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ABSTRACT
Objective. Lung adenocarcinoma poses a major global health challenge and is a
leading cause of cancer-related deaths worldwide. This study is a review of three
molecular biomarkers screened by machine learning that are not only important in
the occurrence and progression of lung adenocarcinoma but also have the potential to
serve as biomarkers for clinical diagnosis, prognosis evaluation and treatment guidance.
Methods. Differentially expressed genes (DEGs) were identified using comprehensive
GSE1987 and GSE18842 gene expression databases. A comprehensive bioinformatics
analysis of these DEGs was conducted to explore enriched functions and pathways,
relative expression levels, and interaction networks. Random Forest and LASSO regres-
sion analysis techniques were used to identify the three most significant target genes.
The TCGA database and quantitative polymerase chain reaction (qPCR) experiments
were used to verify the expression levels and receiver operating characteristic (ROC)
curves of these three target genes. Furthermore, immune invasiveness, pan-cancer, and
mRNA-miRNA interaction network analyses were performed.
Results. Eighty-nine genes showed increased expression and 190 genes showed
decreased expression. Notably, the upregulated DEGs were predominantly associated
with organelle fission and nuclear division, whereas the downregulated DEGs were
mainly associated with genitourinary system development and cell-substrate adhesion.
The construction of the DEG protein-protein interaction network revealed 32 and 19
hub genes with the highest moderate values among the upregulated and downregulated
genes, respectively. Using random forest and LASSO regression analyses, the hub genes
were employed to identify threemost significant target genes.TCGAdatabase and qPCR
experiments were used to verify the expression levels and ROC curves of these three
target genes, and immunoinvasive analysis, pan-cancer analysis and mRNA-miRNA
interaction network analysis were performed.
Conclusion. Three target genes identified by machine learning: BUB1B, CENPF, and
PLK1 play key roles in LUAD development of lung adenocarcinoma.
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INTRODUCTION
Lung cancer remains the primary cause of cancer-related deaths globally, and lung
adenocarcinoma, the most prevalent type, constitutes 40% of deaths (Cao et al., 2021),
with a continuous increase for over 50 years, indicating a significant upward trend since
the 1970s (Zheng et al., 2016). In 2020, China had the largest number of lung cancer cases
and mortality (37.0% and 39.8%, respectively), followed by the United States (10.3% of
cases and 7.7% of mortality) and Japan (6.3% of cases and 4.6% of mortality) (Li et al.,
2023b; He et al., 2024).

Amid the ongoing progress in molecular biology and immunology, tumor markers are
playing an increasingly pivotal role in tumor screening, diagnosis, prognosis, and evaluation
of efficacy and follow-up. Various tumormarkers such as embryonic antigens, glycoprotein
antigens, keratin antigens, and enzyme antigens have been extensively reported; however,
a substantial number await clinical verification (Song et al., 2022; Cho et al., 2016). These
include IFNGR1, TNFRSF19L, GHR, SLAMF8, FR-beta, and integrin alpha 5 (Wu et al.,
2019; Dotta et al., 2020). The advent of medical informatics has introduced novel avenues
for resolving clinical challenges and providing innovative methods for tumor diagnosis
and treatment (Rojas-Rodriguez, Schmidt & Canisius, 2024).

The Gene Expression Comprehensive Database (GEO), a publicly accessible repository,
archives and distributes microarrays, enabling bioinformatics analysis at specific gene
levels across various cancer types (Wang et al., 2022a). Although widely used for mining
differentially expressed genes (DEGs), detecting relevant molecular signals and potential
associations, and studying gene regulatory networks, the use of GEO database is challenging
due to the high cost of individual experiments and limitations in tissue samples. To address
these issues, we employed a comprehensive analysis of different datasets and bioinformatics
methods to thoroughly identify DEGs across different cancer types (Barrett et al., 2013).

High-throughput sequencing has emerged as a valuable method for scrutinizing changes
in gene expression associated with illnesses and for identifying potential disease-related
genes, thus facilitating the discovery of newdiagnostic and therapeutic approaches (Bacchelli
& Williams, 2016). Machine learning algorithms, whether supervised or unsupervised,
exhibit significant promise for analyzing complex relationships within high-dimensional
data (Uddin et al., 2019; Choi et al., 2020). Moreover, machine learning is beneficial
for assessing high-dimensional transcriptome data and identifying genes of biological
significance (Handelman et al., 2018; Greener et al., 2022).

