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Shanxi Bethune Hospital, Shanxi Academy of Medical Sciences; Tongji Shanxi Hospital, Tongji
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Abstract

Lung adenocarcinoma (LUAD) has a high incidence and poor prognosis.
Carbohydrate and lactic acid metabolism drive tumor growth, highlighting the
need to identify prognostic genes in these pathways for LUAD diagnosis and
treatment. We conducted differentially expressed analysis in the Cancer Genome
Atlas (TCGA)-LUAD, applied Spearman analysis to correlate carbohydrate and lactic
acid metabolism genes and identified key model genes using weighted gene
co-expression network analysis. Overlapping differential expression genes (DEGs),
correlated genes, and key model genes yielded candidates. Hub genes were
screened by molecular complex detection, prognostic genes by univariate Cox, and
least absolute shrinkage and selection operator, constructing a risk model. TCGA-
LUAD samples were stratified by median risk score. Finally, the prognostic genes’
impact on LUAD’s immune microenvironment was analyzed, and their expression
in clinical samples was validated through real-time quantitative polymerase chain
reaction. From 7,252 DEGs, 189 correlated genes, and 3,900 key model genes,
20 candidates emerged. Nine hub genes led to five prognostic genes: ADHITA,
Alcohol dehydrogenase 1B (ADH1B), ALDOA, ENO1, and ACSS3. In addition, nine
immune cells differed significantly between risk groups, with CD4 T, monocytes,
and mast cells positively correlating with ADH1B. ADH1A, ADH1B, and ACSS3 were
downregulated, contrasting ALDOA and ENOT. Consistent results were obtained
by protein mapping. Eventually, ADHTA, ADHI1B, ALDOA, and ENOT expression
trends in clinical samples were similarly consistent with the dataset. In summary,
five prognostic genes related to carbohydrate and lactic acid metabolism (ADH1A,
ADHI1B, ALDOA, ENO1, and ACSS3) associated with LUAD have been identified.
This model serves as an effective predictive tool and offers a new perspective for
studying tumor metabolism.
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1. Introduction

It is a widely known fact that lung adenocarcinoma
(LUAD) tends to have a poor prognosis.* Notably, different
histological subtypes of LUAD exhibit significant variability
in the extent ofimmune cells.? In practical medical scenarios,
considering the individual variability of patients, it is
difficult to accurately assess the prognosis by solely relying
on histopathology. Therefore, a multivariate biomarker
strategy becomes necessary to predict the survival duration
of lung cancer patients more accurately. The predictive
power of a single gene is stretched in lung cancer prognosis.
On the contrary, the integration of multiple predictors
improves the accuracy of prediction and enhances the
sensitivity and specificity of prognostic judgment in lung
cancer.* Currently, treatment is mainly a combination of
targeted therapy and immunotherapy. Nevertheless, the late
diagnosis and the fact that the tumor exhibits inherent or
acquired drug resistance results in a still poor prognosis for
LUAD, with a survival rate of only 15% at 5 years.” The late
diagnosis of tumors and the development of primary and
secondary drug resistance contribute to the poor prognosis
of lung adenocarcinoma. It is of vital importance to identify
biomarkers that can enable early diagnosis and accurate
prediction of the prognosis of lung cancer.

To adapt to the environment, tumor cells undergo
alterations in their carbohydrate and lipid metabolism
to acquire essential nutrients for energy production and
growth. These metabolic adaptations enhance the survival,
proliferation, and metastasis of tumor cells.® Metabolic
reprogramming is the key to tumor recurrence, and its main
function is to provide sufficient energy for rapidly dividing
tumor cells.” In cancer evolution and recurrence, carbohydrate
metabolism has a key impact on tumor growth, angiogenesis,
distal spread, invasive properties, and treatment resistance.®’
Studies conducted in various experimental models have
reported that alterations in carbohydrate metabolism
precede the onset of numerous tumorigenic processes
and exhibit a close association with the transformation of
tumor cells.!” Lactate is also an important factor in tumor
metabolism, and certain cancer cells opt for anaerobic
glycolysis to metabolize glucose even under oxygen-
sufficient conditions."'> Anaerobic glycolysis of cancer cells
generates lactate, which creates an acidic environment that
promotes tumor growth and metastasis."”® Lactic acid not
only provides energy for tumor tissues but also regulates the
immune response in the tumor microenvironment.™ Studies
indicate that lactate strengthens regulatory T cells (Tregs)
in the tumor microenvironment.” The expression of lactate
and lactate dehydrogenase promotes metabolic adjustments
in cancer cells, which in turn aids in tumor formation. There
is an intricate network of associations involving glucose

metabolism, lactate production, and regulation of immune
responses.'® Understanding the biological mechanisms of
aerobic glycolysis and its regulatory pathways provides new
directions for the development of glycolysis-based cancer
therapeutic strategies. Combining glycolysis inhibitors with
DNA-damaging drugs or chemotherapeutic agents can
effectively inhibit the damage repair function of cancer cells
and enhance the cytotoxic effect of the drugs, forming a
powerful anticancer tool.”” Exploring the role of carbohydrate
metabolism and lactic acid metabolism in tumors could be
beneficial for the development of new drugs for LUAD.

Due to the significant roles of carbohydrate metabolism
and lactic acid metabolism in tumors, we plan to utilize
bioinformatics methods to explore the importance of
metabolism-related genes in LUAD. In addition, in clinical
practice, subtypes of lung cancer and individual tumor
markers are unable to accurately predict the prognosis of
LUAD. Therefore, this study intends to explore prognostic
genetic profiles using risk models to more accurately
predict the prognosis of LUAD.

