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Abstract

Objective: Lactate dehydrogenase is dysregulated in several cancer types. However, the mechanism of its
dysregulation in lung cancer is not fully understood. We utilized web-based computational databases to conduct
gene expression analysis on LDHA, identified its regulator, and explored their role in the prognosis of lung cancer.
Methods: We used various web-based computational tools, including the UALCAN, TIMER2.0, ENCORI, TCGA
Portal, OncoDB, and GEPIA2 datasets for lung cancer analysis in this study. We also performed survival, biological
processes, and metastasis analysis using various computational tools. We also carried out co-expression functional
enrichment analysis using the Enrichr and TIMER databases, multivariate analysis of survival and pathological stage,
and transcriptional regulation analysis using the ENCORI and OncoDB datasets. Furthermore, LDHA inhibitor binding
of withanolides was analyzed using Auto Dock Tools 1.5.6, LigPlot+, and Pymol. Results: The study found that
the higher levels of LDHA gene expression were associated with poor prognosis and overall survival in lung cancer
patients. We identified 11 key genes co-expressed with LDHA; out of them, two genes, MKI67 and PGK1, showed
a strong positive correlation with LDHA and associated poor survival outcomes in LUAD patients. Furthermore, we
also identified hsa-let-7c-5p and TMPO-ASI as potential regulators of LDHA in LUAD. It might be possible that the
TMPO-AS1- hsa-let-7c-5p-LDHA ceRNA network could serve as a potential regulator of aerobic glycolysis in LUAD
and can serve as prognostic biomarkers. Further, Withanolides can inhibit the activity of LDHA and can be tested as
an adjuvant treatment. Conclusion: We conclude that LDHA is overexpressed in LUAD, and the patients with high
expression of LDHA exhibit poor prognosis. Further, the TMPO-AS1-hsa-let-7c-5p-LDHA ceRNA network can regulate
aerobic glycolysis, thereby facilitating tumor growth in lung cancer.
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Introduction

Lung cancer is the most common cancer, with
approximately 2.21 million confirmed cases and 1.8
million deaths recorded annually [1]. The main reason
for the high mortality rate is that late diagnosis leads to
poor outcomes. Histologically, lung cancer is divided
into non-small cell lung cancer (NSCLC) and small cell
lung cancer (SCLC); SCLC accounts for approximately
15% of all lung cancers [2]. NSCLC, which consists
of 85% of all lung cancer, is further divided into lung
adenocarcinoma (LUAD) and squamous cell carcinoma
(LUSC) [3]. Smoking remains the most common risk
factor for lung cancer [4, 5]. Conventional treatment
modality is associated with increased resistance toward
therapy and metastasis to distant organs.

Cancer cells demonstrate heightened aerobic
glycolysis, also termed as ‘Warburg effect’. Lactate
dehydrogenase A (LDHA), which catalyzes the conversion
of pyruvate to lactate, plays a crucial role in aerobic
glycolysis and is recognized as a therapeutic anticancer
target. LDHA catalyzes this process by converting
pyruvate and NADH to lactate, which also contributes
to epithelial-mesenchymal transition and metastasis [6].
LDHA plays a crucial role in cancer development and
distribution, impacting the prognosis for cancer cells and
the immune system. The role of LDHA in the prognosis
of NSCLC has not been fully explored.

The tumor microenvironment is a complex ecosystem
that includes many healthy or noncancerous cells, such
as the immune system, signaling molecules, fibroblasts,
and extracellular matrix [7, 8]. Hypoxia affects the
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oxygen supply from blood vessels, leading to the Warburg
effect and excessive intracellular lactic acid production
[9]. Excessive lactic acid production leads to protein
denaturation and increased phospholipases, which damage
cell walls and release lactic acid into the environment,
thereby affecting neighboring cells [9-11].

Lung cancer is a heterogeneous disease, and the
finding of new molecular prognostic markers is of utmost
importance. Noncoding RNAs (ncRNAs), including long
non-coding RNAs (IncRNAs), microRNA (miRNA),
circular RNA (cirRNA), and piwi-RNA have been reported
to regulate the tumorigenesis of numerous human cancers,
including lung cancer. LncRNAs, when abnormally
expressed, are linked to cancer development and influence
gene expression, acting as microRNA sponges that affect
cancer cell growth, proliferation, migration, and invasion.
TMPO antisense RNA 1 (TMPO-AS1), a IncRNA, has
been shown to promote the progression of NSCLC by
regulating its natural antisense transcript TMPO [12, 13].

In this study, we investigated the role of LDHA and its
ceRNA network as prognostic biomarkers. LDHA plays
an important role in the growth and distribution of cancer
and tumors that affect immunity. It inhibits glycolysis
and reduces the oxygen demand of tumor cells, which
is important in developing alternative cancer treatments
[14]. The ceRNA network associated with LDHA controls
the activity of genes involved in aerobic glycolysis,
which leads to the Warburg effect in cancer cells [15].
This network includes various IncRNAs, miRNAs, and
mRNAs that interact with LDHA, influencing its activity
and expression levels to modulate the metabolic shift
towards glycolysis. ceRNA interacts with LDHA to change
its activity and expression levels, which in turn changes
the metabolic shift toward glycolysis. Understanding
the intricate interplay within this ceRNA network holds
immense potential for identifying novel therapeutic targets
and prognostic biomarkers in cancer patients. Naturally
occurring C28 steroidal lactones with an ergostane-based
skeleton have various biological activities, including
antitumor activity [16]. The second objective of this
study was to examine the inhibitory effect of withanolides
on LDHA. This study aims to find a selective molecule,
such as withanolide (withanolide D + NADH, withaferin
A + NADH, withanolide O + NADH, withanolide E +
NADH, withanolide G + NADH, and withasomnine +
NADH), that targets LDH. We conclude that LDHA is
overexpressed in LUAD and the patients with high express
of LDHA exhibit poor prognosis. Further, TMPO-ASI-
hsa-let-7c-5p-LDHA ceRNA network can regulate
aerobic glycolysis thereby tumor growth in lung cancer.
Furthermore, we found that withaferine A and withanolide
D bind to LDHA with a strength of -9.3 kcal/mol and -10
kcal/mol, respectively.

