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Lactic acid, formerly thought of as a byproduct of glycolysis or a metabolic waste
produced, has now been identified as a key regulator of cancer growth, maintenance,
and progression. However, the results of investigations on lactic acid metabolism-related
long non-coding RNAs (LRLs) in esophageal squamous cell carcinoma (ESCC) remain
inconclusive. In this study, univariate Cox regression analysis was carried out in the TCGA
cohort, and 9 IncRNAs were shown to be significantly associated with prognosis. Least
absolute shrinkage and selection operator (LASSO) regression analysis and multivariate
Cox regression analysis were then used in the GEO cohort. 6 LRLs were identified as
independent prognostic factors for ESCC patients used to construct a prognostic risk-
related signature subsequently. Two groups were formed based on the middle value of risk
scores: a low-risk group and a high-risk group. Following that, we conducted Kaplan-
Meier survival analysis, which revealed that the high-risk group had a lower survival
probability than the low-risk group in both GEO and TCGA cohorts. On multivariate Cox
regression analysis, the prognostic signature was shown to be independent prognostic
factor, and it was found to be a better predictor of the prognosis of ESCC patients than the
currently widely used grading and staging approaches. The established nomogram can be
conveniently applied in the clinic to predict the 1-, 3-, and 5- year survival rates of patients.
There was a significant link found between the 6 LRLs-based prognostic signature and
immune-cell infiltration, tumor microenvironment (TME), tumor somatic mutational status,
and chemotherapeutic treatment sensitivity in the study population. Finally, we used GTEXx
RNA-seq data and gRT-PCR experiments to verify the expression levels of 6 LRLs. In

Abbreviations: IncRNAs, long noncoding RNAs; ESCC, esophageal squamous cell carcinoma; EAC, esophageal adenocar-
cinoma; GEO, gene expression omnibus; TCGA, the cancer genome atlas; LRGs, lactic acid metabolism-related genes; DEGs,
differentially expressed genes; LASSO, least absolute shrinkage and selection operator; ROC, receiver operating characteristic;
AUGC, area under the curve; OS, overall survival; GSVA, gene set enrichment analysis; ssGSEA, single-sample gene-set en-
richment analysis; TME, tumor microenvironment; TMB, tumor mutation burden; IC50, half maximal inhibitory concen-
tration; qQRT-PCR, quantitative real-time polymerase chain reaction; HLA, human leukocyte antigen.
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conclusion, we constructed a prognostic signature which could predict the prognosis and
immunotherapy response of ESCC patients.

Keywords: esophageal squamous cell carcinoma, lactate metabolism, prognostic long noncoding RNA, prognostic
model, immune microenvironment, chemotherapy response

INTRODUCTION

Esophageal cancer is the fifth most prevalent malignancy in
China and the fourth leading cause of cancer-related fatalities
(Anandavadivelan and Lagergren, 2016). Esophageal cancer
may be classified into two subgroups based on its histological
characteristics: esophageal adenocarcinoma (EAC) and
esophageal squamous cell carcinoma (ESCC) (Smyth et al,
2017). ESCC accounts for nearly 90 percent of all esophageal
cancer occurrences in China and is the most frequent
histologic form of the disease (He et al., 2020). Despite the
breakthroughs in the diagnosis, prognosis, and treatment of
ESCC, early diagnosis still remains poor, with a 5-years overall
survival rate less than 20% in some cases (Yang et al., 2020).
The occurrence and development of ESCC relies on multiple
factors, stages, and genes. Accordingly, both genetic and
environmental factors affect the development of this disease
(Abnet et al., 2018). Increasing our understanding of the
molecular mechanisms underlying the development of
ESCC and improving the efficiency of screening clinical
indicators are crucial for early diagnosis and improved
prognosis in patients with ESCC.

Metabolic reprogramming is an important feature of
tumors, which is closely related to the occurrence,
development and high invasiveness of tumors (Yoshida,
2015). Aerobic glycolysis is one of the important signs of
tumor metabolic reprogramming. In an aerobic environment,
tumor cells still choose glycolysis as the main source of
energy, and a large amount of lactic acid is produced in
this process (Abdel-Wahab et al., 2019; Abbaszadeh et al,,
2020). Lactic acid is no longer regarded as a metabolic waste
produced by glycolysis, it acts as an important signal
molecule that affects the biological characteristics of
surrounding cells (Hirschhaeuser et al., 2011). Lactic acid
can also be used as an “alternative fuel” to establish metabolic
coupling between cancer cells and adjacent cells to maintain
tumor growth. At the same time, lactic acid can increase the
malignancy of tumors by regulating the occurrence and
development of tumors (Faubert et al., 2017; Pereira-
Nunes et al., 2020).

