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Background: Disulfidptosis, a novel pattern of regulatory cell death, provides a valuable opportunity to gain deeper comprehension
of tumor pathogenesis and treatment strategies. However, its biological mechanism in esophageal squamous cell carcinoma (ESCC)
has yet to be completely elucidated.

Materials and Methods: From the Gene Expression Omnibus (GEO) GSE53625 dataset, we obtained RNA-seq data and clinical
information. An analysis of Pearson correlation was utilized to screen disulfidptosis-related IncRNAs (DRLs), followed by LASSO
and multivariate Cox regression analysis to construct a prognostic signature. The reliability and accuracy of this signature were
verified on internal validation sets, including training (n= 90), testing (n= 89), and GSE53625 entire (n= 179) sets, as well as external
sets, including TCGA-ESCC (n= 81) and GSE53624 (n= 119) sets. Additionally, mutation data comes from TCGA database was
utilized for validating tumor mutation burden (TMB) analysis. In cell lines, an analysis of IncRNA differential expression was
conducted using qRT-PCR.

Results: Ultimately, six DRLs were utilized to construct a prognostic signature. Across all sets, Kaplan—-Meier analysis indicated that
high-risk ESCC patients have a poorer prognosis (p < 0.05), and ROC analysis showed that the AUC values at 1, 3, and 5 years all
exceeded 0.6. Moreover, disparities were observed in immune phenotype scores, tumor infiltration of immune cells, functional
enrichment, TIDE score, immune function, and TMB among the two risk groups. Additionally, individuals at high risk showed higher
sensitivity to erlotinib, acetalax, gefitinib, lapatinib, sapitinib, and afatinib.

Conclusion: Through bioinformatics analysis, a novel and robust DRLs signature for ESCC was established, providing new insights
into the prognosis prediction and potential treatment strategies. Nevertheless, this study is retrospective and relies on public databases,
with a limited sample size within the datasets. In the future, it is essential to conduct more extensive validation of the prognostic value
and efficacy in real ESCC cohorts.
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Introduction

Esophageal squamous cell carcinoma (ESCC) is the predominant type of esophageal cancer, accounting for over 3% of
global cancer incidence.' Although treatment for ESCC is improving, the 5-year postoperative survival rate remains
low.* Besides, since ESCC is typically diagnosed at an advanced stage or metastatic, there are few treatment options
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available.” Furthermore, due to treatment resistance and recurrence, the prognosis of ESCC patients remains poor.®®
Consequently, the investigation of innovative and robust prognostic prediction models is critical for early ESCC
diagnosis and developing effective treatment strategies, ultimately improving the prognosis of ESCC patients.

Recently, a new type of regulatory cell death known as disulfidptosis was discovered. Disulfidptosis is triggered by
the abnormal accumulation of intracellular disulfides during glucose starvation, ultimately leading to cell death from
disulfide stress.’ It should be emphasized that disulfidptosis is distinct from the previously identified forms of cell
death.”'" Some recent studies have found potential links between disulfidptosis and cancer through bioinformatics
analysis.'" "'’ For example, in clear cell renal cell carcinoma, Yang et al found that the disulfidptosis-related gene AJAP1
could potentially serve as a biomarker."" In bladder cancer, Zhao et al constructed a signature related to disulfidptosis and
evaluated its value in survival prediction, tumor microenvironment (TME), and immunotherapy responses.'”
Additionally, in hepatocellular carcinoma, Xu et al built a disulfidptosis-related IncRNAs (DRLs) signature and found
it to be a dependable indicator of prognosis and treatment response.'®

Researchers have uncovered a significant correlation between IncRNA, a noncoding RNA spanning at least 200
nucleotides,”® and the development and progression of ESCC.?'* For instance, the advancement of ESCC was
facilitated by LncRNA LUESCC through targeting the miR-6785-5p/NRSN2 axis.”* Similarly, Zhao et al noted that
LINC00330 inhibited ESCC progression by blocking CCL2 mediated tumor associated macrophages reprogramming.
Moreover, many studies indicates that constructing IncRNA signatures is valuable for predicting ESCC patient prognosis
and provides new clinical insights for targeted therapies.”'*>*® For instance, in ESCC, Zhang et al showed that
a cuproptosis-related five-IncRNA signal effectively predicts prognosis and guides immunotherapy and chemotherapy.?