Materials and Methods

Expression analysis of LDHA

This study used publicly available databases to conduct
gene expression analyses of lung cancer. Web-based
computational tools, UALCAN (https://ualcan.path.uab.
edu) [17], TIMER 2.0 (http://timer.cistrome.org) [18], and
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Firehose Broad GDCA (https://gdac.broadinstitute.org)
were used for pan-cancer analysis. Differential expression
analysis of LDHA mRNA in lung cancer patients was
determined using UALCAN, ENCORI (https://rnasysu.
com/encori/) [19], TCGA Portal (http://tumorsurvival.
org/index.html), OncoDB (https://oncodb.org) [20],
and GEPIA2 (http://gepia2.cancer-pku.cn/#index) [21].
The relationship between LDHA expression and patient
clinicopathological characteristics such as sub-type,
lymph node status, smoking history, and methylation was
analyzed using UALCAN.

Survival Analysis

We utilized the Kaplan-Meier Plotter (https://kmplot.
com/analysis/index.php?p=background) [22] for survival
analysis on lung cancer datasets by categorizing the
patients with low expression and high expression data sets
for target genes. The analysis included overall survival
(OS), first progression (FP), and post-progression survival
(PPS) using a Jetset probe. “Gene symbol, Affymetrix
id: LDHA, 200650 s at”; MKI67, 212023 s at; EIF2,
201142 at; ENOILI, 201231 s at; PGKI, 227068 at;
PPI4,226336 at; PSMD14,212296 at; Gspl,200749_at;
TPI1, 210050 at; TUBAIC, 209251 x at; VDACI,
212038 s at; and VDAC2, 211662 s at.

Functional Heterogeneity Analysis and Metastasis

CancerSEA (http://biocc.hrbmu.edu.cn/CancerSEA/)
[23] was used to determine the correlation between LDHA
gene expression and various biological processes. We
used TNMplot (https://tnmplot.com/analysis/) [24] and
ctcRbase (http://www.origin-gene.cn/database/ctcRbase/
index.html) [25] datasets to analyze LDHA’s role in
metastasis, and protein atlas (https://www.proteinatlas.
org) [26] for protein expression analysis.

Co-expressed functional enrichment analysis

We identified LDHA-co-expressed genes using the
Enrichr (https://maayanlab.cloud/Enrichr/) database
[27] and investigated the relationship between LDHA
and co-expressed genes in lung cancer using the TIMER
(https://cistrome.shinyapps.io/timer/) database. We
further validated the data using the TNMplot, GEPIA,
and UALCAN databases.

Multivariate survival and pathological stages analysis
Using the KM plotter database, we conducted a
mean gene expression multivariate survival analysis that
included overall survival (OS), histology, smoking habit,
and histology, along with smoking habit, using a Jetset
probe. “Gene symbol, Affy id: LDHA, 200650 s _at”;
MKI67, 212023 s at; PGKI, 227068 at. We visualized
the gene expression of the selected genes in different
pathological stages using the GSCA (https://guolab.
wchscu.cn/GSCA//#/) database [28].

Non-coding regulatory network analysis

We identified and validated miRNAs targeting
the LDHA gene using the UALCAN database and
ENCORI. We evaluated the prognostic significance of
LDHA-associated miRNAs with pathological parameters
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using CancerMIRNome and UALCAN. We utilized the
atlas of non-coding RNAs in Cancer, LncTarD 2.0 (https://
Inctard.bio-database.com) [29], ENCORI, and UALCAN
for IncRNA analysis.

The transcriptional regulation analysis

We looked at the transcriptional factors that control the
LDHA gene’s function using the ENCORI and OncoDB
datasets. We also looked at their prognostic value using the
KM Plotter, looking at OS, histology, and histology with
smoking history (Affy ID: 219990 at; E2FS). Using the
UALCAN database, the expression of E2F8 in LUAD was
examined based on different cancer stages, the patient’s
race, smoking habits, and node metastasis status.

Protein and ligand data acquisition and molecular
docking

Human LDHA crystal structure with bound pyrazole
derivative (PDB ID: 5SW8L) was used for in silico docking
calculations. Pymol [30] software was used to prepare the
structure for molecular docking. Inhibitor binding pocket
was analyzed by comparing different LDHA-inhibitor
complexes available in literature (PDB IDs: SW8H,
SWSI, 5W8J, SW8K, SW8L). The chemical structures
of'six ligands were obtained from the PubChem database
[31]. Structure minimization was done using UCSF
Chimera [32]. Auto Dock Tools 1.5.6 [33, 34] was used
to analyze binding interactions with the LDHA protein.
Gasteiger partial charges were assigned to ligand atoms,
while Kollman charges were used for the protein. Ten
docked conformations were generated for each ligand,
and the top two hits with a docking score greater than
the known inhibitors were selected for further validation.
The protein-ligand complex was visualized using UCSF
Chimera and LigPlot+ [35].

Statistical Analysis

We analyzed LDHA gene expression using t-tests and
online database models to compare tumors and tissues. We
examined the relationship between LDHA gene expression
and prognosis. LDHA performance heterogeneity and
gene enrichment A log-rank test was used to compare
survival rates, and the significance level was P<0.05.

