlation coefficient. MOMRG-associated biological functions in ESCA were identified using GO analysis.

Establishment of an MOMRG Signature

LASSO and Cox regression analyses were conducted to further construct the prognostic model of MOMRGs in the
TCGA-ESCA dataset. The risk score was calculated with MOMRG expression and coefficient values as follows:
coefficient 1 x MOMRG 1 expression + coefficient 2 x MOMRG 2 expression. ESCA patients were assigned to the
low- and high-risk groups based on the mean risk score (0.734). Survival analysis was performed using the “survival”
R package. The independent prognostic factors were determined through univariate and multivariate Cox regression
analyses. The nomogram and calibration curves were formulated with the “rms” R package.”® The nomogram integrated
the risk score with key clinical features (such as gender, tumor stage, and other significant covariates). Each variable was
assigned a point value proportional to its predictive weight, derived from the model coefficients. These points were
summed to calculate the total score for each patient, which was then mapped to specific survival probabilities on the
nomogram. Calibration curves were generated to evaluate the agreement between the predicted survival probabilities and
the actual observed outcomes, thereby ensuring the reliability of the nomogram’s predictions.

Gene-Set Enrichment Analysis (GSEA)

GSEA was performed using GSEA v4.1.1 software to interpret MOMRG-related pathways in the whole TCGA-ESCA
cohort. The gene sets of “c2.cp.kegg.symbols.gmt” were selected for GSEA. A P-value < 0.05 (adjusted by false
discovery rate) indicated a statistically significant difference.

Evaluation of Potential Model Significance in Clinical Treatment

A sensitivity analysis of chemotherapeutics was performed to identify the differences between the high- and low-risk
groups to evaluate potential clinical heterogeneity. The half maximal inhibitory concentrations (IC50) of commonly used
chemotherapeutics were calculated using the TCGA-ESCA project dataset with the “oncoPredict” R package.”

Immunohistochemistry and Tissue-Microarray Analysis

A total of 96 primary ESCA tissue samples and 6 adjacent normal esophageal tissue samples were collected from patients
undergoing surgery at the West China Hospital of Sichuan University. After surgical removal, the samples were
immediately frozen in liquid nitrogen. This study was conducted following the Declaration of Helsinki (as revised in
2013) and was approved by the Ethics Committee on Biomedical Research of West China Hospital of Sichuan University
(No. 2019-318). Informed consent was obtained from all patients or their guardians.

All tissues were assembled into a tissue microarray. Immunostaining for ATP6V0OD2 and MMP12 was performed
following the standard procedures. ATP6VOD2 antibody (ab236375; Abcam) and MMP12 (ab137444, Abcam) anti-
bodies were used. The percentage of positively stained cells was scored as 0 (cells <5%), 1 (5% to 25%), 2 (26% to
50%), 3 (51% to 75%), and 4 (76% to 100%). The positive staining intensity was scored as 0 (no staining), 1 (weak
staining), 2 (moderate staining), and 3 (strong staining). The expression levels of ATP6V0OD2 and MMP12 were assessed
to determine their immunoreactive scores (IRSs) using the algorithm IRS=SixPi (where Si and Pi represent the
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intensity and percentage of positively stained cells, respectively). Samples were allocated into four groups based on their
IRS: 0, negative (-); 14, weakly positive (+); 5-8, positive (++); and 9-12, strongly positive (++ +).

MP-IHC

Eight markers were used for MP-IHC staining to detect pan-macrophages (CD68, ab213363), M1 macrophages (CDS8O0,
ab315832), M2 macrophages (CD163, ab182422), CD8" T cells (CD8, ab237709), regulatory T (Treg) cells (Foxp3,
ab20034), a-smooth muscle actin (a-SMA, ab7817), tumor cells (PanCK, ZM-0069), and 4',6-diamidino-2-phenylindole
(DAPI). The seven-color multiplex immunofluorescence was conducted using an Opal 7-Color Manual THC kit
(PerkinElmer, NEL811001KT) as per the manufacturer’s protocol and imaged by a PerkinElmer Vectra 3.0 (Perkin
Elmer, Hopkinton, MA) multispectral microscope.

Statistical Analysis
All statistical analyses were carried out with the R package v4.1.1. A P-value of less than 0.05 was considered
a statistically significant difference.

