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Abstract

Objectives: Targeting the metabolic pathways may be a potentially effective therapy strategy for non-
small cell lung cancer (NSCLC), as increasing evidence associates the disease’s development to dysreg-
ulated lipid metabolism. Our research combines bioinfommatics and machine learning analysis to
identify diagnostic hallmark genes for NSCLC. Methods: Gene expression datasets were available from
the Gene Expression Omnibus (GO). First, differentially expressed genes (DEGs) were found and com-
bined with the major modular genes selected by the weighted gene co-expression network (WGCNA)
and then intersected with a set of 732 lipid metabolism genes. The biomarkers were identified by ap-
plying least absolute shrinkage and selection operator (LASSO) and random forest (RF) methods. The
effectiveness and discrimination of the hub genes were confirmed using the receiver operating char-
acteristic curve. Additionally, the association between diagnostic markers and infiltrating immune
cells was investigated by calculating relative subsets of RNA transcripts (CIBERSORT). Finally, qRT-
PCR experiments were conducted to validate our findings. Results: Overall, 71 lipid metabolism-re-
lated genes were detevted after overlapping key module genes and DEGs. We identified four key
genes-DPEP2, ACADL, BDH2, and CAVl—as potential biomarkers, with area under the curve (AUC) val-
ues of 0.999, 0.999, 0.996, and 0.997, respectively, in the ROC curves. As indicated by the immune cell
infiltration analysis, multiple immune cells may be involved in the development of NSCLC. Addition-
ally, all diagnostic characteristics may correlate with immune cells to varying degrees. Conclusions:
The hallmarks related to lipid metabolism (DPEP2, ACADL, BDH2 and CAV1) were identified using
machine learning and bioinfommatics. Our study identifies potential diagnostic candidate genes for
NSCLC and provides a basis for targeting aberrant lipid metabolism in NSCLC therapy.
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Figure 1. Construction of co-expression network modules. (A) Optimal soft threshold power; (B) Genes with comparable
patterns of expression were grouped together; various colors correspond to distinct gene clusters. (C) Heat map of module-
trait correlations
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Figure 2. Identification of differentially expressed lipid metabolism-related gene. (A) Volcano plot of DEGs; (B) Venn dia-
gram of the intersection of DGEs, LRGs and WGCNA significant module genes
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Figure 3. Functional enrichment function analysis. (A) GO analysis of 71 intersecting genes including MF, CC and BP;
(B) KEGG analysis of genes that overlap
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Figure 4. Identification of diagnostic markers through machine learning algorithms. (A) (B) LASSO logistic regression to
identify diagnostic markers. (C) (D) RF algorithm to determine biomarkers. (E) A Venn diagram was created to illustrate the
intersection of diagnostic biomarkers screeded by the two algorithms
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Figure 5. The validation of diagnostic markers. (A)~(D) The ROC curve for determining diagnostic effectiveness; (E)~(H)
The boxplot compared the expression of diagnostic markers between the tumor and normal groups
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Figure 7. Infiltration of immune cells results. (A) Violin Diagram demonstrating the difference in immune cell infiltration
between the tumor and normal groups; (B)~(E) Immunocell correlation plot of ACADL, BDH2, CAV1, DPEP2
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Figure 8. Validation of the role of diagnostic markers in NSCLC. (A)~(D) OS analysis of 4 key genes in Lung cancer patients
by KM Plotter; (E)~(H) Validation of the mRNA expression of 4 hallmarks in NSCLC cell line by gPCR. Data represent the
mean + SD (n = 3). P < 0.05 vs. the HBE
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