2. Methods
2.1. Data collection

Data on LUAD patients were extracted from the Cancer
Genome Atlas Program (TCGA) database, which included
the RNA-sequencing data, copy number variation (CNV),
and clinical information of 510 tumor samples and 58
normal tissue samples. GSE31210, including 226 LUAD
and 20 normal tissue samples, was obtained from the
Gene Expression Omnibus (GEO) database. A total of
353 carbohydrate metabolism-related genes (CRGs)™®
were collected from previous research, and 15 lactic acid
metabolism-related genes (LRGs) were gained from the
Molecular Signatures Database (MSigDB) (https://www.
gsea-msigdb.org/gsea/msigdb).

2.2. Weighted gene co-expression network analysis
(WGCNA)

The WGCNA package (v1.7.1)" was used in this study to
obtain gene modules associated with LUAD. The clustering
of TCGA-LUAD samples was carried out to detect
whether there were outlier samples. Then, the optimal soft
threshold () was performed. The co-expression matrix
was established, identifying gene modules and labeling
them with different colors. The modules most relevant to
the existence of LUAD were considered critical modules,
and their related genes were the key module genes.

2.3. Differential expression and correlation analysis

The differential expression genes (DEGs) were obtained
through differential expression analysis (DESeq2, v1.34.0)%
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with |log2FC| > 1 and adjusted p<0.05 between LUAD and
normal samples in TCGA-LUAD. In addition, Spearman
correlation analysis of CRGs and LRGs was performed by
Hmisc (v5.1.0),% and the correlated genes were screened
with p<0.05 and |r| > 0.3. Subsequently, DEGs, key module
genes, and correlated genes overlapped as candidate genes.
Then, the functions involved in DEGs and candidate
genes were further explored through enrichment analysis
(clusterProfiler, v4.6.0),% respectively.

2.4. Identification of prognostic gene

To observe the relationship between candidate genes, a
protein-protein interaction (PPI) network was established.
After that, the molecular complex detection (MCODE)
algorithm was utilized to screen hub genes in candidate
genes for subsequent analysis (degree cutoff = 2;
maximum depth = 100; k core = 2; node score cutoff = 0.2).
Furthermore, univariate Cox regression analysis and least
absolute shrinkage and selection operator (LASSO, glmnet
[v4.1.4])* were further performed on hub genes to screen
out prognostic genes, and a prognostic risk model was
constructed.

Risk scorezzrcoef (genei)* expression (genei) )

Patients in the TCGA-LUAD dataset were categorized
into high-risk and low-risk groups based on median risk
scores.

2.5. Risk model

Using the Kaplan-Meier (KM) curve can effectively
compare the survival of the high- and low-risk groups and
clarify the group differences in survival using the “survival”
package (v3.5 - 5).* In addition, survival receiver operating
characteristic (ROC) (v1.0.3.1)* was used to plot the
ROC curve of patients at 1, 3, and 5 years to evaluate the
effectiveness of the risk model. Finally, the risk model was
verified in GSE31210 for the accuracy of the results.

2.6. Independent prognostic analysis and
construction of alignment chart

Risk scores and clinical features of LUAD patients were
integrated to screen for independent prognostic factors.
First, univariate Cox independent prognostic analysis
was executed using the “survival” package; proportional
hazards (PH) tests (p>0.05) were then performed on
factors with p<0.05. Finally, factors that passed multivariate
Cox independent prognostic analysis were identified as
independent prognostic factors (p<0.05), and an alignment
chart was constructed; the 1-, 3-, and 5-year survival rates
were predicted by the overall score. Furthermore, the
ROC curve, calibration curve, and decision curve analysis

(DCA) were applied to evaluate the validity and reliability
of the alignment chart.

2.7. Gene set variation analysis (GSVA) and gene set
enrichment analysis (GSEA)

To explore the KEGG pathway differences between the
high- and low-risk groups, GSVA was performed using the
GSVA package (v1.46.0)* with the TCGA-LUAD dataset.
The enrichment scores for each signaling pathway were
calculated with reference to the “C2: KEGG gene sets”
gene set in the MSigDB database. Subsequently, the limma
package (v3.54.1)” was used to compare the pathway
differences between the high- and low-risk groups, and
the top 20 enriched pathways were displayed with the filter
condition of adj.p.val (false discovery rate [FDR]) <0.05. In
addition, GSEA? was performed to analyze the functions
and pathways involved in prognostic genes. First, the
fold changes of all genes in the high- and low-risk groups
were calculated by limma (v3.54.1)”” and then sorted. For
GSEA, “c2.cp.kegg.v2023.1.Hs.symbols.gmt” was used as
the reference gene. Finally, pathways with p<0.05 were
considered statistically significant.

2.8. Immune infiltration analysis and CNV

As many studies have demonstrated that lactic acid
accumulation in tumors affects immune cell function,
we performed immune cell infiltration analysis in the
high- and low-risk groups. Regarding differential immune
cells, the distribution ratio of 22 kinds of immune cells
in TCGA-LUAD samples was observed. The Wilcoxon
test (p<0.05) was applied to screen immune cells with
significant differences between the two risk groups, and
the correlation between them was analyzed. Finally,
Spearman analysis (|r] > 0.3; p<0.05) was utilized to
explore the association between differential immune cells
and prognostic genes. In addition, the CNV of the two risk
groups was analyzed through Genepattern (https://cloud.
genepattern.org/).