Results
DEG Expression Profiles in ESCA

DEG analysis was performed to identify genes with altered expression between ESCA and normal tissues. Two
independent datasets, GSE5364 and GSE17351, were analyzed using the “limma” and “heatmap” R packages to generate
heatmaps of the top 20 DEGs (Figure 1A and B). After intersecting the two datasets, a total of 200 DEGs were identified,
of which 113 were upregulated and 87 were downregulated in ESCA tissues compared to normal tissues (Figure 1C,
Table S2). These DEGs were subsequently subjected to KEGG pathway enrichment analysis using the “clusterProfiler”
R package. The results indicated significant associations with key pathways involved in ESCA development, including
pathways related to cancer progression, immune modulation, and metabolism (Figure 1D). These findings underscored
the complex molecular mechanisms driving ESCA and suggested potential therapeutic targets. However, further
investigations are needed to fully understand the interaction networks and biological roles of these genes in the
ESCA TME.

Analysis of Immune Cell Infiltration

To investigate the immune landscape of ESCA, we utilized the “CIBERSORT” R package to quantify the infiltration
levels of 22 immune cell types in both ESCA and normal tissue samples. The analysis revealed that plasma cells, MO
macrophages, and M1 macrophages were significantly enriched in ESCA tissues compared to adjacent normal tissues.
Conversely, resting memory CD4" T cells, monocytes, resting mast cells and resting dendritic cells were found to be
more abundant in normal tissues, indicating a potential immune imbalance in the TME. Notably, M0 macrophages
exhibited the highest enrichment in ESCA, highlighting their potential role in modulating the immune response in ESCA
(Figure 2A). This observation suggested that M0 macrophages may play a crucial role in the tumor immune response,
and further analysis of MOMRGs could provide valuable insights into ESCA prognosis. To investigate the relationship
between M0 macrophage infiltration and gene expression, we performed a co-expression analysis using the TCGA-ESCA
dataset (P < 0.001, |[R| > 0.5). This analysis identified 39 MOMRGs that were significantly correlated with MO
macrophage infiltration (Figure 2B and C, Table S3). This result was validated through MP-IHC, which confirmed the
localization of macrophages predominantly in the tumor stroma, near the tumor core, but not within the core region itself
(Figure 2D and E). These findings suggested that macrophages play an important role in ESCA immunotherapy, and
further studies on M0 macrophage biology may provide new therapeutic strategies for targeting the immune micro-
environment in ESCA.
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Figure | DEG expression analysis. (A) Heatmap analysis of the top 20 DEGs based on the GSE5364 dataset (Normal = |3, Tumor = 16). (B) Heatmap analysis of the top 20
differential genes based on the GSEI735I dataset (Normal = 5, Tumor = 5). (C) Venn diagram of the DEGs in GSE5364 and GSEI7351 datasets. (D) KEGG pathway
enrichment analysis.

Construction of a Prognostic Signature of MOMRGs

MOMRGs have been previously implicated in the prognosis of other cancers, such as hepatocellular carcinoma, but their
role in ESCA has not been extensively explored.> Our analysis of GO and KEGG enrichment pathways showed that
MOMRGs were involved in various biological processes, including immune modulation and tumor progression, which
are crucial for ESCA pathogenesis (Figure 3A and B). In this study, a prognostic model was constructed based on
MOMRGs using Cox regression and Lasso regression methods. After univariate Cox analysis on the 39 identified
MOMRGs, two genes were filtered, ATP6VOD2 and MMP12, as prognostic markers (Figure 3C, Table S4). The risk
score was calculated based on the expression levels of ATP6V0OD2 and MMP12, and patients were classified into the
high-risk and low-risk groups based on the median risk score (0.734) (Table S5). High-risk patients exhibited
a significantly poorer prognosis, with a three-year survival rate of only 36.8%, indicating that high-risk patients had
shorter overall survival than low-risk patients, who had a three-year survival rate of 43.7% (Figure 3D). Protein
expression levels of ATP6VOD2 and MMP12 were further validated using tissue microarray analysis. The results
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demonstrated that ATP6VOD2 and MMP12 expression levels were significantly higher in ESCA tissues compared to

adjacent normal tissues, reinforcing their potential as prognostic biomarkers (Figure 3E and F, Figure S1). In summary,
the risk score based on ATP6VOD2 and MMP12 expression levels was found to be an independent predictor of poor

clinical outcomes in ESCA patients.