Results

LDHA expression in lung cancer: A Pan-Cancer Approach

First of all, we compared the expression of LDHA
in tumors and normal tissues from various cancer types.
As shown in Figure 1A-C, the expression of LDHA was
highly elevated in tumors from multiple cancer types,
including LUAD and LUSC. We found that patients
with LUSC and LUAD exhibited higher levels of LDHA
gene expression, with a 9-fold increase in expression
between normal and cancerous tissue, using the UALCAN
database. As shown in Figure 2A-B (LUAD, P = 1.6e-
12 and LUSC, P = <le-12), a consistent pattern of
overexpression was observed in lung cancer patients
using various databases, including ENCORI (LUAD, P=
1.2e-37 and LUSC, P=2.9¢-40), TCGA Portal (LUAD, P
=4.2e-86 and LUSC, P=2.5¢-82), OncoDB (LUAD, P=

4.2e-86 and LUSC, P=2.5¢-82) and Gepia 2 (P<0.05), as
shown in Figure 2C-I. Furthermore, the LDHA gene was
hypomethylated (P =7.1e-12) in tumor tissues, compared
to normal (Supplementary Table 1).

Survival analysis and correlation of LDHA with
clinicopathological status

Then, to assess the prognostic role of LDHA in
NSCLC, the Kaplan-Meier graphs were plotted using
the KM Plotter database. As shown in Figure 2J and
Table 1, results indicated that NSCLC patients with
higher LDHA expression had a poor prognosis, with
a significant association with OS (HR = 1.54, 95%
CIL: 1.37-1.74, P = 1.2e-12). LDHA exhibited higher
prognostic value for determining OS in LUAD (HR =
1.7,95% CI: 1.42-2.02, P =2.5e-09) compared to LUSC
(HR =1.23, 95% CI: 1.01-1.49, P = 0.036) (Figure 2J-O
and Supplementary Figure 1 A-D). Thus, we focused our
further study on LUAD. Then, we plotted OS KM plots for
LDHA gene expression in LUAD patients with different
clinicopathological conditions, including gender, age, and
smoking status. LDHA showed an association with OS,
both the males and females, and smokers and non-smokers
(Figure 2J-0O)

The role of LDHA in metastasis is enriched by functional
heterogeneity analysis

Analysis using CancerSEA demonstrates a strong
association between LDHA gene expression and several
biological processes, such as invasion, DNA damage, cell
cycle, metastasis, DNA repair, and EMT (Figure 3A-G).
Cancer cells are primarily associated with invasion, DNA
damage, metastasis, and EMT, making them resistant
to therapy and difficult to treat. However, a negative
association was found between LDHA gene expression
and apoptosis (Figure 3H-I). An increased LDHA level
in lung cancer cells aids in metastasis and the transition
from epithelial to mesenchymal cells, thereby achieving
resistance to available therapies. However, we found a
negative association between LDHA gene expression and
apoptosis (Figure 3H-I), confirming its role as an oncogene
in lung cancer patients. Furthermore, the ctcRbase and
TNMplot databases confirm that LDHA plays a crucial
role in the progression of metastasis and the proliferation
of circulating tumor cells (Figure 3 J-K). The expression
of LDHA was much higher in lung metastatic tumors,
compared to primary lung tumors (Figure 3K).

Then, using Enrichr, we identified co-expressed genes
associated with the LDHA gene in LUAD and LUSC.
The top 11 genes associated with LDHA expression in
LUAD were as follows: MKI167, EIF2S1, ENOI, VDACI,
VDAC2, PGK1, PPI4, PSMDI14, RAN (Gspl), TPI1, and
TUBAIC. We further validated these genes using the
TIMER database for both LUAD and LUSC. We found a
strong positive correlation (correlation > 0.35) between
each gene and LDHA in LUAD patients (Figure 4A-B),
underscoring the significance of LDHA in LUAD. We also
validated the co-expression of LDHA and its associated
genes using TNMplot, GEPIA, and UALCAN databases,
revealing similar results (Supplementary Figures
2A-J, Supplementary Figures 3A-V, Supplementary
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Table 1. Survival Analysis of LDHA in Lung Cancer

S.NO Index Patient Hazard CI Log (P) Survival in months
Number Ratio Low Expression High Expression
Cohort Cohort
NSCLC
1 (N 2166 1.54 1.37-1.74 1.20E-12 90 51
FP 1252 1.54 1.3-1.82 5.90E-07 25.73 12
PPS 477 1.02 0.83-1.25 0.87 13.45 13
LUAD
2 Histology oS 1161 1.7 1.42-2.02 2.50E-09 108.97 63
FP 906 1.82 1.49-2.23 4.00E-09 33.13 12
Gender Male (OS) 566 1.71 1.35-2.17 8.40E-06 99 55
Male (FP) 461 1.75 1.33-2.3 5.30E-05 27 10.43
Female (OS) 537 1.63 1.24-2.16 0.00049 108.97 86
Female (FP) 445 2 1.48-2.71 4.40E-06 45 14
Smoking Smoker (OS) 546 1.84 1.41-2.41 5.40E-06 48 21
History Smoker (FP) 516 1.46 1.13-1.9 0.0042 102 48.73
Non-Smoker (OS) 192 2.19 1.18-4.04 0.01 88.7 49.4
Non-Smoker (FP) 189 2.29 1.37-3.81 0.0011 69 25
LUSC
3 Histology oS 780 1.23 1.01-1.49 0.036 63.03 46
FP 220 0.93 0.62-1.4 0.74 11.83 13
Gender Male (OS) 514 1.17 0.93-1.46 0.19 52 43.83
Male (FP) 185 0.97 0.63-1.5 0.89 10 13
Female (OS) 213 1.38 0.91-2.1 0.13 95.5 68.6
Female (FP) 35 0.8 0.24-2.68 0.72 21.42 89.3
Smoking Smoker (OS) 244 1.22 0.84-1.76 0.3 78.9 65.1
History Smoker (FP) 57 0.43 0.17-1.04 0.053 12.55 62
Non-Smoker (OS) 9 Not detected - -
Non-Smoker (FP) 1 Not detected - -