In recent studies, it has been discovered that the prognostic signatures utilizing DRLs hold substantial significance in
predicting the prognosis of cancer patients and their responses to immunotherapy.'®'”?"° For instance, in bladder
cancer, Han et al,”” Hu et al,”® and Xiao et al*” respectively established the DRLs signatures and demonstrated that they
were reliable prognostic indicators for patients. In laryngeal squamous cell carcinoma, Zhang et al*' developed a DRLs
signature and found it was capable of predicting both prognosis and therapeutic responses in patients. Regarding liver
hepatocellular carcinoma, Liu et al'” constructed a DRLs signature and assessed its significance in prognostic prediction,
TME, and immunotherapy responses. However, the potential of DRLs signature in predicting the prognosis of ESCC
remains uninvestigated. Additionally, its capacity to forecast the immunotherapy response of ESCC has not been
explored thus far. Consequently, further research into the impact of the DRLs signature on ESCC is imperative.

In this study, we employed a variety of bioinformatics approaches to construct a DRLs signature for assessing the
prognosis, TME, and the efficacy of immunotherapy response in patients with ESCC, as well as sensitivity to antitumor
agents. This study aims to clarify the function of DRLs signatures in ESCC, providing new insights for the prognosis
prediction and potential treatment strategies of ESCC patients.

Materials and Methods

Data Processing

The general study process is illustrated in Figure 1. Based on current research,” 16 disulfidptosis-related genes (DRGs)
were excerpted. We obtained the RNA-seq data from the Gene Expression Omnibus (GEO) and The Cancer Genome
Atlas (TCGA) database. This research incorporates three published sets: GSE53625 (n = 179), GSE53624 (n = 119), and
TCGA-ESCC (n = 81). The GSE53625 set was split into training (90 patients) and testing sets (89 patients) using the
R package “caret” in a random manner, maintaining an approximate 1:1 ratio. Table 1 displays the baseline character-
istics of both the training and testing sets, showing no significant disparities. The prognostic signature of ESCC was
externally validated using GSE53624 and TCGA-ESCC sets.

Development and Validation of the Signature

From the GSE53625 set, we obtained LncRNA expression pattern data. Using Pearson correlation analysis, we examined the
relationship between IncRNAs and 16 DRGs. Specifically, DRLs were identified when their Pearson (R > 0.4 and p < 0.01).
The GSE53625 training set was used to establish the DRLs signature, while the GSE53625 testing set, GSE53625 entire set,
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Figure | The flow chart of research design.
Abbreviations: ESCC, esophageal squamous cell carcinoma; LASSO, Least Absolute Shrinkage and Selection Operator; ROC, receiver operating characteristic; TIDE,
tumor immune dysfunction and exclusion; TMB, tumor mutational burden.

GSE53624 set, and TCGA-ESCC set were used to verify the signature. The endpoint of the study was overall survival (OS).
Prognostic DRLs were determined utilizing univariate Cox regression analysis (p < 0.05). Then, the study employed LASSO

regression to identify relevant prognostic IncRNAs. Through a stepwise regression approach, we were able to construct the

Table 1 Comparisons of Patient Characteristics Between Training and Testing Sets

Characteristics | Total Set (n = 179) | Training Set (n = 90) | Testing Set (n = 89) | P-value
Age

<60 99 (55.31%) 47 (52.22%) 52 (58.43%) 0.404
> 60 80 (44.69%) 43 (47.78%) 37 (41.57%)