Long non-coding RNAs (IncRNAs) are a class of transcripts
longer than 200 nucleotides without protein-coding function
(Zhou et al.,, 2016a; Zhao and Fan, 2019). LncRNAs emerge as a
significant regulator responsible for various biological
processes by regulating the expression of target genes from
transcriptional, post-transcriptional and epigenetic levels
(Zhou et al., 2016b; Zheng et al., 2021). In the research field
of ESCC, IncRNAs have attracted wide concern and some
abnormally expressed IncRNAs are considered as potential
biomarkers or therapeutic targets for ESCC (Li et al., 2019).

Increasing evidences have pointed out that cancer-related
IncRNAs play an important role in metabolic
reprogramming and promoting malignant phenotype (Xiao
et al, 2016). For example, patients with hepatocellular
carcinoma may benefit from a glycolysis-related IncRNA signature
(Bai et al., 2021), and patients with colorectal cancer can benefit from
fatty acid metabolism-related IncRNAs (Peng et al., 2021), which are
possible indicators for predicting the overall survival. However, it
remains unclear whether lactic acid metabolism-related IncRNAs
(LRLs) are implicated in the development of ESCC.

In this study, a prognostic signature based on 6 LRLs was
established and verified for the first time. Moreover, a
significant correlation was observed between the IncRNA-
based prognostic signature and immune-cell infiltration,
tumor microenvironment (TME), tumor somatic mutations,
and chemotherapeutic drug sensitivity. Therefore, our findings
suggest that 6-LRL signature might be beneficial to the
development of individualized treatments and improve the
overall survival (OS) of patients with ESCC.

MATERIALS AND METHODS

Datasets and Data Pre-Processing

The RNA-seq transcriptome data in fragment per kilobase
method (FPKM) format and corresponding clinical data of
ESCC patients were extracted from TCGA (ESCC tissue
samples: 80, normal epithelial tissue samples: 11) and GEO
database  (GSE53624, ESCC tissue samples: 119).
Subsequently, these data were collated and annotated, and
then collapsed into protein-coding genes and IncRNAs
employing the annotation documents from the GENCODE
database. And 13,832 IncRNAs were identified. In addition,
262 lactic acid metabolism-related genes (LRGs) were
extracted from MsigDB. FPKM data were converted to
transcripts per kilobase million (TPM) data, and. batch
effects between these cohorts were removed using “sva”
package. Meanwhile, we used the “limma” package to
explore the differential expression LRGs between normal
samples and tumor samples (|[Log2FC| > 1 and p < 0.05).
Subsequently, Pearson correlation analysis was conducted
using the 13,832 IncRNAs and differential expression LRGs
identified (p < 0.001, correlation coefficient >0.6). Ultimately,
216 lactic acid metabolism-related IncRNAs (LRLs) were
screened for follow-up bioinformatics analysis.

Construction of A Risk Signature

In TCGA-ESCC chort, prognostic IncRNAs (p-value < 0.05)
were screened using univariate Cox regression analysis. In
GEO cohort, these prognostic IncRNAs were further
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FIGURE 1 | Identification of LRGs in ESCC patients. (A) Heatmap of the differentially expressed LRGs. (B) Volcano plot of differentially expressed LRGs. (C) The

incorporated into multivariate Cox and Least absolute

construction. We used the appropriate A to build the

shrinkage and selection operator (LASSO) regression  signature and to control the complexity of LASSO
analysis to identify IncRNAs involved in signature  regression. The risk score calculating formula is:
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The Coefi and xi represent the coefficient and expression levels
of the corresponding IncRNA, respectively.