In recent years, machine learning (ML)-based artificial intelligence (AI) has been
developed for the medical-industrial convergence. AI can help model and predict medical
information (Gao et al., 2023). A growing number of studies have combined radiology,
pathology, genomics, and proteomics data to predict the expression levels of programmed
death-ligand 1 (PD-L1), tumor mutation burden (TMB), and tumor microenvironment
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(TME) in cancer patients, and to predict the likelihood of immunotherapy benefits and
side effects (Wang et al., 2024;Wei et al., 2023).

We downloaded raw data (GSE1987 andGSE18842) from theGEOdatabase and used the
GEO2R online tool for DEG screening. Subsequent steps included functional enrichment
and protein-protein interaction (PPI) network analyses, leading to the identification of
hub genes. Then we used random forest and lasso regression analyses and selected three
significantly expressed target genes. Survival and Receiver Operating Characteristic (ROC)
curve analyses revealed that these three genes are biomarkers associated with lung cancer
and offer new insights into clinical diagnosis. Simultaneously, we analyzed the relevant
immune expression of the three target genes, demonstrating their interaction with various
immune cells in lung adenocarcinoma.

First, unlike previous studies, this study used two independent datasets (GSE1987 and
GSE18842), which increased the reliability and universality of the results. Second, we not
only performed routine bioinformatics analysis but also introduced machine learning
techniques, such as random forest and LASSO regression analyses, to precisely identify key
target genes (BUB1B, CENPF, and PLK1). Clinical validation of these genes was performed
using the TCGA database and quantitative polymerase chain reaction (qPCR) experiments,
making the results convincing.

Furthermore, we performed extensive immune cell infiltration and pan-cancer analyses
to explore the potential roles of these genes in various cancer types. Thus, the broad
applicability of these genes is not limited to lung adenocarcinoma.

The application of these comprehensive analyses and techniques makes this study
significantly innovative in identifying multiple potential markers and therapeutic targets
and provides new ideas and a basis for future clinical applications.

METHODS
Data sources
The GEO database was queried for data related to ‘‘lung cancer’’ and two datasets,
GSE1987 and GSE18842, were identified (Barrett et al., 2013). The details of each dataset
are as follows:
GSE1987 dataset:

Platform: GPL91 ([HG_U95A] Affymetrix Human Genome U95A Array)
Specimens: 27 lung cancer specimens 9 non-lung cancer specimens

GSE18842 dataset:
Platform: GPL570 ([HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0

Array)
Specimens: 46 lung cancer specimens 45 non-lung cancer specimens
These datasets provide valuable information for the analysis of gene expression in

lung and non-lung cancer specimens, offering a comprehensive resource for further
investigation.
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Data processing of DEGs
DEGs, a web application based on R, which was gained from GEO through GEO2R, was
used to extract GEO data (Greener et al., 2022). In this study, the screening of DEGs was
conducted using R software (version 4.2.1; R Core Team, 2022) with criteria set at P < 0.05
and log2FC ≥ 1. Subsequently, heat maps were generated using the R package ‘‘ggplot2’’
(version 3.3.6), and Venn plots were created with VENNY (version 2.1) to visually represent
the identified DEGs.

KEGG and GO enrichment analysis of DEGs
To elucidate the functional significance of the overlapping DEGs, we conducted
Gene Ontology (GO) annotation and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway analyses. Analyses were performed using the Database for Annotation,
Visualization, and Integrated Discovery (DAVID) tools (version 6.7) (Dennis Jr et al.,
2003). GO functional annotations were used to categorize and identify genes as well as their
protein and RNA products based on their biological characteristics (Wang et al., 2022a).
KEGG was used to explore the potential pathways associated with signal transduction of
these overlapping DEGs (Ashburner et al., 2000). In our study, statistical significance was
determined using a corrected P <0.05.