Gender

Male 146 (81.56%) 69 (76.67%) 77 (86.52%) 0.089
Female 33 (18.44%) 21 (23.33%) 12 (13.48%)

T stage

Tl 12 (6.71%) 3 (3.33%) 9 (10.11%) 0.546
T2 27 (15.08%) 20 (22.22%) 7 (7.87%)

T3 110 (61.45%) 53 (58.89%) 57 (64.04%)

T4 30 (16.76%) 14 (15.56%) 16 (17.98%)

N stage

NO 83 (46.37%) 41 (45.56%) 42 (47.19%) 0.826
NI, N2, N3 96 (53.63%) 49 (54.44%) 47 (52.81%)

TNM stage

| 10 (5.59%) 5 (5.56%) 5 (5.62%) 0.996
Il 77 (43.02%) 39 (43.33%) 38 (42.7%)

1] 92 (51.39%) 46 (51.11%) 46 (51.68%)
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most effective prognostic signature using multivariate cox regression analysis. The risk score for each patient was calculated
utilizing the following formula: Risk score =)i = EXP(i)x LnCoef(i). In accordance with the median risk score, each ESCC
patient was categorized as either high-risk or low-risk. Next, to evaluate the ability of this signature in predicting ESCC
prognosis, we conducted Kaplan-Meier (KM) and Receiver operating characteristic (ROC) analysis to examine its effective-

ness and accuracy.37

Clinical Characteristics of the DRLs Signature and Constructing a Nomogram Plot
To validate the applicability of the DRLs signature to subgroups of patients with diverse clinical characteristics, patients
with ESCC were stratified into distinct clusters according to their age, gender, positive lymph node (N), tumor (T), and
stage. Subsequently, based on the median riskscore of patients in different clusters, ESCC patients were classified into
high- and low-risk groups. KM analysis was employed to assess the accuracy of the DRLs signature in predicting the
prognosis of different patient subgroups.

Taking into account various ESCC patients’ clinical feature (including age, T, gender, N, and stage), univariate and
multivariate Cox regression analyses were conducted to investigate whether the DRLs signature could serve as
a standalone risk factor (p < 0.05). Additionally, a nomogram was constructed using the “rms” package to estimate
the 1-, 3-, and 5-year OS rates of patients with ESCC.*® Calibration curves were also utilized to compare predicted values
with actual observations, and consistency index (C index) and decision curve analysis (DCA) were utilized to analyze the
predictive ability.

Functional Enrichment Analysis

Utilizing the “limma” package, differentially expressed genes (DEGs) between risk groups were identified (JlogFC| > 0.5
and p < 0.05).*° Relevant analyses were implemented through “clusterProfiler” R package®® to examine the potential
function of DEGs. These analyses included Gene Ontology (GO, which encompasses biological process (BP), cellular
component (CC), and molecular function (MF)) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses.
Additionally, to evaluate potential pathways for signaling and biological functional alterations between groups, Gene Set
Enrichment Analysis (GSEA) were applied by utilizing KEGG and Hallmark gene sets (p < 0.05).

Analysis of Immune Cell Infiltration, Tumor Immune Dysfunction and Exclusion
(TIDE), Tumor Mutational Burden (TMB), and Drug Sensitivity

The ESTIMATE method was utilized to calculate the estimate and immune scores for each ESCC sample, as well as the
stromal score. Besides, the abundance of 22 immune cells infiltration between risk groups was assessed through
CIBERSORT method.*' Additional, the overall immune function in patients with ESCC were assessed via single sample
gene set enrichment analysis. To compare the distribution of immune cells and the disparities in overall immune function
between the two risk groups, the Wilcoxon test was employed.

Furthermore, TIDE scores for each patient were acquired through the online website (http:/tide.dfci.harvard.edu/).*?

The correlation between the TIDE score and risk score was examined via Pearson correlation analysis. Moreover, the
Wilcoxon test and Chi-square test were employed to compare the differences in the TIDE score and immunotherapy
response between the high- and low-risk groups.