Independent Prognostic Analysis of Risk Scores and Clinical Parameters
To assess the independent prognostic value of the risk score, we performed both univariate and multivariate Cox

regression analyses. It was found that both the tumor stage and the risk score were independent prognostic factors for

ESCA outcomes (Figure 4A and B). A prognostic nomogram was developed by integrating tumor stage and the risk
score, enabling the prediction of the 1-, 3-, and 5-year survival for ESCA patients (Figure 4C and D, Table S6).

Furthermore, the prognostic impact of the risk score was explored within subgroups of patients stratified by tumor stage.

The analysis results showed that among patients with low-grade (stage I-II) ESCA, those in the high-risk group had

a worse prognosis compared to those in the low-risk group. Similarly, in patients with high-grade (stage 11I-1V) ESCA,

patients in the high-risk group also exhibited poorer outcomes (Figure 4E). The time-dependent AUC analyses further

clarified the predictive ability of the risk score and ESCA staging for patient prognosis, demonstrating a modest

improvement in prognostic ability after incorporating the risk score (Figure S2). This result was also observed across

different genders, indicating that the prognostic value of the risk score was consistent regardless of sex (Figure 4F).
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Figure 4 Independent prognostic analysis of risk scores and clinical parameters. (A) Univariate independent prognostic analysis of ESCA. (B) Multivariate independent
prognostic analysis of ESCA. (C) Calibration curves for the overall survival. (D) Nomogram for predicting overall survival (predicting |-year, 3-year, and 5-year). Red line:
Represents the prediction trajectory corresponding to the specific variable values of an individual patient. Blue box: Represents the score range corresponding to the
variable values, indicating the contribution of different variable values to the model. Probability density curve: Represents the distribution trend of variable values in the
sample data, with peaks indicating the common value range of the variable. (E and F) Survival prediction by clinical parameters and risk scores. (G) PFS curves of patients
with ESCA. (H) Calibration curves for the PFS nomogram. (I) Nomogram for predicting PFS (predicting |-year, 3-year, and 5-year).

Abbreviations: T, Tumor; M, Metastasis; N, Node.

These findings underscored the ability of the risk score to stratify patients within the same pathological stage, effectively
identifying individuals at higher risk of poor prognosis.

Furthermore, we further investigated the impact of the risk score on progression-free survival (PFS) in patients with ESCA.
PFS was defined as the time interval from the date of initial diagnosis to the date of documented disease progression or death from
any cause. Patients who were alive without disease progression at the last follow-up were censored at that point. By considering
all deaths as PFS events, we provided a comprehensive assessment of patient outcomes. The analysis results showed that high-
risk ESCA patients had significantly shorter PFS compared to low-risk patients (Figure 4G). Moreover, a PFS-based nomogram
that incorporated both clinicopathological variables and the risk score was constructed to predict the 1-, 3-, and 5-year PFS for
ESCA patients (Figure 4H and I). These findings indicated that the pathological stage and risk score based on MOMRGs were
independent prognostic factors. While the pathological stage is a well-established marker for prognosis, the MOMRG risk score
may provide additional advantages by offering molecular-level insights into tumor behaviors. Specifically, the MOMRG risk
score can stratify patients within the same pathological stage and identify individuals with a high potential risk of poor prognosis

despite having a low-stage disease. This can enhance the precision of risk assessment and guide personalized treatment strategies.
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Figure 5 GSEA. (A and B) GSEA of the low-risk and high-risk groups.

GSEA

GSEA was performed to further explore the molecular pathways associated with the high- and low-risk groups. The low-
risk group showed significant enrichment in pathways related to glycerolipid metabolism, oxidative phosphorylation, and
histidine metabolism, which are indicative of a more metabolically active and less aggressive tumor phenotype
(Figure 5A). In contrast, the high-risk group demonstrated significant enrichment in pathways related to chemokine
signaling, cytokine-receptor interactions, and focal adhesion, which are associated with tumor progression, immune
evasion, and metastasis (Figure 5B). These findings suggested that distinct treatment strategies may be required for
patients with different risk profiles, highlighting the potential for pathway-specific interventions.