Exploring Clinical Benefit

The risk score for every ESCC patient by summing according
to the above formula. Risk signatures for predicting survival
were assessed by the area under the curve (AUC) and Kaplan-
Meier survival analysis. We calculated the risk score of each
patient for determining the median value in the receiver
operating characteristic (ROC) curve, which is used to
select “high-risk” and “low-risk” groups. We combined
clinical variables and performed univariate and multivariate
Cox regression analyses in training and testing cohorts,
respectively. Finally, based on the coefficients of the above

multivariate Cox regression, we used “regplot” in R software to
build nomogram.

Immune Infiltration and GSEA Analysis

In the exploration of differences in immune cell infiltration, we
simultaneously used 6 algorithms (TIMER, CIBERSORT,
QUANTISEQ, MCP-counter, XCELL, and EPIC) to estimate
the abundances of immune cells in different risk groups
distinguished by risk groups. Moreover, we used the single-
sample gene-set enrichment analysis (ssGSEA) and
ESTIMATE algorithm to quantify immune functions and
immune pathways between the low- and high-groups. More
importantly, we also explored the expression levels of immune
checkpoint and human leukocyte antigen related genes in
different risk groups. Thereafter, gene set enrichment analysis
(GSEA) was performed with differentially risk groups using
“ggplot2” and “clusterProfiler” packages in R software.
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survival. (D) Multivariate cox regression analysis showed coefficients of each lactic acid metabolism-related INcRNAs.

Somatic Mutation Analysis
The TCGA database was used to procure information on somatic

mutations in ESCC. The analysis of mutations in ESCC patients
in the high-risk and low-risk groups was performed using the
“maftools” package. In this study, the tumor mutation burden
(TMB) score for each sample was computed as the number of
mutations divided by the length of the exon (30 Mb). All KIRC
samples with somatic mutations were divided into high and low-
TMB groups according to the median data. To compare the
differences in survival between the low and high-TMB groups, the
Kaplan-Meier analysis was performed.

Investigation of Chemotherapeutic Efficacy
The chemotherapeutic efficacy of different risk subgroups was
predicted using the “pRRophetic” R package. The half-maximal

inhibitory concentration (IC50) was utilized to quantify the
chemotherapeutic efficacy, and lower the IC50, the higher was
the chemotherapeutic efficacy.

Tissue Samples and Quantitative Real-Time
Polymerase Chain Reaction

A total of 10 tumor tissue samples and nearby normal esophageal
tissue samples were obtained from ESCC patients who underwent
tumor resection. All tissue samples were collected from the
Thoracic Surgery Department of the Second Hospital of Hebei
Medical University with the approval by the Medical Ethics
Committee of the hospital. In liquid nitrogen, fresh tumor and
non-tumor tissues were frozen in a snap, preserving their
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integrity. The extraction of RNA was carried out using the TRIzol
Reagent (Invitrogen, United States). PrimeScriptTM RT reagent
Kit with gDNA Eraser (Takara) was adopted to synthesize
complementary DNA (cDNA) by reverse transcription
reaction. The SYBR Premix Ex Taq (Takara) was adopted for

the qRT-PCR analysis. The normalization of all expression data
to GAPDH as an internal control was made with the 2744¢"
approach. Sangon Biotech (Sangon Biotech, Shanghai, China)
was applied to chemically synthesize all primers. Primers for the
genes are displayed in Supplementary Table S1.
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Statistical Analysis

All statistical analyses were performed using the R software
(v.4.0.1). Detailed statistical methods about transcriptome data
processing are covered in the above section. p < 0.05 was
considered statistically significant.

RESULTS

Landscape of LRGs
The flow chart of this study is shown in Supplementary Material
S1. According to the expression of 262 LRGs between normal and

tumor samples, we finally got 41 specific LRGs in ESCC
(|Log2FC| > 1 and p < 0.05). The heatmap showed the TOP10
LRGs, as shown in Figure 1A. Of these, 27 were found to be up-
regulated, and 14 were down-regulated (Figure 1B). As shown in
Figure 1C, the correlation analysis of the 27 LRGs showed that
MT-ND3 had the strongest positive correlation with MT-ND?5 (r
= 0.98); PYGL had the strongest negative correlation with
COQS8A (r = -0.55).