2.9. Regulation mechanism

To analyze the potential regulatory mechanisms of
prognostic genes in LUAD, the transcription factors (TFs)
corresponding to prognostic genes were predicted in
regulon, while the corresponding miRNAs were predicted
in the miRNet database. The TF-mRNA-miRNA regulatory
network was then constructed. Subsequently, correlations
between prognostic genes and TFs were explored using
Spearman correlation analysis in the TCGA-LUAD dataset.

2.10. Expression analysis

Prognostic gene expression levels were confirmed
through multi-level verification. The expression patterns
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within TCGA-LUAD were showcased in box plots and
cross-validated using protein mapping. In addition, the
expression of prognostic genes was verified by reverse
transcription-quantitative polymerase chain reaction
(RT-qPCR). A total of 10 pairs of normal and LUAD
samples were obtained from the clinic in the Shanxi
Bethune Hospital (China). Informed consent was obtained
from all participants, and the study was approved by the
Shanxi Bethune Hospital Medical Ethics Committee
(YXLL-2024-082).

The extraction of total RNA from the 20 specimens
was carried out using TRIzol reagent (Invitrogen, China),
strictly adhering to the manufacturers guidelines.
Subsequent quantification of RNA concentrations was
facilitated using the NanoPhotometer N50 (Implen,
Germany). Complementary DNA (cDNA) synthesis was
achieved through reverse transcription, employing the
SureScript First-strand ¢cDNA synthesis kit (Servicebio,
China). qPCR was executed on a CFX Connect Thermal
Cycler (Bio-Rad, United States of America [USA]). For the
relative quantification of mRNA levels, the 24T method
was utilized. The primer sequences employed in the study
are listed in Table S1.

2.11. Statistical analysis

If not otherwise stated, the p-value was calculated using
the Wilcoxon test: ***p<0.001, **p<0.01, and *p<0.05.

3. Results

3.1. Identification of 3,900 key model genes, 7,252
differentially expressed genes, and 189 correlated
genes

There were no obvious outliers in the TCGA-LUAD
sample (Figure Al). The soft threshold () was
selected as 4 to achieve scale-free topology (scale-free
R? > 0.85) (Figure 1A), and 15 co-expression modules
were identified (Figure 1B). Among these, the blue model
(|r] = 0.77; p=5 x 10*) was most related to LUAD and
regarded as a key model (Figure 1C); it was involved in
3,900 genes.

A total of 7,252 DEGs were identified between LUAD
and normal samples, comprising 4,842 upregulated and
2,410 downregulated genes (Figure 1D and E). GO analysis
suggested that they were mainly enriched in development
and morphogenesis, followed by transportand celladhesion
(Figure 1F). KEGG analysis indicated that these genes were
involved in ABC transporters, cytokine-cytokine protein
receptor interactions, and cytochrome P450-mediated
metabolism (Figure 1G). In addition, 189 correlated genes
were obtained from 353 CRGs and 15 LRGs by correlation
analysis (Table S2).

3.2. Identification and function analysis of 20
candidate genes

The20candidategeneswereacquired throughtheintersection
of correlated genes, DEGs, and key model genes (Figure 2A).
Meanwhile, these genes were mainly enriched in metabolic
processes, including carbohydrate and polysaccharide
synthesis (Figure 2B), as well as glycolysis/gluconeogenesis,
fructose metabolism, amino acid biosynthesis, pyruvate
metabolism, and mannose metabolism (Figure 2C).
Notably, there was a certain interaction between them; for
example, HMGCSI was associated with most genes, such
as ADHIA, ACSS3, ACACB, and ADHIB (Figure 2D).
ENOLI, a key enzyme in glycolysis, interacts with ADH1A,
ADHIB, ACSS3, ALDOA, and other proteins, suggesting a
synergistic role in cell metabolism, signal transduction, and
other physiological processes (Figure 2D).

3.3. Acquisition of five prognostic genes and
construction of risk models

Nine hub genes were selected by the MCODE algorithm
for subsequent analysis (Figure 3A). The proteins
encoded by key genes involved in glucose metabolism
(ADH1A, ALDOA, ACSS3, IDH2, ACACB, ADHIB,
and ENOI) exhibit interaction relationships, suggesting
potential synergistic or regulatory connections in the cell
physiological process. Five prognostic genes (ADHIA,
ADHIB, ALDOA, ENOI1, and ACSS3) were obtained
by univariate Cox (Figure 3B) and LASSO (lambda.
min = 0.0023) (Figure 3C) and used to construct a risk
model. The protein expression of these five key genes was
predicted using the density map of protein expression data
distribution. Among them, ACSS3 exhibited the highest
expression level, while ADH1A had the lowest (Figure 3D).

3.4. Construction of an effective model

The distribution of patients in the two risk groups in TCGA-
LUAD is displayed in Figure 4A. The KM curve indicated
that the survival rate of patients in the high-risk group was
significantly lower than that of patients in the low-risk group
(Figure 4B). In addition, the area under the curve (AUC) value
was >0.6 (1-year: 0.609; 3-year: 0.634; 5-year: 0.630), indicating
that the effect of the model was prominent (Figure 4C).
Moreover, the heat map demonstrated that ALDOA and ENO1
were greatly expressed in the high-risk group, while ACSS3,
ADHIA, and ADHIB were greatly expressed in the low-risk
group (Figure 4D). The validity of the risk model was also
demonstrated in the validation set (GSE31210) (Figure 4E-H).