Immune Cell Infiltration and Tumor Mutation Burden (TMB) Between Different Risk
Groups

Immune cell infiltration analysis was conducted to deeply understand the differences in immune cell infiltration between
the low-risk and high-risk groups. The results revealed a significant enrichment of MO macrophages in the high-risk
group and an obvious enrichment of plasma cells, CD8" T cells, and monocytes in the low-risk group (Figure 6A). The
risk score demonstrated a positive correlation with MO macrophages and memory B cells but a negative correlation with
Treg cells, CDS8 T cells, and plasma cells. Additionally, ATP6V0D2 was positively associated with MO macrophages and
negatively associated with Treg cells, CD8" T cells, and plasma cells. MMP12 shared a positive association with M0
macrophages, activated mast cells, neutrophils, and memory B cells and a negative association with naive B cells, Treg
cells, CD8" T cells, and plasma cells (Figure 6B). Additionally, based on ATP6VOD2 and MMP12 expression levels,
tissue samples were acquired from ESCA patients in the high-risk and low-risk groups, followed by MP-IHC. Our
findings revealed that patients in the low-risk group showed significantly elevated infiltration of CD8" T and Treg cells
relative to those in the high-risk group (Figure 6C and D). These correlations suggested that the high-risk group may be
characterized by a more immunosuppressive microenvironment, which could contribute to worse outcomes.
Furthermore, a correlation analysis was conducted to determine the relationship between risk scores and immune
checkpoint molecules. The findings manifested that immune checkpoint molecules CTLA4, PDCDI1, CD274, IDO1,
HAVCR2, and PDCD1LG2 were upregulated in high-risk subjects versus low-risk individuals (Figure 6E). Additionally,
the number of mutated genes in each tumor sample was calculated to determine the TMB; it was found that the high- and
low-risk groups demonstrated substantial differences in TMB (Figure 6F and G). These findings may provide further

support for the clinical relevance of the risk score in predicting immune response and therapeutic sensitivity.
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Figure 6 Immune cell infiltration and TMB between the high- and low-risk groups. (A) Immune cell infiltration in high- and low-risk groups. (B) Correlation analysis
between risk scores and immune cells. (C and D) MP-IHC staining for infiltration of immune cells. (E) Correlation analysis between risk scores and immune checkpoints.
(F and G) TMB analysis in high- and low-risk groups. CD8" T cells: CDS8; regulatory T cells: Foxp3.

Finally, we explored the potential for drug sensitivity prediction based on the risk score using the “oncoPredict”
R package. The findings unraveled that an elevated risk score was linked to diminished IC50 values for various drugs,
including AMG-319 (Figure 7A), AZ960 (Figure 7B), AZD1332 (Figure 7C), Entospletinib (Figure 7D), Dasatinib
(Figure 7E), and PLX-4720 (Figure 7F). This highlights the potential of the MOMRG-based risk score not only as
a prognostic marker but also as a tool for guiding personalized treatment strategies.
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Discussion

In ESCA, MO macrophages as the predominant subset of immune cells exhibit diverse phenotypes and functions.”*°
Previous studies have provided evidence for the involvement of MO macrophages in gliomas.'? In ESCA, the polarization
of M0 macrophages towards M2 macrophages may promote immune evasion and tumor growth.>' However, due to the
lack of specific markers, the analysis of the functions of MO macrophages in the TME is hindered, resulting in their role
in ESCA not being fully elucidated. This study aimed to investigate the potential contributions of MOMRGs in the TME
and identify prognostic markers for ESCA.