Identification of LRLs

For TCGA-ESCC cohort, Pearson correlation analysis was
performed using the above 27 NRGs and all annotated
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IncRNAs (correlation coefficients >0.6 and p < 0.001). 216 LRLs
were we identified (Figure 2A). To identify survival-related LRLs,
univariate Cox analyses were performed. Finally, 9 LRLs were
screened for subsequent analyses (Figure 2B). Interestingly, the
Wilcox test revealed that other survival-related LRLs were highly
expressed in the normal samples except AC126773.3,
LINCO01588, which was highly expressed in the tumor samples
(Figures 2C,D).

Construction of A Risk Signature

For further decreasing the number of genes in the signature, the
subjection of 9 LRLs to LASSO regression analysis was performed
in GEO cohort (Figures 3A,B). Thereafter, 6 LRLs from LASSO
were retrieved and subjected to multivariate Cox regression
analysis to develop a risk stratification system (Figure 3C).
Finally, combining the expression of 6-LRLs and regression
coefficients (Figure 3D), the risk score of ESCC patients is
calculated as follows: Risk score = (0.3551 * TMEM161B-AS1)
+ (—0.3214 *C8orf49) + (1.0463 * LINCO01588) + (—0.1548 *
LINC02489) + (0.4666 *C9orf147) + (0.2409 * AC126773.3).

Clinical Benefits of Risk Signature

On basis of the median value of risk scores, ESCC patients from
the GEO cohort were divided into two risk subgroups: high-risk
and low-risk. As shown in Figure 4A, the AUCs of risk score
performed with GEO cohort were 0.740, 0.795, and 0.783 at 1, 3,
and 5 years. Meanwhile he AUC for predicting 1, 3, and 5 years
were 0.693, 0.681, and 0.837 in TCGA cohort (Figure 4B). In each
group, the survival time of high-risk patients was significantly
shorter than that low-risk population (p < 0.05), as shown in
Figures 4C,D. In addition, with the risk score formula, the
distribution of risk score between low- and high-risk groups in
GEO and TCGA cohorts. These all indicated the high-risk group
had worse prognoses (Figures 4E,F). To better assess the
prognostic ability of the risk signature, we performed a
stratification analysis to confirm whether it retains its ability

to predict OS in various subgroups. The results showed that the
high-risk subgroup had worse OS compared to the low-risk
subgroup in different TNM stages (p < 0.05; Supplementary
Figure S2). These data indicated that it could be a potential
predictor for ESCC patients.

For determining whether the risk score was an independent
prognostic element for ESCC patients, univariate and
multivariate Cox regression analyses were conducted using the
clinical features and risk score. Based on the outcomes of
univariate Cox regression analysis, the risk score was greatly
related to OS in both GEO and TCGA cohorts (GEO cohort: HR
= 1.652, 95% CI = 1.366-1.997; TCGA cohort: HR = 1.113, 95%
CI 1.063-1.208) (Figures 5A-C). After the adjusting other
confounders, the risk score was still an independent predictor
of OS in multivariate Cox regression analysis (GEO cohort: HR =
1.563, 95% CI = 1.280-1.885; TCGA cohort: HR = 1.215, 95% CI
= 1.035-1.426), as shown in Figures 5B-D. In addition, ROC
curve analysis revealed that the risk score showed better
predictive performance than the other clinicopathological
features in 1-year (Figure 5E), 3-years (Figure 5F), and 5-
years (Figure 5G). Moreover, The results were also exciting: in
the C-index for predicting the meta cohort, the risk signature of
our study showed better predictive value than the immune-
related IncRNA signature established by Zhu, autophagy-
related IncRNA signature established by Shi, and the metabolic
syndrome-related signature established by Liu, as shown in
Supplementary Figure S2.

Construction of Nomogram

Considering that the formula of the risk signature is
complicated, the nomogram can intuitively apply to clinical
work, so we visualized the risk signature based on the above risk
formula. We combined significant indicators in clinical work to
construct a visual prognostic signature (C-index = 0.794 [95%CI
= 0.763-0.846]), as shown in Figure 6A. Moreover, the

calibration curve of the nomogram showed that the
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with low risk score has the best prognostic indicator significance.

prediction curves are close to the standard curve in ESCC
patients, which indicates that the predicted survival rate is
closely related to the actual rates at 1, 3, and 5years, as
shown in Figure 6B. Furthermore, according to the ROC
analysis, good predictive performance in nomogram were
revealed (Figure 6C).