Herein, utilizing the “maftools” package, we analyzed the TMB data downloaded from TCGA database.*’ The
correlation between riskscore and TMB was evaluated via Pearson analysis. Additionally, the variances in TMB between
distinct risk level groups were compared using the Wilcoxon test.

Utilizing the “oncoPredict” package,** we initiated drug sensitivity analysis to identify potential antitumor agents.
Pearson correlation analysis was used to analyze the association between half-maximal inhibitory concentration (IC50)
values and the risk scores of various drugs, and the Wilcoxon test was used to compare the drug sensitivity scores
between different risk groups.
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Cell Culture and qRT-PCR

Two ESCC cells (KYSE30 and KYSE150) were obtained from Priscilla (Wuhan, China), and cultured in Roswell Park
Memorial Institute-1640 (RPMI-1640; Priscilla) supplemented with 10% fetal bovine serum (FBS; Priscilla) and 100 pg/
mL penicillin-streptomycin (Priscilla). The Het-1A normal esophageal epithelial cells were sourced from the Chinese
Academy of Sciences Cell Bank (Shanghai, China) and cultured in Dulbecco Modified Eagle Medium (DMEM; Priscilla)
with 10% FBS and 100 pg/mL penicillin-streptomycin. These cells were cultured at 37°C in a humidified incubator at
5% CO2.

Total RNA was extracted from cell lines utilizing the TRIzol reagent (Thermo Scientific, USA). ChamQ SYBR qPCR
Master Mix (Vazyme, China) was used for conducting qRT-PCR, with GAPDH being utilized as the endogenous control
for normalizing target gene expression. The primer sequences for determining relative gene expression are listed in
Table 2.

Statistical Analysis

To conduct the statistical analyses, GraphPad and R 4.3.1 were used. According to the specific circumstances, we
employed either the Student’s #-test or Wilcoxon rank sum test for intergroup comparisons. Pearson correlation
coefficient was utilized to assess correlation between variables. Chi-square test was implemented to evaluate whether
there are differences in clinical characteristics. All statistical tests were considered significant at p <0.05.

Results
Identification and Construction of DRLs Signature

According to Pearson correlation analysis, 3933 LncRNAs were screened and significantly correlated with at least one of
the 16 DRGs (Figure 2A). Through univariate Cox regression analysis, 23 prognostic LncRNAs were selected (p < 0.05)
in the training set (Figure 2D). Among these, eight LncRNAs were categorized as “risk” genes, while the rest of
LncRNAs were categorized as “protective” genes. Subsequent LASSO regression analysis identified a minimum lambda
value of 9 (Figure 2B and C). After multivariate Cox regression screening, a risk signature was developed based on six
LncRNAs (Figure 2E) (AL359706.1, AC025774.1, AC011840.1, AC021683.3, AC079768.3, and AL121904.1).
Following formula: Risk score = AL359706.1% 1.02224 + AC025774.1 * 0.36626 + ACO011840.1 * (—0.17434) +
AC021683.3 * (—0.53773) + AC079768.3 * (—0.36812) + AL121904.1 * (—0.49455), each ESCC patient’s risk score was
computed. The correlation heatmap depicted the relative correlation coefficients between these 6 LncRNAs and 16 DRGs
(Figure 2F).

Table 2 Primer Sequences for gRT-PCR

Primer name | Primer Sequence

AL359706.1 F: CCAGGAGAGCCAATTTCTGAC

R: GGAGGTAAGCTGAAGTCTGTGA
AC025774.1 F: CCGGTGGGACACAAATCCAA

R: CTTCCCATGGCAAAATGCACA
ACO11840.1 F: GCTGGCCACTCAGTATTCCTTGTC

R: CCAACCTGGACTTCCTCCGTGA
AC079768.3 F: CTTTCTTCTGTCTTCAGCTTGTACC
R: GATTCCTTCATGTCATCCTCATAACG
ALI21904.1 F: GGCAGAATACAAAAAGGTGTCACAG
R: TCATCTCCAGCTAGTGCATTTCCAT
AC021683.3 F: CTGGCACTCATGGGTCTATGGA