3.5. Independent prognostic factors are risk score
and stage

Risk score and stage were found to be independent
prognostic factors using three methods (univariate Cox
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Figure 1. Identification of 3,900 key model genes, 7,252 DEGs, and 189 correlated genes. (A) Selection of the soft threshold 3. Both horizontal axes
represent the weight parameter power value; the vertical axis of the left panel represents the scale-free fit index (i.e., signed R?); and the vertical axis of the
right panel represents the mean value of the neighbor-joining function of all genes in the corresponding gene module. (B) Module clustering diagram.
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(significance) in the bottom row. (D) Volcano map of differentially expressed genes. Each point in the plot represents a gene; yellow represents upregulated
differentially expressed genes; blue represents downregulated differentially expressed genes; and gray represents non-significantly differentially expressed
genes. (E) Heatmap of differentially expressed genes. Purple color denotes a high expression, while red color denotes a low expression. (F) GO enrichment
analysis of differentially expressed genes. (G) KEGG enrichment analysis of differentially expressed genes.

Abbreviations: DEGs: Differentially expressed genes; GO: Gene ontology.
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regression analysis, PH test. multivariate Cox regression
analysis) (Figure 5A-C). An alignment chart was plotted
to forecast the 1-, 3-, and 5-year survival rates of patients
using risk score and stage (Figure 5D); the higher the
total score, the lower the survival rate. Meanwhile, AUC
values were >0.6 (1-year: 0.750; 3-year: 0.729; 5-year:
0.683) (Figure 5E); DCA analysis revealed that the
alignment chart had the best net benefit (Figure 5F).
Similarly, the calibration curve coincided with the ideal

curve (Figure 5G), indicating that the alignment chart had
excellent predictive ability.

3.6. Functional enrichment of prognostic gene

To explore pathway differences between the two risk groups,
GSVA indicated that eight pathways were greatly expressed
in the low-risk group (including ABC transporters, ether
lipid metabolism, and complement and coagulation
cascades), while 12 pathways were highly expressed in
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the high-risk group (such as glyoxylate and dicarboxylate 3.7. Differential immune infiltration and CNV
metabolism, and the pentose phosphate pathway [PPP])
(Figure 6A). In addition, the prognostic genes involved in ) X
the related pathways were analyzed. ADHIA (Figure 6B), immune cells.” To further analyze the effect of prognostic

ADHIB (Figure 6C), and ACSS3 (Figure 6D) were genes in the LUAD immune microenvironment, the

Changes in lactic acid metabolism can alter the activity of

significantly enriched in the spliceosome, cell cycle, distribution ratio of 22 types of immune cells was
and neuroactive ligand-receptor interaction pathways, analyzed (Figure 7A). All nine differential immune
while ALDOA (Figure 6E) and ENOI (Figure 6F) were cells acted as key immune infiltrating cells (Figure 7B).
significantly enriched in oxidative phosphorylation and Among them, resting mast cells, naive B cells, monocytes,
ribosome pathways. and resting memory CD4 T cells were upregulated in
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Figure 4. Construction of an effective model. (A) Survival differences between high- and low-risk groups in the training set. Green denotes a low risk;
yellow denotes a high risk. (B) KM curve for high- and low-risk groups in the training set. It can be seen that the survival probability of the high-risk group
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groups in the training set. (D) Heatmap of expression of prognostic genes in high- and low-risk groups in the training set. (E) Survival differences between
high- and low-risk groups in the validation set. (F) KM curve for high- and low-risk groups in the validation set. (G) ROC curves at 1, 3, and 5 years for
high- and low-risk groups in the validation set. (H) Heatmap of expression of prognostic genes in high- and low-risk groups in the validation set.

Abbreviations: KM: Kaplan-Meier; ROC: Receiver operating characteristic.

the low-risk group, whereas helper follicular T cells,
MO macrophages, Tregs, and M1 macrophages were
upregulated in the high-risk group. Meanwhile, in
the high-risk group, resting mast cells displayed a
remarkably negative correlation with activated mast
cells (correlation coefficient [cor] = -0.49; p<0.001),

and monocytes had a signally positive correlation with
resting mast cells (cor = 0.32; p<0.001). In the low-risk
group, M0 macrophages displayed a negative correlation
with monocytes (cor = —0.35; p<0.001), while there was
a markedly positive association between monocytes
and resting mast cells (cor = 0.41; p<0.001) (Figure 7C).
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Figure 5. Independent prognostic factors are risk score and stage. (A) Results of univariate Cox regression analysis. Gender and age had no significant
influence on survival, while disease stage and risk score had significant influence on survival, which were considered risk factors. (B) Results of the PH
test. (C) Results of multivariate Cox regression analysis. In the multifactor model, disease stage and risk score remained significant risk factors. (D) A
nomogram based on independent prognostic factors. (E) ROC curves for 1, 3, and 5 years. (F) DCA curves for 1, 3, and 5 years. (G) Calibration curve for

evaluating the predictive performance of the nomogram.

Abbreviations: DCA: Decision curve analysis; ROC: Receiver operating characteristic.

Interestingly, only ADHIB was remarkably associated
with resting memory CD4 T cells, monocytes, and resting
mast cells (Figures 7D and A2). In summary, there were
more types of immune cell infiltration in the low-risk
group, and the increase of immune cell infiltration in
tumor tissue was associated with longer patient survival.
We also found that ADHIB, a metabolism-related gene,
was significantly associated with various immune cells.

Subsequently, we discovered that the copy number on
chromosomes 1, 5, 7, 8, 11, 12, 13, and 17 significantly
increased, while the copy number on chromosomes 9 and
15 was remarkably decreased in high-risk groups. In the
low-risk group, significant copy number amplification
occurred on chromosomes 8, 9, and 12, while chromosome
deletion occurred on chromosomes 1, 5, 9, and 15
(Figure 7E).

