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Background: Dysregulation of lipid metabolism is common in cancer. However, the molecular mechanism underlying lipid
metabolism in esophageal squamous cell carcinoma (ESCC) and its effect on patient prognosis are not well understood. The objective
of our study was to construct a lipid metabolism-related prognostic model to improve prognosis prediction in ESCC.

Methods: We downloaded the mRNA expression profiles and corresponding survival data of patients with ESCC from the Gene
Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA) databases. We performed differential expression analysis to
identify differentially expressed lipid metabolism-related genes (DELMGs). We used Univariate Cox regression and least absolute
shrinkage and selection operator (LASSO) analyses to establish a risk model in the GEO cohort and used data of patients with ESCC
from the TCGA cohort for validation. We also explored the relationship between the risk model and the immune microenvironment via
infiltrated immune cells and immune checkpoints.

Results: The result showed that 132 unique DELMGs distinguished patients with ESCC from the controls. We identified four genes
(ACAAL, ACOTI11, BAGALNTI1, and DDHD1) as prognostic gene expression signatures to construct a risk model. Patients were
classified into high- and low-risk groups as per the signature-based risk score. We used the receiver operating characteristic (ROC)
curve and the Kaplan-Meier (KM) survival analysis to validate the predictive performance of the 4-gene signature in both the training
and validation sets. Infiltrated immune cells and immune checkpoints indicated a difference in the immune status between the two risk
groups.

Conclusion: The results of our study indicated that a prognostic model based on the 4-gene signature related to lipid metabolism was
useful for the prediction of prognosis in patients with ESCC.

Keywords: biomarkers, esophageal squamous cell carcinoma, immune microenvironment, lipid metabolism, prognosis

Introduction

Esophageal cancer (EC) is the eighth most common cancer globally and ranks sixth in cancer-related mortality rates.'~
EC is typically categorized into two major histological subtypes, esophageal squamous cell carcinoma (ESCC) and
esophageal adenocarcinoma (EAC), based on distinct pathological features.** ESCC, the predominant histologic type of
esophageal malignancy, exhibits a high incidence, particularly in developing countries,” with China accounting for more
than half of all ESCC cases. ESCC poses a significant public health challenge due to its aggressive nature and limited
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treatment options, prompting extensive research efforts to better understand its etiology, progression, and therapeutic
strategies.

Currently, esophageal cancer (EC) is managed primarily with surgery, radiotherapy, and chemotherapy. Despite
extensive clinical efforts, patients with esophageal squamous cell carcinoma (ESCC) face a challenging prognosis.®
Targeted therapies offer promise for improving EC outcomes. Cetuximab and bevacizumab, for example, target the
epidermal growth factor receptor (EGFR) and vascular endothelial growth factor (VEGF), respectively. Trastuzumab, an
anti-human epidermal growth factor receptor 2 (HER-2) monoclonal antibody, and pembrolizumab, an inhibitor of
programmed cell death-Ligand 1 (PD-L1), represent drugs under investigation as novel treatment strategies for EC.
These agents target surface antigens, signaling pathways, or immune checkpoints.” Recent research into checkpoint
inhibitors for gastroesophageal cancers demonstrated that adding pembrolizumab to cisplatin-fluoropyrimidine che-
motherapy significantly enhanced survival in ESCC patients with a combined positive score of > 10 tumors, though
the benefit was less pronounced in unselected ESCC cases.® Additionally, in the context of emerging targeted therapies,
ESCC cell lines and patient-derived xenograft models displaying EGFR copy number gain (CNG) or overexpression
show potential candidacy for afatinib. Simultaneous EGFR/SFKs inhibition holds promise for reversing afatinib-acquired
resistance attributed to SFKs activation in ESCC.” With the increasing interest in immunotherapy, there is a growing
demand for predictive tools to aid clinical decision-making.