Immunity And Pathway Enrichment Analysis
For further exploring the associations between the risk scores and
immune cells and functions in all cohorts, the RNA-seq data from
TCGA and GEO cohorts were batched using “sva” package. The
enrichment scores of immune cell subpopulations and their
associated functions were quantified with the ssGSEA package
(Figure 7A). Meanwhile, results of ESTIMATE algorithm
revealed high-risk group had a higher score in stromal,
immune, and estimate (Figure 7B). Wilcox test of
immunologic function confirmed significant differences
between low- and high-risk groups for other immunological

function, as shown in Figure 7C. These results suggested that
the high-risk group may be more prone to respond in
immunotherapy. Moreover, it is worth noting that given the
importance of checkpoint immunotherapy and human leukocyte
antigen, with significant differences in the expression of immune
checkpoints and HLA between different risk groups (Figures
7D,E). Finally, GSEA algorithm was used to explore the main
enrichment pathways of different risk groups. In the high-risk
group, FATTY ACID METABOLISM, ANTIGEN PROCESSING
AND PRESENTATION and GRAFT VERSUS HOST disease
were dominant (Figure 8A). In the low-risk group, important
pathways were ECM RECEPTOR INTERACTION, FOCAL
ADHESION, and OLFACTORY TRANSDUCTION
(Figure 8B).

Tumor Somatic Mutational Landscape
Given that gene mutations are a significant contributor to
carcinogenesis, we investigated the differences in the
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distribution of somatic mutations between the high- and low-
risk populations. The top 20 most frequently mutated genes in
each of these two groups are shown in Figures 9A,B. Kaplan-
Meier curves for OS showed that the patients in the high-TMB
group had better prognostic outcomes (Figure 9C).
Subsequently, we combined the risk score with the TMB
score and found that the prognosis of ESCC patients was
the best when the low-risk and high TMB scores were
combined (Figure 9D).

Correlation of the Prognostic Signature
With Chemotherapeutic Efficacy

The current first-line chemotherapy regimens for ESCC in
clinical guidelines are: platinum-containing dual-agent
chemotherapy regimens, paclitaxel combined with platinum
regimens, or 5-fluorouracil-based regimens. We used the
pRRophetic algorithm to evaluate the therapeutic effect of
the drug. Unfortunately, there was no difference in the
expression of 5-fluorouracil between the different risk groups
(Figure 10A). In addition, the IC50 results showed that the low-
risk group had better efficacy on cisplatin (Figure 10B),

paclitaxel (Figure 10C), and gemcitabine (Figure 10D) than
the high-risk group.

Identification of Expression Levels of the 6
Lactic Acid Metabolism-Related LncRNAs

To further demonstrate the feasibility of the prognostic model,
we first analyzed the expression levels of 6 IncRNAs in ESCC
samples and normal control samples using TCGA and GTEx
RNA-seq data. The results showed that the expression level of
C8orf49, LINC01588, LINC02489, C9orf147, and AC126773.3
were significantly up-regulated in ESCC samples compared
with normal control samples, while TMEM161B-AS1 was
down-regulated in ESCC samples (Figure 11A). In
consistence with the RNA-seq data, qRT-PCR analysis of
clinical tissue samples also showed that the expression of
C8orf49, LINCO01588, LINC02489, C9orfl47, and
AC126773.3 was increased and the expression of
TMEM161B-AS1 decreased in ESCC tissues compared with
adjacent normal esophageal tissues (Figure 11B). Collectively,
these findings further validated the stability and reliability of
the LRLs prognostic signature.
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DISCUSSION

To our knowledge, this is the first study to explore the association
between LRLs and ESCC. The univariate Cox regression analysis
in the TCGA cohort revealed that 9 LRLs were substantially
associated with prognosis. LASSO regression and multivariate
Cox regression analyses were used in the GEO cohort. 6-LRLs
were identified as independent prognostic factors and were used
to construct a prognostic risk-related signature. To evaluate the
predictive ability of the risk signature, we divided the patients
with ESCC into low and high-risk groups based on the median
value of the risk scores. Subsequently, we conducted the Kaplan-
Meier survival analysis, which revealed that the high-risk group
had a lower survival probability than the low-risk group in both
the GEO and TCGA cohorts. In multivariate analysis, the risk
signature was shown to be an independent prognostic factor, and
it was found to be a better predictor of the prognosis for ESCC
than the currently used grading and staging approaches. The
established nomogram is suitable for clinical applications to
predict the 1-, 3-, and 5-years survival rates of patients. A
significant correlation was observed between the IncRNA-
based prognostic signature and immune-cell infiltration, TME,
tumor somatic mutations, and chemotherapeutic drug sensitivity.
Finally, we used GTEx RNA-seq data and qRT-PCR experiments
to verify the expression levels of 6 LRLs. In conclusion, we
constructed a prognostic signature based on 6 LRLs that could
predict the prognosis and immunotherapy response of patients
with ESCC.