Volume 7 Issue 1 (2025)

51

doi: 10.36922/cp.5992


https://dx.doi.org/10.36922/cp.5992

Cancer Plus

LUAD metabolism prognostic biomarkers

T W 5

i

1

i

’| ’ KEGG_COMPLEWENT_AND_COAGLLATION_CASCADES

‘ KECG REDCEHCS SIGNALING PATHVRY
¢

=92
I -0

l [ KEGG_LINOLEIC_ACID_METASC.ISH
| KEGG MASCULSR_SHODIH MUSCLE CON RACT ON

| | KEGG_NEURDAGTIVE_LIGAND_REGEFTOR_INTERACTON

KFGG_CA CIUM_SIGNA ING_PATHSY.

* KEGG_ETHER_LIPID_WETABOLIS
KECG ABS IRANS 'CRIERS
KEGG_PENTOSE PHOSPHATE 24T Hisy

KFGG_FRUCTOSE_AND_WANNOSE_NFTAR0I 15

KFGA_ALYOX ATZ_AND_DIGARROXYL ATE_WFTAROLISY
KEGG_RNA_PCLYNERASE

KEGG_BASE_EXCISION_REPAIR

KECO SPUCECSUME

KEGG_PYRIALINZ ¥z ALOLISM

KEGG_NLSIFOTIOE_FXC SION_REFS R

KFGG_PROTFASOMF

KEGG_|I0MC.CGO0US_RTCCMINATION

KEGG_DNA_IZPLICATION

(]

Term Name
— DraRepicaticn

— ColCydo
~— &minoacy| Trma Biosynhesis

~ Pyriridine Metabolism

— Cell Achesion Molecules Cams.

= \Vascular Smocth M.scle Contraztien
— Cylok re Cytokine Recepior Inlesaction
— Neurgactve Ligrend Recopiur Inteaction

Running Enrichment Score

Ranked List

10000 15000
Rank in Ordered Dataset

20000

m

Term Name

— Osxicative Phosphoryiaton

— Parkinsons Disease
Riozome.

— Proteasore

— Huntngters G sease

— Dna Replcation

— Spliosasame

= Arinvacyl Ting Biosynlwsis

— Alroimors Disonso

— Gel Cycle

Running Enrichment Score

Ranked List

5000 10000 15000
Rank in Ordered Dataset

ADH1A

Running Enrichment Score

= Neurcactive Ligand Receotor Interaction
— Ribasome
— uascular Smeoth Muscle Cantracton

Ranked List

Term Name
— Riosome
= Spliceosome

Vasculsr Smeoth Muscle Contraction
~ Nourcactive Ligand Rozeoto* Intoraction
~= Caloum Signaling Pathway

= Pytimidine Wetabcl sm

— Cell adhesicn Wiolecules Cars

Running Enrichment Score

Ranked List

-0.5-

5000 10000 15000

Rank in Ordered Dataset

20000

- Oxdatie Phosprarytation
— Pytinidine Welaboism

— Parkinsons Discuss

— Huntngtons Disvase

— Vascular Smocth Muscle Contiacticn

Running Enrichment Score

Ranked List

10000 15000
Rank in Ordered Dataset

20000

Figure 6. Functional enrichment of prognostic genes. (A) GSVA analyzes heat maps. Darker orange colors indicate higher positive correlation coeflicients;
darker blue colors indicate higher negative correlation coeflicients. Enrichment differences in the KEGG pathway concentration can be observed between
samples of the high- and low-risk groups. (B-F) Plot of GSEA results for ADHIA, ADHIB, ACSS3, ALDOA, and ENOI.

Abbreviations: GSEA: Gene set enrichment analysis; GSVA: Gene set variation analysis; KEGG: Kyoto Encyclopedia of Genes and Genomes.

3.8. Analysis of the TFs-mRNA-miRNA network in LUAD

The 23 miRNAs, four prognostic genes, and nine TFs were
applied to establish a regulatory network. The ADHIA gene
was not included in the network because no corresponding

regulatory miRNA was predicted. Among them, ADHIB
was associated with hsa-mir-335-5p and hsa-mir-381-3p;
ACSS3 was only associated with hsa-mir-222-3p;
ENOI and ALDOA were associated with most miRNAs
(hsa-mir-200b-5p, mir-16-5p, and hsa-mir-98-5p)
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Figure 7. Differential immune infiltration and CNV. (A) Heatmap of immune cell infiltration. (B) Box plots of 22 immune cell infiltrations in high- and
low-risk groups. In the high- and low-risk groups, there were significant differences in nine types of immune cells. Naive B cells, resting memory CD4 T
cells, resting mast cells, monocytes, and M0 and M1 macrophages were upregulated in the high-risk group. (C) Heatmap of key immune cell correlations.
Heatmap for the low-risk group on the left and the high-risk group on the right. (D) Lollipop plots of key immune-infiltrating cells correlating with risk

scores. (E) CNV analysis of high- and low-risk groups.
Abbreviation: CNV: Copy number variation.

and TFs (JUND and BATF) (Figure 8A). In addition,
Spearman correlation analysis found that FOS and FOSB
were positively related to ADHIB, FOSL1 was negatively
associated with ADH1B, FOS was also negatively related to
ENOI, and MAFA was negatively correlated with ADHIA
(Figure 8B).