R: ATCTGCAGCCACTTTGATGTTG
GAPDH F: GGAGCGAGATCCCTCCAAAAT

R: GGCTGTTGTCATACTTCTCATGG
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Figure 2 Identification and construction of DRLs signature. (A) Sankey relation diagram for disulfidptosis-related genes and IncRNAs. (B and C) The coefficient profile of
prognostic INcRNAs by LASSO regression analysis. (D) Forest plot of prognostic LncRNAs. (E) Multivariate Cox coefficients for 6 IncRNAs in the prognostic signature. (F)
Heatmap showing the correlation between the 6 IncRNAs involved in the prognostic signature and 16 disulfidptosis-related genes.

Note: *p < 0.05, **p < 0.01, **p < 0.001.

Abbreviations: DRLs, disulfidptosis-related IncRNAs; LASSO, Least Absolute Shrinkage and Selection Operator.

Prognosis Prediction of ESCC Patients Utilizing the DRLs Signature

In accordance with the median score of training set, each ESCC patient was classified as either the high-risk or low-risk
within their respective sets for training, testing, and GSE53625, respectively. The heatmap of six DRLs expression and
the distribution of OS status and risk score were presented in Figure 3B-D. After conducting KM analysis, it was
observed that low-risk ESCC group showed better OS compared to high-risk ESCC group across all sets (p < 0.05)
(Figure 3A). Following internal validation, GSE53624 and TCAG-ESCC were selected as external sets to reconfirm the
predictive effects of the signature. According to the results, both external validation and internal validation sets exhibit
good cross-validation effects (Figure 3E and F). ROC analysis showed that the AUC values at 1, 3, and 5 years all
exceeded 0.6 in both the internal and external sets (Figure 3G-I).

Clinical Prognostic Analysis

Among ESCC patients in GSE53625 set, age was categorized into > 60 years and < 60 years; Gender was categorized
into male and female; T was categorized into T1-T2 and T3-T4; N was categorized into NO and N1-3; overall stage was
categorized into I-1I and III. As shown in Figure 4A-J, across all subgroups, the low-risk ESCC group exhibited a higher
survival rate than the high -risk ESCC group (p < 0.05).

Independent Prognosis of DRLs Signature

In GSE53625 set, as depicted in Figure 5A, age, N, stage, and risk score were identified as prognostic risk factors for
ESCC patients through univariate regression Cox analysis (p < 0.05). Subsequently, multivariate Cox regression analysis
revealed age (p = 0.015) and risk score (p < 0.001) as independent prognostic risk factors for ESCC patients.
Furthermore, in the GSE53624 set (Figure 5B), we observed that risk score continued to be an independent prognostic
risk factor (p < 0.001), indicating its robust prognostic ability in ESCC patients.
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Figure 3 The validation of the prognostic signature in both internal and external sets. (A) OS of patients in different risk groups in the GSE53625 training, testing, and entire
sets. (B and C) The distribution of risk score and overall survival status for each patient in the GSE53625 training, testing, and entire sets. (D) Heatmap showing the
expression of six disulfidptosis-related IncRNAs in the GSE53625 training, testing, and entire sets. (E) OS of patients in different risk groups in the GSE53624 set. (F) OS of
patients in different risk groups in the TCGA-ESCC set. (G-I) ROC curves for predicting |-, 3- and 5-year OS in the GSE53625, GSE53624, and TCGA-ESCC sets.

Abbreviations: OS, overall survival; ROC, Receiver operating characteristic; ESCC, esophageal squamous cell carcinoma.
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Figure 4 Kaplan—Meier analysis of OS in different subgroups based on the clinical features of patients with ESCC in the GSE53625 set. (A) Age < 60 years. (B) Age > 60
years. (C) Female. (D) Male. (E) NO. (F) NI-3. (G) TI-T2. (H) T3-T4. (I) Stage I-I. (J) Stage III.
Abbreviations: OS, overall survival; ESCC, esophageal squamous cell carcinoma.