Metabolic dysregulation, particularly lipid metabolism, significantly influences cancer progression. Lipids provide
energy, structural components, and signaling molecules essential for cancer cell metastasis. Dysregulated lipid metabo-
lism, marked by changes in lipid metabolism-related genes (LMRGs), has prognostic value in various tumors.'® In ESCC
metabolic dysregulation affects prognosis. Studies identified key players, including fatty acid 2-hydroxylase (FA2H) and
LPCATI1, impacting ESCC progression. FA2H promotes metastasis through TNFa-FOXC2-FA2H signaling,!' while
inhibiting palmitic acid synthesis elevates IncRNA SLC25A21-AS1, enhancing proliferation and migration.'?
Cholesterol metabolism disruption also affects ESCC behavior. LPCAT1 negatively correlates with patient prognosis
and inhibits cell proliferation, invasion, and migration."* Plasma exosome analysis reveals a predictive marker set for
ESCC recurrence.'* These findings highlight the intricate role of lipid metabolism in ESCC.

Bioinformatics analysis, an interdisciplinary field combining life sciences with computational sciences, is widely
employed in screening tumor-specific genes and prognostic biomarkers, thereby aiding cancer therapy.'>' In this study,
we identified four lipid metabolism-related prognostic genes, ACAA1, ACOT11, DDHDI, and BAGALNT]1, which play
pivotal roles in lipid metabolism, and is crucial for cellular membrane integrity, energy production, and signaling
molecule generation. For esophageal squamous cell carcinoma (ESCC). We subsequently constructed a corresponding
prognostic model to predict patient survival. Additionally, we explored the relationship between the prognostic model,
immune infiltration, and drug sensitivity. Furthermore, we integrated clinical characteristics to develop a nomogram for
predicting ESCC patient survival rates, enhancing the clinical utility of the prognostic model. Consequently, our research
results offer new directions for ESCC treatment.

Materials and Methods

Data Source

We downloaded transcriptomic data and corresponding clinical information for 60 ESCC and 60 control samples from
the GSE53622 cohort in the Gene Expression Omnibus (GEO) database, and a total of 80 ESCC samples from the
TCGA-ESCA cohort downloaded from The Cancer Genome Atlas (TCGA) data portal was used to validate the
prognostic model. In addition, GSE53624 (119 ESCC and 119 normal samples) was used to validate the expression of
prognostic genes. A total of 856 lipid metabolism-related genes from 4 lipid metabolism datasets
(REACTOME_METABOLISM_OF_LIPIDS, REACTOME PHOSPHOLIPID METABOLISM, HALLMARK
FATTY_ ACID METABOLISM, and KEGG_GLYCEROPHOSPHOLIPID METABOLISM) were acquired from the
Molecular Signature Database (MSigDB).
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Identification of Differentially Expressed Lipid Metabolism-Related Genes (DELMGs)
on ESCC

We used the “limma” R package'” to determine whether genes were expressed differently in ESCC cases versus controls.
We determined the log,fold-change (FC) in expression and adjusted P-values (adj. P). Possible false-positive findings
were adjusted using the adj. P calculated using the Benjamini-Hochberg technique with the default parameters. Genes
that met the specific cut-off criteria of adj. P < 0.05 and |log,FC| > 1 were considered differentially expressed genes
(DEGs). We analyzed the intersecting genes (differentially expressed lipid metabolism-related genes, or DELMGs) of
DEGs and lipid metabolism-related genes using a Venn diagram.

Functional Enrichment of DELMGs

We performed the Gene Ontology (GO) annotation and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
enrichment analyses using the R package “clusterProfiler”'® to reveal the functions of DELMGs. The GO keywords
consisted of the following three divisions: biological process (BP), cellular component (CC), and molecular function
(MF). Adj. P < 0.05 was considered statistically significant.

Identification of Survival-Related DELMGs and Establishment of the Prognostic Gene

Signature

We used univariate Cox regression analysis to screen for DELMGs in the training set that were significantly associated
with the overall survival (OS) of patients. In the univariate Cox regression analysis, we used HR # 0 and P < 0.05 as
the criteria to screen candidate genes. Using the LASSO regression analysis, we constructed a prognostic model and used

the function “glmnet”"’

of the R package to minimize the risk of overfitting. Subsequently, based on gene expression and
the corresponding LASSO regression coefficient, we calculated the risk score of patients as follows:

Risk score = expression level of Gene 1 x corresponding coefficient of Gene 1 + expression level of Gene 2 x
corresponding coefficient of Gene 2 +...+ expression level of Gene n X corresponding coefficient of Gene n.