Notably, our results indicated that elevated MOMRGs (ATP6VOD2 and MMP12) were associated with unfavorable
prognoses. ESCA tissue microarray and multivariate analysis results confirmed that upregulated ATP6V0D2 and MMP12
in tumor tissues were reliable independent prognostic markers for ESCA patients. A recent study has demonstrated that
ATP6VO0D?2, as a pivotal element in the macrophage-specific autophagosome-lysosome fusion mechanism, is crucial in
preserving organelle homeostasis within macrophages, therefore impeding inflammation and mitigating bacterial
infections.>> Moreover, another study has exhibited that lactate diminishes ATP6VOD2 expression in tumor-associated
macrophages to boost HIF-2a-mediated tumor progression.”® Nevertheless, whether ATP6VOD2 affects the function of
MO macrophages in ESCA needs to be further explored. Li et al have analyzed MMP expression patterns in ESCC
patients and found that MMP12 emerges as a significant predictor for the 5-year survival of ESCC patients and is
positively correlated with advanced clinical stages. The impacts of MMP12 extend to key tumor-associated pathways and
are associated with the infiltration of immune cells, especially activated mast cells and M0 macrophages, whilst MMP12
knockdown can effectively reduce ESCC cell proliferation, which collectively demonstrates that highly expressed
MMPI12 is a novel potential and valuable prognostic factor for ESCC.** Based on the above studies, MO macrophage
aggregation, which was observed in our study, may lead to poor prognosis in tumor patients. Nonetheless, there is still
a need to analyze the effect of MOMRGs on the function of M0 macrophages and to determine MO macrophage-specific
molecular markers with the use of ATP6V0OD2 and MMP12 transgenic mice (knockout or overexpression) and single-cell
sequencing techniques.
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Through MP-IHC, the present study determined that although the overall number of macrophages in the vicinity of
ESCA was elevated, M1 macrophage infiltration into the central region of the tumor was comparatively diminished,
which suggested that there may be a potential issue pertaining to tumor cell evasion. Furthermore, patients with high
ATP6V0OD2 and MMP12 expressions showed substantially more CD8 T and Treg cells in the low-risk group than those in
the high-risk group. CD8" tumor-infiltrating lymphocytes play an essential role in tumor rejection by recognizing tumor
antigens and directly killing transformed cells. Effector CD8" T cells in TME can produce interleukin (IL)-2, IL-12, and
interferon-gamma (IFN-y), which increases the cytotoxic capacity of CD8" T cells and facilitates targeted tumor cell
killing. Elevated levels of cytotoxic CD8" T cells in TME exert anti-tumor effects and can improve prognosis in all types
of cancer,®® consistent with our findings that high-risk ESCA patients had low CD8+ T cell infiltration. However, our
study also exhibited marked enrichment of Treg cells in the low-risk group, which is inconsistent with previous results
that Treg cells are the principal barrier to initiating the immune effects of immunotherapy.®® These results fully validate
that the heterogeneity of the tumor immune microenvironment is also a manifestation of the diverse responses of
different patients to immunotherapy. Innovatively, our study constructed a risk prediction model based on MOMRGs to
distinguish between high- and low-risk patients and screened out sensitive chemicals based on risk scores, thus providing
a new complementary regimen for immunotherapy.

Undoubtedly, there are some limitations in the present study. Specifically, the present study exclusively identified
ATP6VOD2 and MMPI12 as prognostic indicators. However, the correlation of ATP6VOD2 and MMP12 with MO
macrophages and the therapeutic effects of targeting ATP6VOD2 and MMP12 was not verified through in vivo and
in vitro experiments. Second, the distribution of sample sizes across different tumor stages is unequal. In short, samples
in stages I and IV were fewer than those in stages II and III. This imbalance reflects the clinical presentation of ESCA
and the availability of surgical specimens but may limit the generalizability of our findings across all disease stages.
Therefore, larger and more balanced cohorts are needed in the future to validate our results and to further explore the
roles of ATP6VOD2 and MMP12 in early and late-stage ESCA. Our study partially elucidated the functions of MO
macrophages, ATP6V0D2, and MMP12 in ESCA. By highlighting the potential significance of these factors, the present
study may provide preliminary guidance for future research on the therapeutic potential of targeting MO macrophages in
ESCA management.

Conclusion

In conclusion, our results demonstrated the significance of ATP6V0OD2 and MMP12 in the prognostic risk model for
ESCA, linking the presence of ATP6V0OD2 and MMP12 to unfavorable prognoses and unveiling a plausible involvement
of increased MO macrophages in ESCA progression. Additionally, our results also elucidated that high-risk scores were
associated with diminished responsiveness to certain chemotherapeutics. Overall, this study may provide novel ther-
apeutic targets and innovative treatment strategies for ESCA management.
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