PPI networks of DEGs
In our study, a PPI network was established using the STRING database and was visualized
using Cytoscape (version 3.7.2). Concurrently, noteworthy core gene modules were
extracted from PPI network complexes using MCODE (degree threshold ≥ 2, node score
threshold≥ 0.2, K-core≥ 2, max depth= 100) (Kanehisa et al., 2017; Yu et al., 2012). This
approach enabled the identification of multiple connecting pathways in which tandem
genes act as bridges that link these pathways..

Machine learning algorithms
We used Random Forest (Bindea et al., 2009; Tai et al., 2019; Wang, Yang & Luo, 2016)
and LASSO regression analyses (Ishwaran & Kogalur, 2010; Cheung-Lee & Link, 2019;
Fernández-Delgado et al., 2019) (Least Absolute Shrinkage and Selection Operator) to
identify key biomarkers. These two algorithms were chosen because random forests have
good performance and robustness in handling high-dimensional data, which can capture
complex nonlinear relationships, whereas LASSO regression is suitable for feature selection
and sparse modeling of high-dimensional data, which helps reduce redundant variables
and improve the interpretive and predictive performances of models.

In addition, we describe the statistical methods used to assess the significance of the
identified biomarkers, including the specific test methods and multiple hypothesis testing
corrections. For example, in the significance analysis, we used Student’s t -test andWilcoxon
rank-sum test to compare differences in gene expression and used False Discovery Rate
(FDR) correction to control for the false positive rate caused by multiple testing.

Lung adenocarcinoma data validation from the TCGA database
We obtained and organized data from TCGA-LUAD (lung adenocarcinoma) project,
sourced from TCGA database (https://portal.gdc.cancer.gov). Subsequently, we analyzed
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the expression levels, survival curves, and receiver operating characteristic (ROC) curves
of the target genes in lung adenocarcinoma. This analysis was performed using R language
software (version 4.2.1; R Core Team, 2022). ROC analysis of the data was performed
using the pROC package (1.18.0) and the results were visualized using ggplot2 (3.3.6).
Expression Data Acquisition: Download and collate RNAseq data from the TCGA-LUAD
project Spliced Transcripts Alignment to a Reference (STAR) processes from the TCGA
database and extract data in transcripts per million (TPM) format as well as clinical data.

qPCR
In this study, quantitative polymerase chain reaction (qPCR) was used to validate the
expression levels of BUB1B, CENPF, and PLK1 in lung cancer. We recruited a cohort of
nine lung cancer patients admitted to our hospital from January 1, 2024 to January 31,
2024. Concurrently, nine healthy individuals undergoing routine health examinations
during the same period were included as the control group. The inclusion criteria for
lung cancer patients were as follows: (1) age ≤ 90 years; (2) no history of radiotherapy or
chemotherapy; (3) no fever or infection within 3 months before blood collection; (4) no
history of blood transfusion.

The qPCR assay was configured as recommended by the ‘‘MIQE guidelines.’’ Three genes
were selected for validation of the RNA-seq results. The qPCR primers were designed using
Primer3 online software (https://bioinfo.ut.ee/primer3-0.4.0/) and synthesized by Sangon
Biotech Co., Ltd (Shanghai, China). For cDNA synthesis, 1µg of total RNA was reverse
transcribed using the PrimeScript RT Kit (Takara Bio™ Inc., San Jose, CA, USA) following
the manufacturer’s protocol. Quantitative RT-PCR was performed on a CFX96 real-time
PCR system (Bio-Rad Laboratories Inc., Hercules, CA, USA) using TB Green Premix Ex
Taq II (Takara Bio Inc.). Consumables used included RNase-free tips and eight strips of
PCR tubes from Axygen® Brand Products (Corning Incorporated, Corning, NY, USA).
Quantification was performed in triplicates using a 25 µL reaction mixture. Each reaction
mixture consisted of 12.5 µL TB Green Premix Ex Taq II, 1 µL of each primer (10 µM),
8.5 µL RNase-free water, and 2 µL of 1:5 dilution of cDNA. PCR amplification conditions
consisted of initial denaturation at 95 ◦C for 30 s, followed by 40 cycles of denaturation at
95 ◦C for 5 s, and annealing at 60 ◦C for 30 s. After cooling to 65 ◦C for 5 s, the melting
curves at the end of each PCR were obtained by gradually increasing the temperature to
95 ◦C (with an increment rate of 0.5 ◦C/s). The same amplification analysis was performed
for all samples, therefore, run-to-run calibration was not required. The data obtained
were analyzed by Bio-Rad CFX Manager software (version 3.0), which generated the raw
quantitative cycle (Cq) values for each reaction using the 2-11CTmethod. Further details
of qPCR can be found in the MIQE checklist. The primer pairs were used in the following
order:

BUB1B: forward primer, 5′-CTGGAGGGAGATGAATGGGAACTG-3′, and reverse
primer, 5′-CCGTTTCTGCTGCTGAAGAGTATTG-3′.

CENPF : forward primer, 5′-AGCAAGCCAGACTCTTCCACAAG-3′, and reverse
primer, 5′-GCTGCCATGAGAACACAGATGATG-3′.
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PLK1: forward primer, 5′-TCAGCAAGTGGGTGGACTATTCG-3′, and reverse primer,
5′-TTGTAGAGGATGAGGCGTGTTGAG-3′.

Infiltration analysis of immune cells
The CIBERSORT algorithm was applied to the GSE18842 dataset, and significant
associations between the target gene and various immune cells were identified through
correlation analysis. All analyses and visualizations were performed in R software (4.2.1;
R Core Team, 2022). Based on 22 immune cells accessible on the CIBERSORTx website
(https://cibersortx.stanford.edu/), the gene expression profile of the signature matrix was
examined using the CIBERSORT.R (script) analysis core algorithm (Steen et al., 2020).
Expression Data Acquisition: RNAseq data was downloaded from the TCGA-LUAD
project STAR processes from the TCGA database and extracted in TPM format as well as
clinical data format.

Pan-cancer analysis and miRNA analysis of BUB1B, CENPF, and PLK1
In this study, we used R software (version 4.2.1; R Core Team, 2022) and the R packages
ggplot2 (3.3.6), stats (4.2.1), and car (3.1-0) to analyze the expression of BUB1B, CENPF,
and PLK1 mRNA using the TCGA database (Lin et al., 2021). Data processing method:
log2(value+1). Additionally, we analyzed the miRNAs corresponding to these three target
genes. MiRNAs were retrieved from three databases: TargetScan (McGeary et al., 2019),
StarBase (Wang et al., 2022b), and miRwalk (Kawakami et al., 2024). Venn diagrams and
protein-protein interaction (PPI) networks were constructed for further analysis.

Population
The research protocol was approved by the Medical Ethics Committee of the Medical
Research and Clinical Trial Ethics Committee of Huzhou First People’s Hospital (Approval
Number: 2023KYLL014). All patients participating in the study provided the emotional
consent and informed consent.

RESULTS
Identification of differentially expressed genes
Gene expression data were processed and normalized using the criteria log FC >1 and P
<0.05. Subsequently, DEGs were identified in the two datasets using the GEO2R online tool.
A total of 279 DEGs were identified, comprising 89 upregulated and 190 downregulated
genes in lung cancer specimens compared to the corresponding non-cancer specimens
(Fig. 1). Table 1 provides a list of overlapping upregulated (log2FC >1, adjusted P <0.05)
and downregulated (log2FC <-1, adjusted P <0.05) DEGs.

GSEA enrichment analysis, KEGG and GO enrichment analyses of
DEGs
To gain a deeper understanding of the overlapping DEGs between the two datasets, we
conducted functional analysis. Gene set enrichment analysis (GSEA) revealed that these
DEGs were significantly associated with the cell cycle and mitosis. The GO and KEGG
analyses highlighted the following insights:
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Figure 1 Identification of DEGs in two GEO datasets. (A) The DEGs heatmap describes the different ex-
pressions between lung cancer specimens and normal lung specimens in the dataset GSE1987. (B) DEGs
heatmap illustrating variable expression between lung cancer specimens and normal lung specimens in
dataset GSE18842. (C) Venn diagram highlighting 89 overlapping up-regulated DEGs in the GSE1987 and
GSE18842 datasets. (D) Venn diagram showing 190 overlapping down-regulated DEGs in GSE1987 and
GSE18842 datasets.