Figures 4A-K, and Supplementary Figures SA-T). We
further evaluated the prognostic role of the LDHA co-
expressed 11 genes, and found that 8 (MKI67, EIF2S1,
ENOI, VDACI, VDAC2, PGKI, TPIl, and TUBAIC)
out of 11 genes, along with MKI67, were significantly
associated with OS of NSCLC patients (Table 2 and
Supplementary Figure 6A-K). Additionally, we analyzed
these genes in relation to OS and LUAD, revealing that
five co-expressed genes (MKI167, ENOI, VDAC2, PGK,

and TUBA1C) significantly correlate with poor survival
outcomes of LUAD patients (Supplementary Table 2 and
Supplementary Figures 7A-P). To assess the effect of
confounding factors, clinicopathological conditions such
as history of smoking, histology, and cancer stages were
selected for multivariate analysis. PGK 1 (HR =1.73,95%
CI: 1.12-2.66,P=0.012), TPI1 (HR = 1.64, 95% CI: 1.2-
2.66,P=0.012), TUBA1C (HR=2.07,95% CI: 1.49-2.88,
P =1.1e-05), VYDAC2 (HR = 1.81, 95% CI: 1.31-2.52, P

Table 2.Prognostic Role of LDHA co-expressed Genes in Lung Cancer

S.NO. Gene Index Patient Number Hazard Ratio CI Log(P)
1 MKI67 (0N 2166 1.52 1.35-1.71 4.70E-12
2 EIF2S1 (0N 2166 1.15 1.02-1.29 0.023

3 ENOI (0N 2166 1.35 1.19-1.52 9.70E-07
4 PGK1 oS 1411 1.42 1.22-1.64 3.80E-06
5 PPIA (0N 1411 0.74 0.63-0.85 4.50E-05
6 PSMD14 (0N 2166 1.09 0.96-1.22 0.17

7 RAN (Gspl) (0N 2166 0.98 0.87-1.11 0.79

8 TPI1 (0N 2166 1.17 1.04-1.32 0.008

9 TUBAIC OS 2166 1.47 1.3-1.65 2.20E-10
10 VDACI (0N 2166 1.2 1.06-1.35 0.0033
11 VDAC2 (0N 2166 1.54 1.36-1.73 2.00E-12
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Expression of LDHA across TCGA cancers (with tumor and normal samples)
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Figure 1. Expression Pattern of LDHA in Pan-Cancer (A) Expression profile of LDHA was determined by the UALCAN
database for tumor versus normal samples; Red bars = Tumors, blue bars corresponding normal tissue. (B) expression
of LDHA in pan-cancer by TIMER 2.0 meta-analysis; tumors compared with matched normal samples, red bar-dot
plot = Tumors, blue bar-dot plot represents corresponding normal tissue. Error bars represent SD. ***p < 0.001. (C)
Pan-cancer analysis of LDHA expression using Firehose database, red bars indicates tumor and blue bars normal

tissues.

Table 3. Expression Analysis of LDHA Co-Expressed

Genes
S.NO. Gene Fold Change Tumor vs Normal
1 LDHA 1.6
2 MKI67 2.57
3 PGK1 1.55
4 TUBAIC 0.99
5 TPI1 0.97
6 VDAC2 1.09

=0.00029), MKI167 (HR = 1.87, 95% CI: 1.35-2.58, P =
0.00011), and LDHA (HR = 1.96, 95% CI: 1.43-2.71, P
= 2.6e-05) showed high prognostic value in multivariate
analysis (Supplementary Table 3 and Supplementary
Figure 8 A—G). Importantly, LUAD patients with high
protein levels of LDHA show poor survival outcomes
compared to LUAD patients with low LDHA expression
(Supplementary Figure 9A). Tumor tissues show high
immunoreactivity for LDHA (Supplementary Figure
9B-C).
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Figure 4. Expression Correlation between LDHA and Top 10 Co-Expressed Genes by Using TIMER 2.0. Expression
Pattern of all co-expressed genes in (A) LUAD and (B) LUSC patients.

Furthermore, we compared the expression of
co-expressed genes between tumor and normal tissue,
and we found that MK/67 (Fc = 2.57) and PGKI
(Fc = 1.55), showed elevated expression in tumors from
lung cancer patients (Table 3). Based on these results, we
conclude that only LDHA, MKI67, and PGKI showed
more than 1.5-fold consistent increased expression and
were associated with the survival outcome of the LUAD
patients, and thus, we chose these genes for further
analysis. The study found a significant association for
OS in NSCLC patients (P<0.05) and a highly significant
association with smoker LUAD patients (HR 3.14,
p = 1.3e-05) (Table 4 and Figure 5SA-D). Furthermore,
we used the GSCA database to analyze the expression of
the LDHA, MKI167, and PGKI genes in LUAD patients
with different stages. Figure 5 E-G revealed a stronger
association between the LDHA gene and stages with a
false discovery rate (FDR) closer to 2.0, comparable

Table 4. Multivariate Overall Survival Analysis

to MKI67, the gold standard biomarker for cancer cell
proliferation. We observed a consistent expression pattern
for LDHA, which increased with advancing stages, while
the expression patterns of PGK/ and MKI67 were not
consistent. The results suggest that LDHA can be a better
progression biomarker for LUAD compared to MKI67.