Then, based on the median risk score values, we classified patients into high-risk and low-risk groups. We used the
“survival” R package®® for performing the survival analysis between high-risk and low-risk groups. To evaluate the
predictive accuracy of the gene signature, we used the “plotROC™' R package for performing the time-dependent
receiver operating characteristic (ROC) curve analysis. With a process similar to that used on the training dataset, we

used the testing set to assess the prognostic value.

Comparison of the Immune Microenvironment Analysis in the High- and Low-Risk
Groups

Infiltrated immune cells play indispensable roles in tumor immunotherapies. We used the single-sample gene set
enrichment analysis (ssGSEA) method to determine the composition of 28 immune cell types in the GEO cohort. We
used this to compare infiltrated immune cells in samples with different risk scores. We used the “GSVA” R package* for
performing the ssGSEA. Additionally, we also compared the levels of expression of 43 immune checkpoints® between
the high- and low-risk groups.

Prediction of Therapeutic Sensitivity in Patients with Different Risk Scores

We investigated 138 drugs used in chemotherapies/targeted therapies for the predictive capacity of the risk score. Using
the “pRRophetic™** package, we inferred the 50% inhibiting concentration (IC50) value of the 138 drugs25 and normally
transformed the value.

Construction and Evaluation of the Predictive Nomogram

The nomogram was a useful assessment tool in the quantification of the risk to individuals in a clinical setting with the
integration of multiple risk factors. We integrated the independent predictive factors identified using univariate Cox
regression (P < 0.05) to construct a predictive nomogram with multivariable Cox regression analysis and constructed the
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corresponding calibration curves using the “rms” R package.”® The closer the calibration curve was to the 45 line, which
represented the best prediction, the better the prognostic prediction performance of the nomogram.

Tissue-Level Quantitative Polymerase Chain Reaction (Q-PCR) Validation in vivo

We analyzed six paired tumor and normal tissues using the quantitative polymerase chain reaction (Q-PCR) method. The
Ethics Committee of Inner Mongolia Cancer Hospital (KY202210) approved the study, and participants wrote informed
consent for their participation. We used six pairs of tissues collected from the Inner Mongolia Cancer Hospital and
Affiliated People’s Hospital of Inner Mongolia Medical University between July 2022 and August 2022.

The tissue of ESCC and normal samples was taken from each sample, and RNA was extracted from tissues with
TRIzol (Ambion, Austin, Texas, American). Then, the RNA concentration was detected with NanoPhotometer N50. Total
RNA was subjected to reverse transcription using SureScript-First-strand-cDNA-synthesis-kit (Saville, Wuhan, China)
from Saville. The quantitative PCR (QPCR) reaction system was made up of 3ul of cDNA, 5ul of 2xUniversal Blue
SYBR Green qPCR Master Mix and lul of each upstream and downstream primers. Finally, the reactions were
performed on a CFX96 real-time quantitative fluorescence PCR instrument. The amplification reactions were pro-
grammed with pre-denaturation at 95°C for 1 min, followed by 40 cycles, each cycle consisting of 95°C for 20s,
55°C for 20s, and 72°C for 30s. The relative expression of genes was calculated by the 222" method using GADPH as
the internal reference gene. The P value was calculated by GraphPad Prism 5 and less than 0.05 was considered to be
significantly different. The primer sequences were listed in Table 1.

Results

|dentification of DELMGs in ESCC

Following GEO dataset analysis, we successfully identified 2562 DEGs (ESCC vs control) with the criteria adj. P < 0.05 and
[log,FC| > 1, and this included 1012 upregulated and 1550 downregulated genes (Figure 1A). We used a heatmap to visualize
the top 10 upregulated genes and the top 10 downregulated genes ranked in the order of log,FC (Figure 1B). We retained the
132 overlapping genes from DEGs and lipid metabolism-related genes as DELMGs for subsequent analysis (Figure 1C).

Functional Enrichment Analysis of DELMGs
We used the R package “clusterProfiler” to perform the GO annotation and the KEGG pathway enrichment analyses to
obtain a deeper insight into the biological roles of these DELMGs. The top five significantly enriched GO-BP terms
included “fatty acid metabolic process”, “unsaturated fatty acid metabolic process”, “lipid catabolic process”, “olefinic
compound metabolic process”, and “icosanoid metabolic process”.