3.9. Expression verification

In the TCGA-LUAD group, ADHIA, ADHIB, and ACSS3
were remarkably downregulated, while ALDOA and ENO!
were upregulated (Figure 9A). These findings were further
validated by protein profiling (Figure 9B). In addition,
ADHIA and ADHIB had remarkably lower expression in
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between prognostic genes and TE
Abbreviations: LUAD: Lung adenocarcinoma; TF: Transcription factor.

the clinical tumor samples (p<0.05), whereas ALDOA and
ENOI exhibited markedly higher expression (Figure 9C).
These results were consistent with the trends observed in
the dataset.

4, Discussion

The emergence of transcriptomics has brought about a
significant shift in the study of lung cancer mechanisms.
This enables a better classification of tumor heterogeneity
and provides patients with more accurate treatment
options. Tumor cells change their metabolic pathways to
meet the needs of rapid proliferation and survival. These
metabolic changes not only support tumor growth but
also affect the tumor microenvironment and therapeutic
response. Exploring the key events in tumor metabolism
is significant for understanding tumor mechanisms. In
this work, we screened DEGs based on TCGA-LUAD,
combined module genes obtained from WGCNA,
and extracted carbohydrate and LRGs, consequently
identifying 20 candidate genes. Subsequent enrichment
analyses investigated their possible involvement in
biological functions. Using PPI networks and machine
learning, five prognostic genes (ADHIA, ADHI1B,ALDOA,
ENOI, and ACSS3) were filtered, and a relevant risk model
was constructed to evaluate the overall survival (OS) of
LUAD patients accurately. Furthermore, we conducted
GSVA, GSEA, immune-infiltration analysis, and CNV
analysis to explore the potential molecular mechanisms
and prognostic value of LUAD.

The potential mechanism of these carbohydrate and
LRGs is diverse. The alcohol dehydrogenase (ADH)
type 1A gene (ADHIA) is a member of the ADH gene
family. A previous study revealed that the genetic variation
of ADH5 may result in decreased expression of ADHIA,
leading to impaired alcohol metabolism and an increased
susceptibility to esophageal squamous cell carcinoma
among individuals who consume alcohol.* In addition,
ADHIA is closely related to tumor progression. In gastric
cancer, ADHIA regulates the malignant characteristics
and immune microenvironment of gastric cancer cells
and promotes the transformation of macrophages to
M1 phenotype.* In breast cancer, ADHIA has become a
potential prognostic marker by affecting cell migration,
invasion, and changes in the tumor microenvironment.*”
One study revealed that exosomal miR-2682-5p inhibited
non-small cell lung cancer (NSCLC) cell viability and
migration through the HDAC1/ADHIA axis,”® and the
upregulation of ADHI1A inhibited cell proliferation and
migration.

ADHIB is a member of the ADH family and exhibits
high expression in the liver and adipose tissue. Studies
have demonstrated that ADH1B plays an important role in
the metabolism of pyruvate associated with breast cancer.*
TOP2A and ADHIB can be used as diagnostic markers for
LUAD and lung squamous cell carcinoma (LUSC), but only
as independent prognostic factors for LUAD. In addition,
both genes may be involved in lipid metabolism in LUAD
patients.”® The study also found that high expression
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Figure 9. Expression validation of prognostic genes. (A) Expression of prognostic genes in the TCGA-LUAD dataset. (B) Pathologic images of prognostic
genes. ENOI and ALDOA were highly expressed in tumor tissue and lowly expressed in normal lung tissue. ADHIA, ADHIB, and ACSS3 were not detected
in tumor tissue. (C) The qPCR validation of prognostic genes was performed in 10 pairs of LUAD patients with cancer and adjacent tissues; the results
indicated that there were statistically significant differences in the expression of ADHIA, ADHIB, ALDOA, and ENOI in cancer and adjacent tissues, while
there was no significant difference in the expression of ACSS3, which was likely due to the small sample size.

Abbreviations: LUAD: Lung adenocarcinoma; qPCR: Quantitative polymerase chain reaction.

of ADHIB may inhibit the malignant progression of
pancreatic cancer by reducing cancer cell proliferation,
thereby improving immune cell infiltration and reducing
the mutation rate.*® Single-cell RNA sequencing and
histological assessment indicated that aggressive LUADs
are characterized by a decreased number of ADHIB+
cancer-associated fibroblasts (CAFs) compared to
indolent tumors. Survival analysis demonstrated that high
expression of ADHIB is associated with better survival
of LUAD patients.”” The high expression of ADHIB is

associated with less aggressive features and a favorable
prognosis.* Our data analysis suggests that both ADHI1A
and ADHIB are expressed at low levels in the high-risk
group, and PCR confirmed that they are expressed at low
levels in the tumor tissue, with statistically significant
results, suggesting that they may be protective factors for
LUAD.

Another protective factor identified in our study is
acetyl-CoA synthetase short-chain family member 3
(ACSS3), which is expressed in the liver, kidney, lung,
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and fat tissue, and participates in lipid and carbohydrate
metabolism. Increased expression of ACSS3 resulted in the
accumulation of lipid droplets, while enhanced glycolysis
led to an increase in extracellular lactic acid levels in
A549 cell*® It has been reported that ACSS3 significantly
impacts the progression of gastric cancer (GC) and can
enhance the 5-year OS rate in GC patients.”” Proteomic
analysis identified that ACSS3 expression was decreased
in IPF patients.” In prostate cancer, the downregulation
of ACSS3 expression leads to lipid droplet accumulation
and increased de novo androgen synthesis within the tumor
and is strongly associated with unfavorable prognosis.*’
By studying the promoter of the ACSS3 gene, a study has
identified multiple sites where TFs (especially C/EBPa«)
bind to factors associated with the initiation of starvation-
related signaling. This suggests that the C/EBPx-ACSS3
interaction may be critical for the regulation of cancer
cells under energy-deprived stress conditions.* This study,
based on the TCGA-LUAD dataset, found that ACSS3
expression was downregulated in tumor samples, but
qRT-PCR demonstrated no significant difference, which
may be due to sample variability, experimental error,
etc. Therefore, future studies should further consider the
representativeness of the samples while exploring the
regulatory mechanisms of ACSS3 expression to better
understand its role in the development of LUAD.