Regulation of LDHA expression by microRNAs

LDHA dysregulation has been associated with a poor
prognosis in several cancer types, but the mechanism of
its dysregulation is unclear. miR-16-5p has been shown
to regulate aerobic glycolysis by targeting LDHA [36].
Toward this, we analyzed the miRNAs that could target
and regulate the expression of LDHA. Using the UALCAN
database, we identified 16 downregulated miRNAs in
tumors from lung cancer patients. These are hsa-mir-5588,
hsa-mir-490, hsa-mir-1-2, hsa-mir-211, hsa-mir-99a, hsa-
mir-29¢, hsa-mir-548b, hsa-mir-4423, hsa-mir-101-1, hsa-

S.NO. Gene Index Patient Number Hazard Ratio CI Log (P)
1 LDHA + MKI67 + PGK1  NSCLS patients 1,411 1.57 1.35-1.82 2.10E-09
Adenocarcinoma 672 2.09 1.62-2.69 4.70E-09
Smoker 330 1.95 1.32-2.87  0.00063
Adenocarcinoma + Smoker 231 3.14 1.83-5.4  1.30E-05
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Figure 5. Prognostic Role of mRNA Expression of LDHA, MKI67, and PGKI in Lung Cancer Patients. Kaplan-Meier
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Table 5. Association of LDHA with E2F Transcriptional
Factors

S.NO. E2F Transcription ~ Coefficient P value
Factors R value

1 E2F1 0.186 1.83E-05
E2F2 0.207 1.60E-06
E2F3 0.106 1.53E-02
E2F4 0.115 8.13E-03
E2F5 0.077 7.81E-02
E2F6 0.074 8.91E-02
E2F7 0.277 1.02E-10
E2F8 0.328 1.29E-14

mir-584, hsa-mir-29a, hsa-mir-5680, hsa-mir-133a-1, hsa-
let-30b, and hsa-let-7c. Using the ENCORI database, we
analyzed the association of the above-mentioned miRNAs
with LDHA and its co-expressed genes. Importantly,
we found a significant negative relationship between
hsa-let-7¢c-5p and the expression of LDHA (r =-0.270, P
= 5.22e-10), MKI67 (coefficient R = -0.368, P = 6.82¢-
18), and PGKI (coefficient R = -0.226, P = 2.25¢-07)
(Figure 6A-C). Furthermore, we found that hsa-let-7c-
Sp is significantly down-regulated in LUAD patients
(Figure 6 D). Analysis with CancerMIRNome database
showed a significant sensitivity and specificity for the
decreased expression of hsa-let-7c-5p with an AUC value

Asian Pacific Journal of Cancer Prevention, Vol 25 3681



Rajeev Nema et al

(A) ()] ©

hsa-let-7¢-5p vs. LDHA, 512 samples (LUAD) hsa-let-7c-5p vs. MKI67, 512 samples (LUAD) hsa-let-7c-5p vs. PGK1, 512 samples (LUAD)
Data Source: ENCORI project Data Source: ENCORI project Data Source: ENCORI project

Regression (y = -0.1912x + 8.8640)
© r=-0.270, p-value = 5.22¢-10 |

[— Regression (y = -0.4894x + 7.0040)
@ r=-0.368, p-value = 6.82e-18

LDHA, Expression level: log2[FPKM+0.01)]
MKI6?, Expression level: log2[FPKM+0.01)]
PGK1, Expression level: 10g2(FPKM-+0.01)]

o e
4 .l .
. § T I u . : o L " 6 § T I “
hsa-let-7c-5p, Expression level: [og2(RPM+0.01) hsa-let-7c-5p, Expression level: log2(RPM+0.01) hsa-let-7c-5p, Expression level: log2(RPM+0.01)
®) ®) ®)
, P=289-24 ~1.00
.o g R =-0.325, P = 1.87e-14
- 2 .
o o~ - € 0.75 512
3 S 2
g . 2 .
= 0 n
] T 0.50 o
g 101 . x 910
3 g g
= =3
§ E-] 8
0 o.
g 4 0.25 2
£ 8 a i}
0 AUC=0.95 (95% Cl: 0.93-0.98)
3 s . .
o F 0.00 8 10 12
Normal Tumor 000 025 050 075 _ 1.00 MIMAT0000064 (hsa-let-7c-5p)
Sample Type False Positive Rate (1-Specificity) « Tumor « Normal
(&) (H) @
hsa-let-7c-5p with 512 cancer and 20 normal samples in LUAD Expression of hsa-let-7c in LUAD dataset Expression of hsa-let-7c in LUAD based on individual
Dats Source: ENCOR! projct cancer stages
% 1 2.7e-09
ol A 5k *kk
iS¢ 15 . —
. ] T
g —_ 3 ak | i
: - T HE = - s
g : E 3 1 = - _
£ 12 1 i 3K i T
: 5 | A o =]
H = 8 % \ ‘ % , . !
e 5 i s 3 7 |
g © i © |
: 8 — L [
8 g : 1k 1k -
. 5 0 —— 0 — — — —
Cancer log2(RPM) Normal log2(RPM) Normal Primary tumor Normal Staget Stage2 Stage3 Staged
(n=44) (n=447) (n=44) (n=241) (n=109) (n=72) (n=20)
TCGA samples TCGA samples

) (K) 0]
Expression of hsa-let-7c in LUAD based on smoking Expression of hsa-let-7c in LUAD based on patient's race Expression of hsa-let-7c in LUAD based on Nodal
status 5k metastatis status
*kk
5k *kk 5k *kk
I
T 4% | T
e % 4k
g - 5 c
= = e
£ % T i E %9 i E i
. i i i T E i i £ 3+ i
] i i i 3 | = i
o x i i T i o i i g ! ! — -
| | i H 1 [} | H i { i
T i H - | % i =t { i i i
g 1 5 g1 i 1
4 - . [ & g i i
T ' — —_ x £ ||
| 1 . Tk 1k
1 i A = f—— ' —_
i ES : — |
Normal Non smoker Smoker Reformed Reformed 0 0 - — -
(n=44) (n=66) (0=104) smoker (<15 smoker (>15
years) years) Normal Caucasian Aftican-american Asian Normal No Nt N2 N3
(n=116) (n=144) (n=44) (n=344) (n=49) (n=6) (n=44) (n=293) (n=80) (n=64) (n=1)
TCGA samples TCGA samples TCGA samples