We developed a DRLs nomogram utilizing risk score and various clinical features (Figure 5C). ROC analysis
revealed that nomogram exhibited a high level of specificity and sensitivity (Figure 5D). The calibration curve showed
high consistency between the findings of the nomogram and the observed probability of OS in practical application
(Figure SE). The results from the C index and DCA indicated that the nomogram has a more robust and strong predictive
capability as well as net clinical benefit than other clinical features (Figure 5F and G), indicating that this nomogram has
the potential to be utilized as a precise prognostic tool for ESCC patients.

Different Tumor-Associated Pathways Between Groups
Supplementary Table 1 presents the genes exhibiting 855 DEGs between risk groups. DEGs significantly contributed to

the “immune system process” within the BP category. In the field of CC, there was a notable enrichment in terms of
“extracellular region”, “extracellular space”, and “endomembrane system”. In the category of MF, DEGs exhibited
notable enrichment in “signaling receptor binding”, “molecular function regulator”, and “receptor ligand activity”
(Figure 6B). KEGG pathway analysis indicated that DEGs were predominantly associated with “Pentose and glucuronate
interconversions”, “Cytokine-cytokine receptor interaction”, “Metabolism of xenobiotics by cytochrome P450”, and
“Neuroactive ligand-receptor interaction” (Figure 6A). Furthermore, the GSEA analysis indicated a notable difference
between subgroups. The high-risk group primarily showed activation of various cancer-related and immune-related
signaling pathways, such as JAK-STAT signaling, antigen processing and presentation, the intestinal immune network for
IgA production, and TGF- signaling pathway (Figure 6C and E). The low-risk group primarily exhibited activation of
signaling pathways associated with tumor metabolic dysfunction, such as glutathione metabolism and the pentose and
glucuronate interconversions (Figure 6D and F).
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Abbreviations: OS, overall survival; ROC, Receiver operating characteristic.

Comparison of Tumor Microenvironment, Immunotherapy, and TMB Between Groups
Based on the Wilcoxon test, high-risk ESCC patients showed considerably elevated immune, estimate, and stromal scores
than low-risk patients (Figure 7A, p < 0.05). According to the findings in Figure 7B and C, there was a higher prevalence
of M2 macrophages in high-risk ESCC patients, whereas the low-risk ESCC patients showed a higher prevalence of
memory B cells, plasma cells, and monocytes. Upon comparison of the immune functions (Figure 7D), high-risk ESCC
patients exhibited greater enrichment in co-inhibition of antigen-presenting cells (APCs), type I interferon response, and
secondary inflammation in comparison to low-risk ESCC patients.

Analysis of the GSE53625 set revealed a positive correlation between risk score and TIDE (Figure 7E, R = 0.16,
p = 0.031). Nonetheless, the disparity in TIDE between different risk groups did not achieve a level of statistical
significance (p = 0.051). Although no statistically differences were found in TIDE between groups, low-risk ESCC
patients had a 42% higher response rate to immunotherapy than high-risk ESCC patients (32%). A correlation between
the TIDE and risk score was identified in the GSE53624 set (Figure 7F, R = 0.23, p = 0.011). Higher TIDE was found
in high-risk ESCC patients (p = 0.031), while low-risk ESCC patients were predicted to respond to immunotherapy at
a greater rate (p = 0.027).
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Abbreviations: DEGs, different expression genes; KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology; GSEA, Gene Set Enrichment Analysis.
Subsequently, to assess whether risk scores and TMB are related, an analysis was conducted in TCGA-ESCC patients.

