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Abstract: Objective: This study aims to collect lung adenocarcinoma samples from the Cancer Genome Atlas (TCGA) database
and explore the differential expression of glycolysis-related genes between lung adenocarcinoma tissues and adjacent normal
tissues. By combining differentially expressed genes with prognostic data, we investigate the correlation between them and
establish a prognostic prediction model for the survival rate of lung adenocarcinoma. Methods: Raw expression data were
downloaded from the TCGA database and organized using the Perl language. Differential analysis was performed using the
“limma” package in R software. Univariate Cox regression analysis was employed to screen glycolysis-related genes associated
with the survival of lung adenocarcinoma patients. Correlation analysis and consensus clustering analysis were then conducted.
Lasso regression analysis and 10-fold cross-validation were used to screen glycolysis-related genes associated with prognosis.
Kaplan-Meier survival curves were plotted to confirm significant differences between high- and low-risk groups, and the
receiver operating characteristic (ROC) curve was plotted to calculate the area under the curve (AUC). Finally, a risk model
was constructed. Results: Based on data from the TCGA database, 19 differentially expressed glycolysis-related genes were
identified (17 upregulated and 2 downregulated). Univariate Cox regression analysis revealed that 14 genes were significantly
associated with prognosis, among which five genes, including PGAM1 and NUP50, were identified as risk factors, while HK3
and PRKACA were protective factors. Following consensus clustering analysis, lung adenocarcinoma patients were classified
into three subtypes. Survival analysis demonstrated significant prognostic differences among these subtypes, with subtype 2
exhibiting the worst prognosis. Using LASSO regression, 11 key glycolysis-related genes were selected, and a risk scoring
model was constructed based on these genes. According to this model, patients were divided into high- and low-risk groups,
revealing significant differences in survival rates between the two groups (P < 0.001). The ROC curve demonstrated the model’s
good predictive ability for 1-, 2-, and 3-year survival rates (AUCs of 0.742, 0.725, and 0.673, respectively). Conclusion: This
study found a correlation between glycolysis-related genes and the prognosis of lung adenocarcinoma. A risk scoring formula
based on 11 key glycolysis-related genes was developed, and a risk model was constructed to predict the survival rate of lung
adenocarcinoma patients using their risk scores along with T stage, N stage, and overall stage. This model provides valuable
assistance for clinical research and individualized treatment of lung adenocarcinoma.
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1. Introduction

As one of the most common malignant tumors, lung cancer has shown an increasing trend in severity year by
year, with lung adenocarcinoma being the most prevalent type. The exploration of new indicators and methods for
the early diagnosis and prognostic evaluation of lung adenocarcinoma has consistently been a constant theme of
research . The Cancer Genome Atlas (TCGA) database is centered around tumor patient samples, and through
data mining of the TCGA database, numerous potential tumor therapeutic targets and clinical biomarkers have
been identified. Glycolysis refers to the process by which glucose or glycogen in the body is broken down into
lactic acid while producing a small amount of ATP under anaerobic or hypoxic conditions. The abnormal energy
metabolism in tumor cells, particularly the high level of glycolysis, indirectly reflects the occurrence and growth
of tumors. Therefore, studying new intervention methods and therapeutic drugs from this perspective has become
a direction of efforts . Kaplan-Meier survival analysis and Cox regression analysis are common methods for
survival analysis. Kaplan-Meier survival analysis can analyze events based on a single influencing factor, with
the time range for each independent individual extending from the recording point to the event occurrence point.
Cox regression analysis is a multi-parameter regression model that uses survival outcome and survival time as

dependent variables, allowing for the simultaneous analysis of the effects of multiple factors on survival.

2. Materials and methods

2.1. Case data

Obtain data from The Cancer Genome Atlas (TCGA) database and download gene expression data for a total of
551 lung adenocarcinoma samples from the official data repository website (https://portal.gdc.cancer.gov/). This
includes 497 tumor tissue samples of lung adenocarcinoma and 54 adjacent tissue samples, with the cutoff date for
sample acquisition being December 2019.

3. Research methods

3.1. Data organization and expression analysis

A gene set related to glycolysis (EACTOME GLYCOLYSIS) containing 72 genes was obtained from the GSEA
website. Using R software (version 4.0.2), the expression levels of glycolysis genes were extracted from the
transcriptomic information of the samples, and the gene expression data were normalized. The “Corrplot” package
in R software was used to conduct co-expression analysis of glycolysis genes. The expression of glycolysis genes
in lung adenocarcinoma tissues and normal tissues was analyzed, and the “limma” package in R software (http://
bioconductor.org/) was used to perform differential analysis of glycolysis genes. A p-value < 0.05 was considered
statistically significant, and glycolysis genes with differential expression were screened based on the condition of
[logFC| > 1. Finally, the “pheatmap” package was used to visualize the results as a heatmap.

3.2. Screening of prognostic markers and establishment of a prognostic risk scoring model

We first merged gene expression data with survival data, and then used the “survival” package in R software to
conduct univariate Cox regression analysis on glycolysis-related genes. This allowed us to calculate the hazard
ratio (HR), 95% confidence interval, and P-value for each gene in relation to the survival of lung adenocarcinoma
patients. Glycolysis genes significantly associated with the prognosis of lung adenocarcinoma patients were




screened out based on a P-value threshold of < 0.05, and a forest plot was generated.