In the GO-CC analysis, the top five significantly enriched terms were “intrinsic component of endoplasmic reticulum

LLINNT3 LR T3

membrane”, “lipid droplet”, “peroxisomal matrix”, “microbody lumen”, and “intrinsic component of organelle membrane”.

Table 1 The Primer Sequences of Prognostic Genes

Primer Sequence

ACAAI F TACGACTCCCCCCTGAGAAG
ACAAI R CATTGAGCAGCGTGATGACC
ACOTII F ATCCAGAATGTCGGAAATCACC
ACOTII R CGCACGTAAGGCTGACTTC
DDHDI F AAGGAGAGTGCTACCCGGTGTA
DDHDI R CTGCCAAGTGCCGTCAATAAAC
B4GALNTI F CAGAAACAAGTCCGAGCTATTGA
B4GALNTI R GAGGGGCTGAACTTCCACAC
GAPDH F CCCATCACCATCTTCCAGG
GAPDH R CATCACGCCACAGTTTCCC
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Figure | Identification of differentially expressed lipid metabolism-related genes (DELMGs) in esophageal squamous cell carcinoma (ESCC). (A) The volcano plot of
differentially expressed genes (DEGs) between ESCC and control samples. (B) The heatmap of the top 10 up-regulated and down-regulated DEGs. (C) Venn diagram of
DEGs and lipid metabolism-related genes.
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GO-MF analysis revealed that these DELMGs were markedly enriched in “iron ion binding”, “monooxygenase

CEINT3

activity”,

CLINT3

heme binding”, “oxidoreductase activity, acting on paired donors, with incorporation or reduction of molecular
oxygen”, and “tetrapyrrole binding” (Figure 2A and B).
In addition, the markedly enriched KEGG pathways for these DELMGs were “arachidonic acid metabolism”, “fatty acid

EEINTY

degradation”, “linoleic acid metabolism”, “ether lipid metabolism”, and “glycerophospholipid metabolism” (Figureg 2C and D).

Prognosis Prediction Model of ESCC Based on the DELMGs
To further determine the DELMGs significantly related to the prognosis, we used univariate Cox analysis for screening
the training data set and identified four DELMGs with HR # 0 and P < 0.05 (Figure 3A). By applying the LASSO
regression analysis, we established a prognostic model using the expression profiles of the four genes mentioned above
(Figure 3B and C). Finally, we constructed a 4-gene (ACAA1, ACOT11, BAGALNTI, and DDHD1) prognostic model to
predict prognosis as follows:

Risk score=(—0.6763079 * ACAA1)+(—0.3210565 * ACOT11)+(0.2318823 * B4GALNT1) + (—0.6477728 * DDHD1).

We divided patients into a high-risk group (n=30) or a low-risk group (n=30) according to the median value of the
risk score in the GEO cohort (Figure 3D). The patients in the high-risk group had a higher probability of dying earlier
than those in the low-risk group (Figure 3E). Analogously, the Kaplan-Meier curve showed that the prognostic signature
clearly differentiated patients with high and low survival rates (Figure 3F). The area under the curve (AUC) confirmed
that the identified prognostic signature had a moderate efficiency for predicting the OS for patients with ESCC (AUC =
0.73, 0.76, and 0.77 at 1, 2, and 3 years, respectively, Figure 3G).

Validation of the 4-Gene Signature in the TCGA Dataset
Based on the median value of the risk score, we categorized patients with ESCC from the TCGA cohort into high-risk or
low-risk groups (Figure 4A). Patients in the high-risk group had a poorer prognosis compared to those in the low-risk
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Figure 2 Functional enrichment analysis of DELMGs. (A and B) The Gene Ontology (GO) terms enriched in DELMGs. (C and D) The Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathways enriched in DELMGs.
Abbreviations: BP, biological progress; CC, cellular component; MF, molecular function.

group (Figure 4B). The KM curve showed that the prognostic signature clearly differentiated patients with different
survival rates (Figure 4C). The AUC of ROC indicated that the 4-gene signature had moderate predictive ability (AUC =
0.58, 0.78, and 0.65 at 1, 2, and 3 years, Figure 4D).