The findings observed a negative correlation between TMB and risk score (Figure 7G, R = —0.23, p = 0.036). No

statistically difference in TMB were observed between groups (Figure 7H, p = 0.22).
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Figure 7 Immune infiltration analysis, and evaluation of immunotherapy response and TMB. (A) The ESTIMATE, Immune, Stromal Score were applied to quantify the
different immune statuses between risk groups. (B and C) The CIBERSORT method was used to evaluate differences in the abundances of 22 types of immune cells between
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and TIDE, as well as TIDE expression and proportion of immunotherapy response in high-risk and low-risk groups. (F) In GSE53624 set, the correlation between risk score
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Notes: *p < 0.05, *p < 0.0, ***p < 0.001.

Abbreviations: ESCC, esophageal squamous cell carcinoma; ssGSEA, single sample gene set enrichment analysis; TIDE, tumor immune dysfunction and exclusion.TMB,
tumor mutational burden.

Drug Sensitivity Analysis

Via Pearson correlation analysis, six compounds exhibiting the most significant correlation between IC50 values and risk
scores were screened out. High-risk ESCC exhibited a greater sensitivity to erlotinib, acetalax, gefitinib, lapatinib,
sapitinib, and afatinib (Figure 8A—F). The findings of the Wilcoxon test indicated that there were statistically significant
differences in the IC50 values of the above six compounds between high - and low- risk ESCC patients (p < 0.05).

Validation of IncRNA Prognostic Signatures

We used qRT-PCR to validate the expression levels of six prognostic disulfidptosis-related IncRNAs in ESCC cells,
comparing them to healthy Het-1A esophageal cells. The results indicated that AL359706.1 (Figure 9A) and AC011840.1
(Figure 9C) were significantly increased in ESCC cells, while the expression of four IncRNAs (AC025774.1,
ACO021683.3, AL121904.1, and AC079768.3) exhibited an opposite trend (Figure 9B, D-F).

Discussion
ESCC is a common cancer that leads to significant morbidity and mortality. Currently, the primary treatments for
ESCC include both local and systemic approaches (endoscopic and surgical resection, neoadjuvant chemoradiotherapy,
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Figure 8 Correlation between risk score and drug sensitivity (IC50), and analysis of drug sensitivity (IC50) between risk groups. In the GSE53625 set (n=179), (A-F)
correlation scatter plot of IC50 of the top 6 candidate drugs (Erlotinib_I 168, Acetalax_1804, Gefitinib_1010, Lapatinib_1558, Sapitinib_|549, and Afatinib_1032) and risk
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perioperative chemotherapy, and neoadjuvant chemotherapy).”*> However, due to its insidious pathogenesis and the
fact that ESCC is a complex and highly heterogeneous tumor, the prognosis of ESCC patients remains unfavorable.®®
Liu et al recently reported disulfidptosis, potentially providing new anti-tumor therapy strategies.” Additionally,
recently studies have suggested that IncRNAs play a role in regulating tumor development and tumorigenesis,*®
including in ESCC.?"*” Numerous research investigations have substantiated the application of DRLs signature across

diverse tumors, indicating its substantial prognostic and clinical significance. For instance, in laryngeal squamous cell
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Figure 9 Exploration of the expression of 6 IncRNAs in healthy esophageal cells (Het-1A) and ESCC cells (KYSE-30 and KYSE-150). (A) AL359706.1. (B) AC025774.1.
(C) ACOI1840.1. (D) AC079768.3. (E) AL121904.1. (F) AC021683.3.

Notes: *p < 0.05, **p < 0.0, ***p < 0.001, ****p <0.0001.

Abbreviation: ESCC, esophageal squamous cell carcinoma.

carcinoma, Zhang et al®' devised a DRLs signature discovered that this signature was outperformed traditional
clinicopathological features in prognostic assessment. Moreover, in lung squamous cell carcinoma, Zhu et al*®
established a DRLs signature and demonstrated its crucial role in prognostic prediction, TME, and immunotherapy
responses. However, the impact of DRLs signature on ESCC has not been fully elucidated. Thus, this research aimed
to construct a DRLs prognostic signature for predicting ESCC prognosis and evaluating immunotherapy response
effectiveness, ultimately seeking to improve OS in ESCC.