Figure 6. Co-Expression of miRNA and Gene in Lung Adenocarcinoma Samples, hsa-let-7c Showing Negative
Correlation with (A) LDHA, (B) MKI67, (C) PGKI using ENCORI database; (D) Individual miRNA expression of
hsa-let-7c in tumor tissues from lung cancer patients vs normal samples using CancerMIRNome, (E) ROC analysis
curve showing specificity of hsa-let-7c in lung cancer patients (AUC=0.95) and (F) correlation between hsa-let-7c-
S5p and LDHA expression determined using CancerMIRNome. Validation of hsa-let-7¢-5p downregulation in tumor
samples as compared to normal by using (G) ENCORI and (H) UALCAN. Further, the UALCAN database to examine
miRNA hsa-let-7¢c expression in LUAD based on (I) individual cancer stages, (J) smoking status, (K) patient’s race,
and (L) nodal metastasis status.

of 0.95 and a negative correlation with LDHA (Figure 6  databases, revealing significant downregulation in LUAD
E-F). Furthermore, the study validated the downregulation ~ patients, tumor cells, stages, nodes, races (Asian), and
of hsa-let-7c-5p using the ENCORI and UALCAN  smokers (Figure 6G-L). The downregulation of hsa-
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Figure 7. (A-D) Correlation between IncRNA TMPO-AS|1 expression with genes and miRNA in lung adenocarcinoma
using ENCORI. (A) positive correlation between TMPO-AS1 and LDHA (n=526), (B) positive correlation between
TMPO-AS1 and MKI67 (n=526), (C) positive correlation between TMPO-AS1 and PGK1 (n=526), (D) negative
correlation between hsa-let-7c and TMPO-AS1. Boxplot of individual gene expression of TMPO-AS1 in lung
adenocarcinoma using (E) UALCAN, (F) ENCORI. Using UALCAN to determine gene expression of TMPO-ASI in
LUAD based on (G) individual stages and (H) smoking status.

let-7¢c-5p in LUAD patients, as confirmed by multiple
databases, suggests its potential regulatory molecule for
LDHA. The negative correlation observed between hsa-
let-7¢c-5p and LDHA expression, as well as other related
genes, highlights the possibility of hsa-let-7c-5p playing
a crucial role in the regulation of LDHA and its associated
pathways. Further investigation into the functional
mechanisms of hsa-let-7c-5p could provide valuable
insights into the development and progression of LUAD.
Indeed, prediction by miRTarbase demonstrate potential

binding sites for hsa-let-7c-5p in LDHA gene.

Feedback loop between IncRNA-TMPO-ASI1 and hsa-
let-7c-5p

Then, we examined the interactions between
hsa-let-7c-5p miRNA and IncRNAs to construct a
competing endogenous RNA (ceRNA) network. We found
the LncTarD 2.0 database identified several IncRNAs
significantly associated with lung cancer patients,
including SPRY4-1T1, HOTAIR, MALAT1, DSCAM-
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Figure 8. Transcriptional Regulation Analysis of E2F8 and Its Positive Correlation with (A-B) TMPO-AS1 Using
(A) ENCORI (r = 0.594), (B) OncoDB (r = 0.4607), but negative correlation with hsa-let-7c-5p (r = -0.228) using
ENCORI. Survival analysis of £2F8 using KM Plotter by analyzing (D) OS in NSCLC patients (E) OS in LUAD
patients, and (F) OS in smoker LUAD patients. (G-J) Expression of E2F8 in LUAD based on (G) individual cancer
stages, (H) patient’s race, (I) smoking history, and (J) nodal metastasis status.

AS1, BCAR4, HCPS, DANCR, LINC00922, ST8SIA6-
AS1, ROR, LINC00460, NEAT 1, Linc8087, TINCR,
LINP1, TMPO-AS1, CYTOR, HULC, EPIC1, NNT-ASI,
EZR, PVTI, ATB, NEAT1, AC078883.3, MEG3, XIST,
FENDRR, and LINC-PINT. However, the ENCORI
database revealed that LDHA correlated positively
with TMPO-ASI (r = 0.222 and p = 2.56e-07), MKI67
correlated positively with TMPO-AS1 (r=0.633 and p =

3684 4sian Pacific Journal of Cancer Prevention, Vol 25

3.23e-60), and PGK1 correlated positively with TMPO-
ASI. Importantly, as shown in Figure 7A-D, TMPO-AS1
negatively correlated with let-7c-5p (r = -0.229 and p =
1.68e-07). This suggests that TMPO-ASI can interact with
let-7c-5p, reducing their regulatory effect on mRNA gene
expression. The UALCAN and ENCORI databases found
a strong link between TMPO-AS1 and people with lung
cancer. Figure 7E-H shows that overexpression of TMPO-
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Figure 9. Human LDHA in complex with cofactor NADH (blue), reference inhibitor (Pubchem CID 131955127,
green) and withanolides in the binding pocket. (B-E) LDHA interaction with Withaferin A (orange) and withanolide D
(yellow) within the pocket. Zoom out views display the interactions (dashed lines) of withaferin A and withanolide D
with active site residues Arg105, His192 and Ser 195.