Consensus clustering analysis was performed on the expression levels of glycolysis genes to determine the
optimal number of clusters (k). Subsequently, survival analysis was conducted on the identified clusters. Using
the ConsensusClusterPlus package, all glycolysis genes were divided into k distinct subtypes, and consensus
clustering plots, cumulative distribution function curves, Delta plots, and survival curves were generated.

Lasso regression analysis was performed on glycolysis genes associated with the prognosis of lung
adenocarcinoma using the “glmnet” package in R to further screen for prognostic variables. Lasso regression
employed 10-fold cross-validation to determine the optimal A value, thereby obtaining regression coefficients for
each variable and constructing a risk score equation (risk score) based on glycolysis gene expression. The risk
score equation was established as Risk score = B1*mRNAIEXP + f2xmRNA2EXP + ... + fnxmRNAnEXP,
incorporating the screened glycolysis differentially expressed genes associated with prognosis. In the formula, 8
represents the regression coefficient of the corresponding mRNA, mRNAEXP represents the expression level of
the corresponding gene, and n represents each glycolysis gene used as a variable.

4. Results

4.1. Abnormal expression of glycolytic genes in lung adenocarcinoma tissues

Among the 72 glycolysis-related genes, 62 exhibited differential expression, with 8 downregulated and 54
upregulated (P < 0.05). Further screening using the criterion of [logFC| > 1 revealed that 19 genes showed
significant differential expression, with 2 downregulated and 17 upregulated. In Figure 1, red indicates
upregulation of the gene in lung adenocarcinoma tissues compared to normal tissue glycolytic genes, while blue
indicates downregulation. The greater the difference in gene expression, the darker the color of the block.
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Figure 1. Heatmap of glycolytic gene expression.




4.2. Screening glycolytic genes associated with the prognosis of lung adenocarcinoma

After integrating glycolytic gene expression data with sample survival information, univariate Cox regression
analysis was performed using the “survival” package in R software to calculate the hazard ratio (HR) and P-value
for each glycolytic gene in relation to lung adenocarcinoma patients. Fourteen genes were identified as being
associated with patient survival (P < 0.05). A forest plot (Figure 2) was generated, revealing that the genes
identified as risk factors (HR > 1) included PGAM1, NUP50, PPP2R1A, NUP37, and HK2, while the genes
identified as protective factors (HR < 1) included HK3 and PRKACA (Figure 2).
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TP =0.001 1.002(1.001-1.004) [ |
ENO1 =0.001 1.001(1.001-1.002) [ |
PFKP =0.001 1.007(1.003-1.012) u
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Figure 2. Forest plot of differentially expressed genes.

4.3. Co-expression analysis of glycolytic genes

Correlation analysis between every two glycolytic genes in lung adenocarcinoma tumor tissues and adjacent
normal lung tissues was conducted using the Corrplot software package. As shown in Figure 3, red indicates
a positive correlation, blue indicates a negative correlation, and the deeper the color, the higher the degree of
correlation.

Figure 3. Co-expression analysis of glycolytic genes in lung adenocarcinoma.




4.4. Consensus clustering analysis

Consensus clustering analysis was performed on the expression levels of glycolytic genes to select the
optimal number of clusters. Subsequently, survival analysis was conducted on the clustered groups. Using the
ConsensusClusterPlus software package, all glycolytic genes were divided into k different subtypes (Figure 4
shows matrix heatmaps for k = 2 to 9). When k =3, the optimal partition was obtained based on the CDF curve of
the consensus score (Figure 5). Finally, the optimal number of clusters, assessed through the area under the curve
(Figure 6), was determined to be 3 (Figure 7). Therefore, we divided the samples into three groups and conducted
survival analysis, revealing a significant relationship with prognosis, as shown in Figure 7.
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Figure 4. Consensus clustering matrix of glycolytic genes for k=2 to 9.
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Figure 5. Consensus cumulative distribution function (CDF) curve for determining the optimal number of clusters.

Delta area

o7

0.6
|

0.3 0.4

relative change in area under COF cune
0.2

0.0
|

Figure 6. Relative change in area under the CDF curve.
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Figure 7. Kaplan-Meier survival analysis for three glycolytic gene clusters.




4.5. Establish a risk prediction model

Lasso regression analysis was conducted on glycolysis-related differentially expressed genes using the “glmnet”
package in R software to screen variables. Lasso regression employed 10-fold cross-validation to determine
the optimal A value (Figure 8), thereby identifying 11 glycolysis-related genes associated with prognosis
(PRKACA, PPP2R1A, PKM, PGAM1, PFKP, NUP50, HK3, GAPDH, ENO3, ENOI1, ALDOA) along with
their corresponding regression coefficients (Figures 9 and 10). Subsequently, a risk score equation based on the
expression of glycolysis-related genes was constructed.