In this study, correlation analysis identified 3933 IncRNAs associated with disulfidptosis. Univariate Cox regression
analysis of the training set identified 23 prognosis-related IncRNAs. Subsequently, LASSO and a multiple Cox regression
analysis identified six prognostic DRLs—AL359706.1, AC025774.1, AC011840.1, AC021683.3, AC079768.3, and
AL121904.1—and constructed a DRL signature. In terms of OS, low-risk ESCC patients showed notably better than
high-risk ESCC patients. This finding was confirmed in the testing, GSE53625, GSE53624, and TCGA-ESCC sets.
Besides, AUC curve of ESCC patients in the GSE53625 set validated the high predictive capacity of the 6-DRLs
signatures, which were also verified in two external validation sets. Furthermore, the signature was suggested to be an
independent prognostic factor for ESCC. A nomogram integrating clinical information with the 6-DRLs signatures
demonstrated robust predictive performance, as the predicted OS closely matched the actual OS.

We examined the changes in functional enrichment of potential pathways for signaling, biological functional, and
TME between groups to explore potential biological mechanisms. GSEA analysis indicated a notable distinction.
Besides, individuals in high-risk had higher estimates, stromal, and immune scores, indicating more immune cell
infiltration. Furthermore, M2 macrophages were significantly increased in groups at high, where B cell memory, plasma
cells, and monocytes were significantly increased in groups at low. M2 macrophages, known to suppress inflammatory
responses in solid tumors such as ESCC, are linked to poor clinical prognosis.**>? Clinical prognosis may be adversely
affected by the accumulation of M2 macrophages, where the accumulation of B cell memory and plasma cells is
associated with favorable clinical outcome.’® > The observed difference in prognosis between risk groups could
potentially be explained by these findings.

Furthermore, we analyzed two groups on the basis of immune escape and immune therapy to investigate the
predictive ability of DRLs signature for immune therapy sensitivity. The findings suggested lower TIDE scores observed
in the low -risk ESCC group, indicating that individuals with low-risk ESCC may have an enhanced potential for
responding positively to immunotherapy, whereas high-risk individuals are prone to immune evasion. Given the crucial
role of TMB in determining tumors’ response to immunotherapy, increased TMB levels could enhance the effectiveness
of Immune Checkpoint Inhibitors.***°>* The findings indicated an inverse correlation between TMB and risk score, with
low-risk individuals showing higher TMB levels than high-risk individuals. This indicated a potential enhanced
responsiveness to immunotherapy in low-risk individuals, aligning with the outcomes of TIDE. In addition to immu-
notherapy, the role of chemotherapy in antitumor therapy cannot be overstated. We examined the responses of individuals
at varying risk levels to antitumor agents. These findings may offer some guidance for the selection of antitumor
therapies in ESCC.
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While this study presents novel and promising findings, there are several limitations. Firstly, we only conducted a few
experiments to detect the expression of IncRNAs associated with disulfidptosis. Further exploration of the mechanisms of
relevant IncRNAs in disulfidptosis will be the main focus of our future research. Secondly, given that our research relied
heavily on bioinformatics and public databases for analyses, it is crucial to recognize the potential bias stemming from
the relatively small sample size. Therefore, in the future, a larger sample of data is needed to further validate the
predictive significance of DRLs signature in ESCC.

Conclusions

In this investigation, a robust predictive model, denoted as the DRLs signature, was established via bioinformatics
methodologies. Our study is anticipated to enhance understanding of the expression patterns and roles of DRLs in ESCC,
potentially improving the prognosis of ESCC patients. However, this study is retrospective and relies on public
databases, with a limited sample size within the datasets. Moving forward, it is essential to conduct more extensive
validation of the prognostic value and efficacy in real ESCC cohorts.
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