Full-size DOI: 10.7717/peerj.17746/fig-1

For upregulated genes:
Biological processes (BPs):
Organelle fission
Nuclear division
Nuclear chromosome separation
Sister chromatid isolation
Cellular components (CCs):
Spindles
Chromosomal regions
Spindle poles
Cyclin-dependent protein kinase holase complexes
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Table 1 Identification and confirmation of 279 DEGs from two datasets, comprising 89 upregulated
genes and 190 downregulated genes.

DEGS Gene name

UP COL11A1-TFAP2A-MMP12-SPP1-UBE2C-SERPINB5-DSP-TPX2-IGF2BP3-SULF1-S100A2-
GINS1-HIST1H2AE-COL17A1-CCNB2-KIAA0101-HIST1H2BD-SRD5A1-EZH2-ALDH3B2-
CCNE1-MMP11-CDKN3-CDK1-CENPF-COL10A1-PTTG1-SLC9A3R1-CD24-KIF2C-CA12-
LAD1-CCNB1-ZWINT-ADAMDEC1-FOXM1-APOBEC3B-CYP24A1-MELK-FAP-SCG5-
CDC20-KIF11-PMAIP1-LRRC15-PPAP2C-IVL-THBS2-TTK-PLOD2-BUB1B-NFE2L3-SORD-
PLK1-SPAG5-GCLC-POSTN-DTYMK-CKS1B-ATP2A2-CKS2-AIM2-SLC5A3-IRF6-TK1-STIL-
KIF14-UMPS-PAICS-ST14-TOP2A-PYCR1-FUT3-FEN1-CDC6-KNTC1-PCNA-ESPL1-USP46-
KIFC1-NCAPH-CPOX-NPM3-TMF1-KIF2A-BDH1-TFAP2C-SLC35A2-GGCT

DOWN FABP4-WIF1-GDF10-CLDN5-AGER-C7-FHL1-ZBTB16-MFAP4-DES-CLIC5-ADIRF-PTX3-
VWF-GPX3-TNNC1-ADH1B-AGTR1-TCF21-CHRDL1-SGCA-FMO2-IGFBP6-ABCA8-
NRGN-LDB2-CDH5-FCN1-TTN-AQP1-TEK-LRRN3-RAMP2-PPBP-PTPRB-STARD8-
EDNRB-CA4-ABLIM3-GPM6A-CA3-AQP4-LPL-TENC1-FCN3-C8B-ACKR1-BMP5-
CBFA2T3-AOC3-GPM6B-DLC1-GPD1-CFD-CAV1-TGFBR3-SYNM-SRPX-TMOD1-AOX1-
FAM107A-GNG11-CSF3-SELP-LMO7-MMRN1-CD93-NR4A3-ANXA3-RECK-ADARB1-
ACADL-GPR116-FXYD1-OLFML1-KIAA1462-EMP2-FBLN5-SELE-ADAMTSL3-FEZ1-SEPT4-
ENG-RASGRF1-ID4-SVEP1-ITGA9-GJA4-LDLR-MYRF-SMAD6-VNN2-BCHE-LILRB2-
WISP2-COX7A1-SLC6A4-SPOCK2-NEDD9-ADRB2-CLC-HOXA5-C14orf132-TGFBR2-ACE-
MYH10-SCEL-GATA2-TIE1-LRRC32-CDO1-FOXF1-SLIT2-CD34-GPC3-STX11-SPARCL1-
PECAM1-DPYSL2-FBLN1-TBX2-BMX-LMO2-ANGPT1-ABCA6-ITM2A-SGCE-LTBP4-
ALOX5AP-DST-KLF9-KAL1-FAM189A2-TAL1-MAOB-GYPC-MS4A2-AGTR2-ABLIM1-F8-
MAL-GRK5-CAV2-S1PR1-THBD-EFEMP1-CH25H-G0S2-KDR-MYH11-FLI1-HLF-P2RY14-
VSIG4-MMP19-MME-SOCS2-TMEM47-KANK3-CALCRL-RAMP3-HBEGF-KIAA0040-
RASSF2-NOTCH4-KLF4-RGS2-PRKCZ-HEG1-WFS1-PROS1-GMFG-PPP1R15A-IL3RA-
CA2-PLCE1-FRY-CREM-CDKN1C-CRIP2-FSTL3-TACC1-PODXL-MACF1-PMP22-CBX7-
FERMT2-TYRP1-ICAM2-RPS6KA2