Among these 6 signature-related IncRNAs, the expression of
TMEM161B-AS1 was significantly decreased in ESCC patients.
TMEM161B-ASlgene is located on chromosome 5ql14.3. A
recent study showed that overexpression of TMEM161B-AS1

inhibited proliferation, invasion, and glycolysis, as well as glucose
uptake and lactic acid generation in ESCC cells (Shi et al., 2021).
However, the involvement and function of the remaining five
model-related IncRNAs (C8orf49, LINCO01588, LINCO02489,
C9orf147, and AC126773.3) in other diseases or malignancies
has not yet been reported. These genes were, therefore,
considered as promising biomarkers that need further
investigation.

According to the previous studies, an increasing number of
studies focused on the TME have highlighted the importance of
IncRNAs in immune infiltration. The IncRNA MIAT is
substantially linked with immune cell infiltration and may
play a critical role in the immune escape of HCC (Peng et al,,
2020). Researchers from Huang Di et al. (Huang et al., 2018)
discovered that NKILA IncRNA enhances tumor immune
evasion by increasing the susceptibility of T lymphocytes to
activation-induced cell death. We found that the IncRNA-
based prognostic signature was substantially linked to immune
cell infiltration in the current study. In the ESTIMATE study, the
risk score was favorably connected with both the estimate,
stromal, and immune scores, suggesting that the prognostic
signature could be used as a new immunological indicator in
the treatment of ESCC. Furthermore, the ssGSEA analysis
revealed that infiltrating immune cells (i.e, aDCs, iDCs,
neutrophils, mast cells, and NK cells) were significantly
increased, and immune signatures (ie., APC coinhibition,
APC costimulation, T cell coinhibition, IEN response type I,
and MHC class I) were remarkably activated when the risk score
was elevated. The expression of 38 immune check blockade-
related genes and 15 HLA-related genes increased considerably
with increasing risk scores, indicating that samples with low-risk
scores may respond to immunotherapy. Taken together, these
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findings indicate that the prognostic signature may aid in the
discovery of the regulatory mechanism of tumor immunity and
provide new insights for future TME investigations.

Chemotherapy remains the first-line treatment for advanced
and metastatic ESCC. Owing to tumor heterogeneity in ESCC, the
ESCC cases display variable sensitivity to chemotherapy (Blum
Murphy et al., 2016). Therefore, we assessed the predictive value
of the prognostic signature for chemo-sensitivity in patients with
ESCC. According to the IC50 values, cisplatin, paclitaxel, and
gemcitabine showed a better response when used in the treatment
of ESCC patients with a low-risk score. Therefore, our prognostic
signature may function as a promising predictor of
chemotherapeutic efficacy and may help in identifying the
most appropriate chemotherapy regimen for each with ESCC.

To the best of our knowledge, this study is the first to construct
a prognostic 6-LRL-based risk signature validated in patients with
ESCC. Functional enrichment, immune cell infiltration, tumor
somatic mutations and chemosensitivity were also analyzed.
Despite its many advantages, the current study has some
limitations. First, prospective, larger, multicenter trials are
warranted to provide more significant evidence for clinical
applications. Furthermore, as the IncRNAs screened by the
study have not been previously analyzed, further research into
their regulatory mechanisms is required.

In conclusion, the 6-IncRNA signature constructed in our
study is a reliable and robust marker to predict the survival
outcome of ESCC patients. The signature was robustly associated
with immune infiltration levels, TMB scores, and chemo-
sensitivity. In addition, we find that the risk score-based
stratification could guide personal chemotherapy and
immunotherapy for individual tumors, improving the
prognosis of ESCC patients.
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