Table 6. Binding Affinities between LDHA and Ligands AS1 was seen in smokers and people with different stages

of LUAD. According to the available data, it is believed

Inhibitors Binding Energy (Kcal/mol)
Withanolide D +NADH -10
Withaferine A + NADH 93
Withanolide O + NADH 9.1
Withanolide E + NADH -8.9
Withanolide G +NADH -8.9
Withasomnine +NADH -6.3

that the TMPO-AS1/hsa-let-7c-5Sp/LDHA/MKI67/PGK 1
feedback loop plays a role in lung cancer progression.
The transcriptional regulation of the LDHA gene

E2F transcription factors are vital to regulating cell
activity and tumor growth. A study on lung cancer patients
found increased expression of E2Fs such as 1, 2, 4, 5, 6,
7, and 8 in LUAD tissues. According to Table 5, only the

Asian Pacific Journal of Cancer Prevention, Vol 25 3685



Rajeev Nema et al

E2F8 transcription factor is strongly associated with the
LDHA gene in LUAD patients. Figure 8 A-C shows a
strong positive association between E2F8 and the TMPO-
AS1 genes but a negative association with the hsa-let-7c-
5p miRNA. Overexpression of E2F8 is associated with
poor OS in lung cancer patients, particularly in LUAD
and smokers (Figure 8 D-F). We also validated our
results using the UALCAN database and saw that E2F8
is significantly overexpressed in smoker LUAD patients,
including those with node metastasis, Asian (race), and
adenocarcinoma stages (Figure 8G-J). E2F8, along with
LDHA/TMPO-AST and hsa-let-7¢c-5p, may be a potential
ceRNA network that can regulate the progression of
tumors and serve as prognostic predictors in LUAD
patients. The fact that E2F8 and the hsa-let-7c-5p gene
are negatively linked suggests that E2F8 expression may
attenuate the expression of hsa-let-7c-5p.

Analysis of protein-ligand interaction between LDHA
inhibitors and Withanolide

In silico docking and interactions of Withania
somnifera bioactive molecules were studied to identify
potential competitive inhibitors of LDHA. Six molecules
were docking in the presence and absence of cofactor
NADH. All the binding energies are mentioned in Table
6. It is observed that binding affinities and interactions
were improved in the presence of NADH. We also used a
potent pyrazole based reported LDHA inhibitor Pubchem
CID 131955127 (Pubmed HYPERLINK “https://www.
resb.org/search?q=rcsb_pubmed container identifiers.
pubmed 1d:29120638” 29120638) as a reference to
compare the binding of withanolides. Best energies were
observed in the case of withaferine A (-9.3 Kcal/mol) and
withanolide D (-10 Kcal/mol). Binding interactions and
poses of these two molecules were analyzed further to
understand their interactions within the binding cavity.
Withaferine A is engaged in hydrogen binding interactions
with active site residues Arg105, Ser195, and His192 and
hydrophobic contacts with Pro138, lle141, Tyr238, Ile241,
and Ile325. Withanolide D forms a strong interaction
with LDHA. It forms four hydrogen bonds within the
binding cavity which includes two hydrogen bonds with
Argl05 and Ser195 and two hydrogen bonds with His192.
The binding modes show ligands interacting within the
substrate binding cavity, which is also the same for the
reference inhibitor (PubChem CID 131955127). Docking
and interactions of complexes are shown in Figure 9
(A-E).

Discussion

Lactate dehydrogenase (LDH) is a crucial enzyme
in tumor cells that is involved in the production of lactic
acid. Overexpression of LDHA in tumors leads to lactic
acid accumulation, releasing lactate in the TME, which
is associated with tumor proliferation and growth [14].
High LDHA expression in lung cancer patients suggests a
potential role for LDHA in tumorigenesis and progression.
This suggests that further research into the mechanisms
underlying LDHA overexpression and its impact on cancer
metabolism could lead to targeted therapies and improved
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treatment strategies. High LDHA expression promotes
aerobic glycolysis and inhibits oxidative phosphorylation,
providing cancer cells with energy for rapid proliferation
but also contributing to tumor progression, invasion, and
resistance to therapy. Understanding these mechanisms
could help identify novel therapeutic targets and
improve treatment outcomes for lung cancer patients.
However, owing to their high dosage and low potency,
most glycolytic inhibitors available in the market could
potentially lead to system toxicity [10, 14, 37]. Thus,
it is vital to identify specific glycolytic inhibitors with
increased potencies and low toxicity [38]. It has been
observed that only intense anaerobic exercise can result
in myoglobinuria due to hereditary LDHA deficiency,
indicating that small molecules that inhibit LDHA
enzymatic activity could be a safe chemotherapeutic
agent [39]. Depending on their different growth
conditions and cell types, cancer cells exhibit varying
degrees of enhanced glycolysis. While normal cells
generate most of their ATP through mitochondrial
oxidative phosphorylation under aerobic conditions,
some tumor cells tend to produce 60% of their ATP
through glycolysis [40]. This increased dependence on the
glycolytic pathway may serve as a basis for developing
therapeutic strategies to kill cancer cells [38]. The study
aimed to analyze the effects of LDHA overexpression in
lung cancer using TIMER and the UALCAN database.
Results showed that overexpression of LDHA in LUAD
correlates with higher metastatic potential. Patients with
LUSC and LUAD showed higher levels of LDHA gene
expression, with about a 9-fold increase in expression
pattern between normal and cancerous tissue. The patients
with high LDHA expression had a poor prognosis, with
a significant association with OS and FP but not PPS.
The UALCAN database corroborated the findings,
showing a positive correlation (P<0.05) between nodal
status, smoking habits, and LDHA gene expression level
in LUAD along all stages. The upregulation of LDHA
could be due to the promoter hypomethylation of LDHA
in tumor tissues. An increased LDHA level in lung cancer
cells aids in metastasis and the transition from epithelial-
to-mesenchymal cells, making them resistant to available
therapies. Two co-expressed genes of LDHA, MKI167, and
PGK1 were highly upregulated and associated with the
poor survival outcome of LUAD patients.