Alpha-enolase (ENO1), also known as 2-phosphate
D-glycerol hydrolase, is a tumor protein located on the
cell surface and in the cytoplasm,”** and it is a crucial
enzyme in glycolysis. The long non-coding RNA (IncRNA)
NMRAL2P inhibits the degradation of ENO1 and may
help cancer cells survive oxidative stress.”” In line with
our investigation, ENOI is overexpressed in 70% of
cancers globally, thereby establishing the diagnostic and
prognostic significance of ENOI overexpression across
diverse tumor types.*** ENO1 plays a key role in the
malignant progression of bladder cancer and is closely
related to the immune microenvironment of the tumor.*
Other studies have found that ENO1 expression affects
the metabolism, proliferation, and migration of LUAD
tumor cells through the regulation of circ-ENO1.* In
cancer cells, ENOI is a critical player in the glycolytic
pathway, primarily due to its function in transforming
2-phosphoglycerate into phosphoenolpyruvate, which is
essential for the manifestation of the Warburg effect.’**!
The monoclonal antibody 12C7 demonstrates anti-
tumor activity, with research confirming its target
antigen as ENOI. Upregulation of ENOI expression has
been reported to enhance the self-renewal, growth, and
invasive capabilities of lung cancer stem cells through
the AMPK/mTOR pathway.** In our study, we found that
ENO1 was negatively correlated with FOS, and it was

significantly enriched in the ribosome, proteasome, and
spliceosome in GSEA. Meanwhile, ENOI and ALDOA
were associated with most miRNAs and TFs, suggesting
that they play an important role in the post-transcriptional
regulation mechanism of the tumor.

Aldolase A (ALDOA) is an aldolase isoenzyme encoded
by three distinct genes.” It was found that ALDOA is an
important target of lactylation, and lactation modification
significantly affects its enzyme activity, which may play
an important role in cell metabolism by regulating the
glycolysis pathway>* The ALDOA axis promotes the
progression of colon cancer by regulating cancer cell
metabolism.”® Kaplan-Meier analysis revealed that
elevated ALDOA levels correlated with a poor prognosis
in colorectal cancer patients.® Results from seahorse
extracellular flux analysis indicated that ALDOA depletion
significantly inhibited basic glycolytic capacity. The mRNA
and protein expression of ALDOA were higher in LUAD
than in normal tissues. The overexpression of ALDOA
was significantly correlated with the high TNM stage. In
addition, the copy number alterations of ALDOA were
correlated with three immune cell infiltration levels.””

Recent studies have revealed that ALDOA acts as
an oncogene, promoting the glycolysis of cancer cells.
Its upregulation is closely associated with the initiation,
progression, metastatic potential, and unfavorable
prognosis of diverse tumors.”® Similarly, Chen et al®
also discovered that ALDOA can suppress DNA repair in
pancreatic cancer, reversing DNA damage-induced cell
cycle arrest and promoting the initiation and progression
of cancer. ALDOA has been validated as a candidate
oncogenic protein in a variety of cancers. Furthermore,
Lu et al.,” through a sequence of survival prognosis
assessments, determined that ALDOA acts as a promising
prognostic biomarker and treatment target in LUAD.
Besides that, ALDOA is a key enzyme involved in lung
cancer metabolic reprogramming and metastasis, and
it can be used as an effective therapeutic target for lung
cancer.”

The prognostic model for LUAD, constructed based on
five core biomarkers (ALDOA, ENO1, ACSS3, ADHI1A,
and ADH1B), has demonstrated consistent and excellent
performance in both the training and validation sets.
Kaplan-Meier analysis confirmed a significant survival
difference between the high- and low-risk groups (p<0.05),
with the high-risk group exhibiting a lower survival rate.
The heatmap indicates that ALDOA and ENO1 are highly
expressed in the high-risk group, while ACSS3, ADHI1A,
and ADHIB are highly expressed in the low-risk group.
The AUC values of the nomogram for survival prediction
at 1, 3, and 5 years all exceed 0.6, indicating that our
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model can effectively predict the survival status of LUAD
patients. Further analysis revealed that risk scores and
cancer staging are independent prognostic factors and
high predictive accuracy and clinical applicability are
demonstrated through constructed calibration plots, ROC
curves, and DCA curves. This provides strong support for
the early identification of high-risk LUAD patients and
personalized treatment strategies. The high- and low-risk
groups distinguished by our prediction model displayed
significant differences in terms of immune cell infiltration,
suggesting that different metabolic genes affect immune
cell infiltration. In the high- and low-risk groups, there
were also significant differences in CNV, suggesting that
the genes we screened were involved in immune cell
infiltration and the regulation of CNV.