Risk Score Was Associated with the ESCC Immune Microenvironment

We used ssGSEA to estimate the enrichment of immune cells in patients with ESCC and define the immune micro-
environment of tumors. The distribution of 28 infiltrating immune cells in the ESCC and normal samples is shown in
Figure 5A. Ten cell types, namely, T follicular helper cells, central memory CD4 T cells, memory B cells, type 1 T helper
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Abbreviation: AUC, area under the curve.

cells, MDSC, effector memory CD4 T cells, immature dendritic cells, activated dendritic cells, gamma delta T cells, and
natural killer T cells, were significantly different in patients in the high- and low-risk groups (Figure 5B). When we
compared the expressions of immune checkpoints between the high- and low-risk groups, we found that 16 immune
checkpoints were significantly different in expression between the two groups (Figure 5C).

Prediction of Therapeutic Sensitivity in Patients with Different Risk Scores

We inferred the IC50 value of the 138 drugs in patients with ESCC to find the potency of the risk score as a biomarker for
predicting the response of patients with ESCC to drugs (including chemotherapy, targeted therapy, and immunotherapy).
We found that patients in the low-risk group could be more sensitive to RDEA119, BIBW2992, AZD6244, BMS.536924,
and MG.132, among other drugs, while patients in the high-risk group could be more sensitive to midostaurin,
bleomycin, cytarabine, BMS.754807, and BX.795, among other drugs (Figure 6).

Construction and Evaluation of the Predictive Nomogram

In this study, we selected independent prognostic factors using the univariate Cox regression analysis and calculated the hazard
ratios (HRs) and 95% confidence intervals (CIs) for each variable. We found that the risk score and N stage were independent
prognostic predictors for OS (Figure 7A). We constructed a prognostic model based on risk score and N stage using
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Figure 4 Validation of the 4-gene signature in the TCGA dataset. (A) The distribution plot of risk score in the TCGA dataset. (B) The survival state distribution of samples
in the TCGAdataset. (C) The Kaplan-Meier curves of high- and low-risk groups. (D) The ROC curves of prognostic model in the TCGA dataset.

multivariable Cox regression analysis (Figure 7B). A nomogram was generated to predict the probability of 1-, 2-, and 3-year
OS rates. Different factors were scored based on their proportional contribution to survival risk, as shown in Figure 7C. The
calibration curves for the 1-, 2-, and 3-year OS probability results showed that the predicted survival rate was closely related to
the actual survival rate (Figure 7D). These results indicated that the 4-gene signature was a reliable prognostic indicator in
patients with ESCC.

Tissue-Level Q-PCR Validation

To further validate the results of this research, we compared the expression of prognostic genes in GSE53624 dataset and
clinical samples by Q-PCR. Supplementary Figure 1 revealed the expression of BAGALNT1 and DDHDI1 was

significantly higher in ESCC samples than in the control samples, whereas the expression of ACAA1 and ACOTI1
showed the opposite trend. After that, we analyzed six paired tumor and normal tissues using Q-PCR. As can be seen
from Figure 8, the expression trends of ACOT11 was significantly lower in EC tissues, and the expression of ACAA1
was slightly lower but not statistically significant. Although not significant, the expression of DDHD1 and BAGALNT1
was higher in EC tissues.

Discussion

Esophageal squamous cell carcinoma (ESCC) has a high incidence and mortality rate,”” and targeted therapies have been
shown to play an important role in the treatment to improve the prognosis.”® Lipid metabolism, which is associated with
the tumor microenvironment,"? may affect the responsiveness of the cancer cells to immunotherapy. In this study, we
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explored the mechanisms involved in the regulation of lipid metabolism in ESCC, identified differentially expressed

genes and developed a prognosis predictive model for aiding clinical decision-making.

We comprehensively analyzed the GEO dataset and effectively identified 2562 DEGs (ESCC vs control) and 132

DELMGs were retained by overlapping DEGs and lipid metabolism-related genes for subsequent analysis. Based on the
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GO and KEGG enrichment analyses, these DELMGs were associated with “fatty acid metabolic process”, “unsaturated
fatty acid metabolic process”, “lipid catabolic process”, “olefinic compound metabolic process”, and “icosanoid meta-
bolic process”, “arachidonic acid metabolism”, “fatty acid degradation”, “linoleic acid metabolism”, “ether lipid
metabolism”, and “glycerophospholipid metabolism”.