miRNAs are essential in controlling biological
processes like cell division, differentiation, angiogenesis,
migration, apoptosis, and oncogenesis [41]. They are
found in introns or exons of protein-coding genes and
intergenic regions. miRNA-based cancer treatment
strategies involve suppressing oncomiRNAs and
upregulating tumor suppressor miRNAs [42]. miRNAs
are readily available for study due to their high biological
stability. They can be used as prognostic and predictive
biomarkers, aiding in early diagnosis and discrimination
between cancer patients and healthy individuals. In this
study, hsa-let-7c-5p was found to be negatively associated
with LDHA, even with MK167 and PGK 1, in lung cancer
patients. Receiver operator curve analysis for hsa-let-7¢
showed an AUC value of 0.95, suggesting that hsa-let-7¢c
may be a regulatory molecule of LDHA. LncRNAs are
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emerging crucial regulators of tumor progression and
can interact with miRNAs as well as mRNA. LncRNAs
can inhibit glycolysis by downregulating LDHA protein
levels and thereby enhance radiosensitivity in cutaneous
malignant melanoma cells [43]. Our study showed a
positive correlation of TMPO-AS1 with LDHA and a
negative correlation with let-7c-5p in LUAD. TMPO-
AS1/hsa-let-7c-5Sp/LDHA ceRNA network is believed
to play a crucial role in lung cancer progression and
could serve as a prognostic indicator. A previous study
has shown that TMPO-AS1 could regulate STRIP2
expression in LUAD by sponging let-7¢c-5p and serve as
a prognostic biomarker [44] miR-16-5p has been shown
to regulate aerobic glycolysis by targeting LDHA [36].
Similarly, let-7b-5p inhibits breast cancer growth and
aerobic glycolysis by targeting hexokinase 2 [45]. On
the other hand, TMPO-AS1 has been shown to promote
esophageal cancer by regulating TMPO transcription
[46]. LncRNAs interact with transporters involved in
glycolysis or metabolic enzymes, influencing glycolytic
metabolism and cancer progression. Further research is
needed to experimentally validate the direct interaction
of TMPO-AS1 with let-7¢-5p and LDHA and their role
in aerobic glycolysis.

There is evidence that hsa-let-7¢-5p can inhibit tumor
growth. This negative link suggests that higher levels
of E2F8 may promote tumor growth and metastasis
by inhibiting hsa-let-7c-5p. The study found a strong
association between E2F8 and the LDHA gene, as well as
with the TMPO-AST1 genes. These findings suggest that
targeting E2F8, along with LDHA and TMPO-AS1, could
be a potential therapeutic approach for LUAD patients.
E2F8, LDHA, and TMPO-AS1 may act together to promote
tumor growth and progression in LUAD patients. By
blocking the effects of hsa-let-7c-5p on tumor-suppressing
properties, E2F8 may play a part in the disruption of cell
activity and the loss of tumor-suppressing properties.
Also, E2F8 is strongly linked to the LDHA gene, which
means that targeting E2F8, LDHA, and TMPO-AS1 could
possibly stop important pathways that help tumors grow
and change. This makes them promising therapeutic
targets for people with LUAD.

E2F family components have been linked to various
types of cancer, including bladder, lung, breast, prostate,
and ovarian cancer [47-49]. LDHA, a direct transcriptional
target of E2F1, was significantly overexpressed in
metastatic LUAD tissues and played a crucial role
in epithelial-mesenchymal-transition, promoting cell
migration and invasion. E2F transcription factors are vital
for regulating cell activity and tumor growth. A study on
lung cancer patients found increased expression of E2F1/2,
4,5,6,7,and 8 in LUAD tissues. The E2F8 transcription
factor is strongly associated with the LDHA gene in LUAD
patients and is positively linked with the TMPO-AS1 genes
but negatively associated with the hsa-let-7c-5p gene.
Overexpression of E2F8 has been associat AD patients.
Collectively, E2F8/LDHA/TMPO-AS1 and hsa-let-7c-5p
may be potential therapeutic targets for LUAD patients.

Strategies to target LDH for therapeutic intervention
in LUAD include developing small-molecule inhibitors,
using RNA interference or gene editing techniques, and

exploring combination therapies targeting LDH along
with other metabolic pathways or signaling pathways
implicated in LUAD progression. Withanolides, primarily
derived from Withania genus are based on the ergostane
skeleton. Withanolides have shown anti-cancer activities
in several cancer cell lines and animal models of cancers.
Withanolide-LDHA complexes, particularly withaferine
A and withanolide D, could be prominent scaffolds for
developing small-molecule inhibitors to decrease LDH
activity and thereby could be tested as adjuvant therapy.

In conclusion, The study reveals that LDHA is
overexpressed in lung cancer tissues compared to normal
tissues, and high expression of LDHA levels associate
with poor OS and first progression outcomes in NSCLC.
We identified 11 key genes co-expressed with LDHA out
of them two genes MKI67 and PGKI showed positive
correlation with LDHA and associated poor survival
outcomes in LUAD patients. Furthermore, we also
identified hsa-let-7¢c-5p and TMPO-ASI1 as potential
regulator of LDHA in LUAD. It might be possible that
TMPO-ASI1- hsa-let-7¢-5p-LDHA ceRNA network
could serve as potential regulator of aerobic glycolysis in
LUAD and can serve as prognostic biomarkers. Further,
Withanolides can inhibit the activity of LDH and can be
tested as adjuvant treatment.
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