The risk score equation was established by incorporating the identified 11 glycolysis-related genes associated
with prognosis, following the formula Riskscore = B1xmRNAIEXP + B2xmRNA2EXP + ... + fnxmRNAnEXP.
In this formula, B represents the regression coefficient of the corresponding mRNA, and mRNAEXP denotes the
expression level of the corresponding gene.

Based on the prognostic model, the risk score for each lung adenocarcinoma patient can be calculated. Using
the median risk score value, the model stratifies the included lung adenocarcinoma patients into high-risk and low-
risk groups (Figure 12). A heatmap reveals significant differences between the two groups in terms of stage, T
stage, gender, age, and final outcome. The Kaplan-Meier curve (Figure 11) demonstrates significant differences in
overall survival rates between the high-risk and low-risk groups (p < 0.05), with the high-risk group exhibiting a
worse prognosis compared to the low-risk group.
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Figure 8. Lasso regression cross-validation plot for selecting Figure 9. Lasso coefficient profiles of glycolysis-related
the optimal tuning parameter (). differentially expressed genes.
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Figure 10. Partial likelihood deviance plot for variable Figure 11. Kaplan-Meier survival analysis of high-risk and
selection in Lasso regression. low-risk groups stratified by the prognostic model.
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Figure 12. Heatmap of high-risk and low-risk groups.

5. Discussion

Lung adenocarcinoma, the most common pathological subtype of lung cancer, accounts for 40% of all lung cancer
cases and poses a significant threat to human life and health "' Therefore, the search for new indicators and
methods for early diagnosis, prognostic evaluation, and personalized treatment of lung adenocarcinoma has always
been a consistent theme of research. In recent years, there have been numerous research findings on survival
analysis of gene data from the TCGA database. By utilizing data mining techniques, researchers have obtained
many gene lineages that can guide tumor diagnosis, treatment, and survival prediction.

High levels of glycolysis represent a significant metabolic characteristic of tumors. Regardless of whether
the environment is aerobic or anaerobic, tumor cells rapidly obtain energy through glycolysis, a relatively short
reaction pathway, to meet their rapid proliferation and growth needs. Meanwhile, the large amounts of intermediate
products generated also serve as raw materials for tumor growth ¥/

This study successfully established a prognostic prediction model for lung adenocarcinoma based on the data
analysis of glycolysis-related genes in lung adenocarcinoma tissues, involving 11 glycolysis genes.

The study obtained a glycolysis-related gene set (EACTOME GLYCOLYSIS) containing 72 genes from the
GSEA website. The expression levels of glycolysis genes were extracted from the transcriptome information of the
samples. The gene expression data were normalized using R software (version 4.0.2). Statistical significance was
set at P < 0.05. Differential analysis of glycolysis genes was conducted using the “limma” package in R software
(http://bioconductor.org/), revealing that 62 out of the 72 glycolysis-related genes exhibited differential expression.
The above analysis indicated significant differences in the expression of glycolysis-related genes between tumor
cells and normal cells in patients with lung adenocarcinoma. After merging the glycolysis gene expression data

with sample survival information, we performed univariate Cox regression analysis on the differentially expressed




genes using R software and identified 14 genes associated with the survival of patients with lung adenocarcinoma
(P < 0.05). Among them, genes classified as risk factors (HR value > 1) included PGAM1, NUP50, PPP2RI1A,
NUP37, and HK2, while genes classified as protective factors (HR value < 1) included HK3 and PRKACA . We
also conducted consensus clustering analysis on the sample data using ConsensusClusterPlus and found that the
samples could be divided into three groups, each with similar glycolysis gene expression characteristics. Survival
analysis revealed differences in prognostic survival among the three groups, with the second group having the
worst prognosis. This suggests a potential association between specific glycolysis gene expression and the survival
prognosis of patients with lung adenocarcinoma . Lasso regression analysis was performed on differentially
expressed genes using the R package “glmnet”, resulting in the selection of 11 glycolysis-related genes associated
with prognosis, along with their corresponding regression coefficients, for the construction of a prognostic model
for lung adenocarcinoma based on glycolytic gene expression. From this, the risk score for each sample could
be calculated . Based on the median risk score, samples were divided into high- and low-risk groups. Survival
analysis revealed a significant difference in overall survival (OS) between the two groups (p < 0.05), with the
high-risk group exhibiting a worse prognosis than the low-risk group. The predictive model demonstrated good
performance in forecasting 1-year(Figure 13), 2-year(Figure 14), and 3-year survival for lung adenocarcinoma
patients, as validated by ROC curve analysis(Figure 15).
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6. Conclusion

In this study, through data mining and analysis, we identified and demonstrated a link between abnormal
expression of glycolysis-related genes and prognosis in lung adenocarcinoma patients. We selected 11 glycolysis-
related genes associated with prognosis in these patients and constructed a model to predict survival rates
using these genes, validating its sensitivity and effectiveness. By accurately assessing the prognosis of lung
adenocarcinoma patients, we can develop more individualized treatment plans, enhancing the precision and
foresight of clinical treatment for lung adenocarcinoma while reducing the waste of medical resources and

benefiting patients.
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