The enrichment of pathways related to fatty acid metabolism, unsaturated fatty acid metabolism, lipid catabolism,
olefinic compound metabolism, and icosanoid metabolism underscores the significance of lipid metabolism alterations in
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esophageal squamous cell carcinoma. These pathways indicate an increased demand for energy, membrane synthesis, and
signaling molecules in ESCC cells, promoting their proliferation and survival. Specifically, the enrichment of pathways
like arachidonic acid metabolism, fatty acid degradation, linoleic acid metabolism, ether lipid metabolism, and glycer-
ophospholipid metabolism highlights potential therapeutic targets in ESCC. Targeting these pathways may hold promise
for developing novel treatments to combat ESCC progression. Further research is essential to elucidate the precise
mechanisms involved.

Arachidonic acid is among the most abundant polyunsaturated fatty acids in human tissues, playing pivotal roles in
both cellular membrane fluidity and serving as a substrate for various enzymes, ultimately leading to the generation of
biologically active lipid mediators.?’ The intricate relationship between AA metabolism and esophageal squamous cell
carcinoma (ESCC) has been a subject of interest. Wu et al, in their study, constructed a protein-protein interaction (PPI)
network based on key AA metabolism enzymes and conducted expression analysis. Their findings suggested that proteins
interacting with essential enzymes in AA metabolism may influence the enzymatic activities, thereby contributing to the
occurrence of ESCC. This intriguing observation highlights the potential interplay between lipid metabolism-related
proteins and ESCC development. Furthermore, Zhi et al*' uncovered changes in the expression of nine genes related to
arachidonic acid (AA) metabolism when comparing tumor tissues to normal esophageal squamous epithelium. These
findings emphasize the potential significance of AA metabolism in the context of ESCC and its potential role in disease
progression. In the context of ESCC, these lipid metabolism-related genes are likely influencing several critical path-
ways. Among these, lipid metabolism has been linked to the regulation of various pathways, including inflammation,
angiogenesis, and cell proliferation—processes essential for carcinogenesis. The interactions between AA metabolism-
related genes and these pathways could potentially influence the tumor microenvironment and promote ESCC develop-
ment. This suggests that modulating AA metabolism-related genes may offer innovative therapeutic directions for ESCC
treatment. In summary, the differentially expressed lipid metabolism-related genes (DELMGs) identified in our study
may be participating in ESCC initiation and progression through the aforementioned pathways. This opens up exciting
avenues for potential therapeutic interventions and underscores the importance of lipid metabolism in ESCC develop-
ment and progression. Further research in this area may lead to novel strategies for the treatment of ESCC.

Our study successfully identified and integrated four signature genes (ACAA1, ACOT11, BAGALNT1, and DDHD1)
to establish a robust risk model based on differentially expressed lipid metabolism-related genes (DELMGs). This model
effectively stratified patients in the GSE53622 cohort into high- and low-risk groups, demonstrating a significant
association between the risk score and patient prognosis. The Kaplan-Meier (KM) survival analysis further illustrated
the model’s ability to distinguish patients with distinct survival outcomes. Importantly, the risk model’s validity was
tentatively confirmed through replication in the TCGA cohort, highlighting its potential for broader clinical application.
We focusing on the four signature genes. ACAAlplays a crucial role in fatty acid metabolism. It is involved in the
breakdown of long-chain fatty acids and is essential for energy production and lipid synthesis. While previous studies
have highlighted ACAA1’s significance in various cancers, its specific role in ESCC warrants further investigation.
ACOTI11 is an enzyme involved in the hydrolysis of acyl-CoA compounds, influencing fatty acid metabolism. Its
connection to ESCC and lipid metabolism in this context is an area ripe for exploration. B4GALNT 1has been associated
with altered glycosylation patterns in cancer. While its role in lipid metabolism may be indirect, it is important to
examine its potential contributions to ESCC. DDHD1 has been implicated in various cellular processes, but its precise
function in lipid metabolism remains unclear. Investigating its role in ESCC and lipid-related pathways could provide
valuable insights into disease mechanisms. To date, their involvement in lipid metabolism pathways suggests a potential
influence on tumor progression. These four genes, may participate in the development and progression of ESCC through
various mechanisms. Firstly, their involvement in lipid metabolism could influence cellular membrane structure and
function, as well as signaling pathways, thereby promoting cancer cell proliferation and invasion. Secondly, they may
contribute to the synthesis of bioactive lipid mediators, such as inflammatory mediators, affecting the tumor micro-
environment and immune evasion. Additionally, aberrant expression of these genes could lead to lipid metabolism
dysregulation, further disrupting intracellular energy balance and impacting cancer cell survival and metabolic pathways.
While further experimental validation and in-depth research are needed, these genes likely play significant roles in the
occurrence and development of ESCC.
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Moreover, we analyzed the immune status of different risk groups in an effort to clarify potential mechanisms
regulated by characteristic genes. We found significant differences between high- and low-risk groups in T follicular
helper cells, central memory CD4 T cells, memory B cells, type 1 T helper cells, MDSC, effector memory CD4 T cells,
immature dendritic cells, activated dendritic cells, gamma delta T cells, and natural killer T cells. Besides immunocytes in
the microenvironment, the expressions of immune checkpoints were significantly different, suggesting that different
immune checkpoint inhibitors may have to be used for different groups.