The GSEA results demonstrated significant enrichment
of these five biomarkers in pathways that are intricately
linked to tumor initiation and progression. Notable
pathways include DNA replication, spliceosome, oxidative
phosphorylation, and ribosome, among others. Emerging
mechanistic insights indicate that the disruption of
ribosome biogenesis is involved in a broader spectrum
of processes, contributing significantly to the onset and
advancement of most spontaneously occurring cancers.*
Within cancer cells, there exists a unique type of ribosome,
known as the cancer ribosome, which can enhance
oncogenic translation programs to promote metabolic
reprogramming and regulate cellular functions.** In 2022,
a comprehensive genome-wide CRISPR/Cas9 knockout
screen was carried out to improve understanding of how
ribosomal proteins and factors involved in ribosome
biogenesis are transcriptionally regulated in mammals.*’
Genomic instability is a hallmark of cancer, and precise
DNA replication is fundamental for the accurate copying
and transmission of genetic information. DNA damage
and replication defects can occur under constant pressure
from endogenous and exogenous factors.*

High levels of ENOI1 are closely linked to DNA
replication and the cell cycle. In contrast, low levels of ENO1
can disrupt the energy supply and metabolic balance of
tumor cells, inhibit DNA replication, and prevent normal
tumor cell growth and division.®** Meanwhile, mutations
in core components of the spliceosome are frequently
associated with cell- or tissue-specific manifestations of
various diseases. Aberrant splicing is closely linked to
the development of cancer, and spliceosome-targeted
therapies have emerged as an effective anti-cancer strategy
for patients with splicing defects.* KCNQIOTI acts
as a competitive endogenous RNA to target the 3'UTR
of ALDOA during the metabolic switch from oxidative
phosphorylation to aerobic glycolysis, thereby stimulating

the expression of ALDOA in the Warburg effect by
adsorbing miR-34c-5p.”° We also used multiple online
software to predict the miRNA correlation of these five
genes, suggesting that several miRNAs have binding sites
with ENO1 and ALDOA. These predictions can be further
validated through in vitro experiments to explore the post-
transcriptional regulatory mechanisms of these genes.
The high- and low-risk groups predicted by these five
genes exhibit distinct biological features in GSEA, CNV,
and immune-infiltration analyses, indicating that the
prognostic model composed of key genes related to lactate
and carbohydrate metabolism is valuable for predicting the
prognosis of LUAD.

In summary, this study identified and validated five
reliable prognostic genes for LUAD and that ENO1 and
ALDOA are the core enzymes of glycolysis. The high
expression of ENOI and ALDOA in tumor tissues may
play a role in promoting the production of lactic acid,
maintaining the local hypoxia of the tumor, and affecting
the infiltration of immune cells in the tumor. We intend
to explore new ideas in the metabolism of tumor nutrient
supply. These results provided a valuable theoretical basis
for diagnosing and prognosticating LUAD. However, it
should be noted that this work has some limitations. The
specific mechanisms by which ADHIA, ADHIB, ALDOA,
ENOI, and ACSS3 impact the progression of LUAD are
still not fully understood. Although we have preliminarily
confirmed the expression levels of these genes through
qPCR and explored the post-transcriptional regulatory
mechanisms, further investigations are warranted to
systematically explore their regulatory mechanisms both
in vivo and in vitro. In addition, the uneven sample size is
also a challenge. In unbalanced data, models may tend to
predict dominant categories, resulting in weaker predictive
power for a few categories, thereby creating the risk of
underfitting or overfitting. To address the bias caused by
sample imbalance, we plan to use a resampling technique
or weighted loss function to balance the categories in the
future to ensure the reliability of the results.

5. Conclusion

Our study identified five key prognostic genes (ADHIA,
ADHIB, ALDOA, ENOI, and ACSS3) linked to
carbohydrate and lactic acid metabolism in LUAD,
providing a theoretical basis for exploring novel
therapeutic targets and improving clinical outcomes for
LUAD patients.
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Appendix

Sample dendrogram and trait heatmap
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Figure Al. Sample clustering plot. Branches represent samples, and vertical coordinates represent the height of hierarchical clustering (top). The labels
usually represent the samples (bottom).

Volume 7 Issue 1 (2025) 62 doi: 10.36922/cp.5992


https://dx.doi.org/10.36922/cp.5992

Cancer Plus

LUAD metabolism prognostic biomarkers

A ACSS3
B cells naive 4
T cells CD4 memory resting 4 —_——
Monocytes Cor
® <03
Mast cells resting 4
= pvalue
8 Macrophages MO
== <0.001
<0.01
Mast cells activated 4
o= <0.05
>0.05
Macrophages M1 ——
T cells follicular helper 4
T cells regulatory (Tregs) { @——
-0.2 0.1 00 01
C cor
ALDOA
Macrophages MO —
T cells regulatory (Tregs) 4 —_—
Mast cells activated
Cor
T cells follicular helper ® <03
g Macrophages M1 4 —e pvalue
=e= <0.001
Monocytes 4 <0.01
== >0.05
Mast cells resting 4
B cells naive e
T cells CD4 memory resting 4 @
-0.3 =-0.2 =0.1 0.0 01 0.2
cor

B
ADH1A
Monocytes —————
Mast cells resting 4 _—
T cells CD4 memory resting ——
Cor
B cells naive - —_— ® <03
g Macrophages MO pvalue
- <0.001
T cells follicular helper 4 <0.01
== > 0.05
Mast cells activated
T cells regulatory (Tregs) o @ —————
N M1+
-02 04 00 X 02
D cor
ENO1
Macrophages M1
Macrophages M0 4 —_—
1 ——g
T cells regulatory (Tregs) Cor
® <03
T cells follicular helper 4
= pvalue
8 Mast cells activated -
== < 0.001
MBS <0.01
onocytes -
- <0.05
>0.05
Mast cells resting 4
B cells naive 4
T cells CD4 memory resting q @ s

0.1

Figure A2. Lollipop plots for correlation analysis of key immune infiltrating cells with prognostic genes

Abbreviation: Cor: Correlation.
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