In recent research on TME, it was found that the “ESCC ecosystem”, based on the large-scale single-cell RNA-seq
results, contains large amounts of TEX, Treg, myeloid, TFH1, and GC B cell inﬁltration,32 and the transmission of
intermediate phenotypes fibroblasts induce T cell anergy and produce Treg cells,* leading to tumor immune escape,*
which could be a possible mechanism explaining the impact of lipid metabolism dysregulation on prognosis. In this
study, we inferred from the IC50 values of the 138 drugs that patients in the low-risk group might be more sensitive to
RDEA119, BIBW2992 (afatinib), AZD6244, BMS.536924, and MG.132, while patients in the high-risk group might be
more sensitive to midostaurin, bleomycin, cytarabine, BMS.754807, and BX.795. This indicates that different treatment
strategies are required for high- and low-risk groups.

In conclusion, our study has identified four prognostic genes that hold promise for advancing the treatment strategies
in esophageal squamous cell carcinoma (ESCC). These genes, ACAA1, ACOTI11, BAGALNT]1, and DDHDI, offer new
directions for therapeutic interventions in ESCC. However, it is essential to acknowledge the limitations of our study:
Firstly, our research was retrospective and based on a limited number of samples from publicly available databases.
Expanding the sample size is imperative to enhance the robustness of our findings and ensure their broader applicability
to diverse patient populations. Secondly, although we validated gene expression levels through Q-PCR, we recognize the
need for further validation through additional animal experiments. The inclusion of functional studies will provide crucial
insights into the roles of these genes in ESCC development and progression. Furthermore, the potential influence of
various factors such as sample heterogeneity, experimental conditions, and data processing on the observed differences in
gene expression should be meticulously addressed in future research. Moreover, exploring the genetic and molecular
heterogeneity within ESCC patients could yield valuable insights into the variable responses to treatment and prognosis.
Additionally, while our study focused on the prognostic implications of these genes, their precise mechanisms of action
in ESCC remain to be elucidated. In-depth mechanistic studies will be essential to uncover the functional roles of
ACAA1, ACOTI11, BAGALNTI1, and DDHD1 in ESCC pathogenesis.

In light of these challenges, our next steps will involve comprehensive investigations into the prognostic value and
underlying mechanisms of these genes in ESCC. Addressing these limitations will guide our ongoing research efforts,
ultimately bridging the gap between basic research and clinical application and improving outcomes for ESCC patients.

Conclusion

In conclusion, in this study, we preliminarily explored the mechanisms involved in the regulation of lipid metabolism in
ESCC, identified four differently expressed signature genes related to lipid metabolism, and developed a risk model that
can accurately predict the prognosis of ESCC. Our results demonstrated the practicability of a lipid metabolism-based
risk model in clinical strategies for chemotherapy, targeted therapy, and immunotherapy to improve the prognosis of
patients with ESCC.
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