Molecular function (MF):
Microtubule binding
Microtubule motor activity
Cyclin-dependent protein serine/threonine kinase regulatory activity
Cyclin-dependent protein serine/threonine kinase activator activity
KEGG pathways:
Cell cycle
Egg cell meiosis
Human T-cell leukemia virus 1 infection
p53 signaling pathway
Cellular senescence
For downregulated genes:
Biological processes (BPs):
Genitourinary development
Cell-substrate adhesion
Renal phylogenesis
Angiogenesis
Cellular components (CCs):
Membrane microdomains
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Membrane rafts
The outer side of the plasma membrane
The cellular cortex
Molecular function (MF):
Integrin-binding
Transmembrane receptor protein kinase activity
Transforming growth factor receptor binding
Type I transforming growth factor receptor binding
KEGG pathways:
Complement and coagulation cascades
AGE–RAGE signaling pathway in diabetic complications
Malaria
Tyrosine metabolism
Renin-angiotensin system

These findings underscore the diverse functional roles and pathways associated with the
DEGs identified in lung cancer specimens (Fig. 2).

Construction of PPI networks and identification of hub genes
In this step, the STRINGdatabase was used to construct a PPI network for theDEGs (Fig. 3).
Subsequently, the MCODE plugin was used to identify hub genes within the network. The
analysis revealed 32 hub genes with the highest moderate values among upregulated genes
and 19 hub genes with the highest moderate values among downregulated genes. These hub
genes represent crucial nodes within the network, signifying their potential significance in
lung cancer (Fig. 4).

Machine learning algorithms pick the target gene
Hub genes were identified using a two-step process employing random forest and LASSO
regression analyses. In the random forest analysis, the top seven characteristic variables
with the highest importance among all hub genes were BUB1B, TEK, CDC6, TOP2A,
KIF14, CENPF, PLK1. Notably, among all characteristic variables, BUB1B emerged as the
most important contributing gene.

LASSO regression analysis identified the best characteristic genes among all hub genes,
including: BUB1B, FOXM1, CENPF, KNTC1, PLK1, ZWINT, CD93, and SELE. The
intersection of these analyses revealed that the target genes were BUB1B, CENPF, and
PLK1. These genes are pivotal candidates with significant roles in the context of the studied
biological systems, particularly in lung cancer (Fig. 5).

As a cell cycle checkpoint kinase, BUB1B plays a key role in maintaining chromosomal
stability, and its abnormal expression may cause chromosomal instability, which in turn
drives tumorigenesis and progression (Yu et al., 2024). The protein encoded by CENPF
plays an important role in chromosome division, and its overexpression is associated with
increased aggressiveness and poor prognosis in various cancers (Pinto et al., 2023; Shukuya
et al., 2016). PLK1 is an important cell cycle regulator and its overexpression in tumor cells
is often closely associated with rapid proliferation and tumor malignancy (Shukuya et al.,
2016).
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Figure 2 GSEA, GO/KEGG analysis of DEGs. (A) GASE enrichment analysis; (B) GO analysis of upregu-
lated genes; (C) GO analysis of downregulated genes; (D) KEGG analysis of upregulated genes; (E) KEGG
analysis of downregulated genes.

Full-size DOI: 10.7717/peerj.17746/fig-2

TCGA and qPCR experiments were used to verify the three target
genes
In this study, we retrieved and organized RNA-seq data from TCGA-LUAD (lung
adenocarcinoma) project using spliced transcript alignment to a reference (STAR) pipeline
available in the TCGA database (https://portal.gdc.cancer.gov). Data were extracted in
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Figure 3 DEG PPI network. (A) Up-regulated gene PPI network diagram. The darker the red, the higher
the degree of upregulation. (B) Down-regulated gene PPI network diagram. The darker the blue, the
higher the degree of downregulation.

Full-size DOI: 10.7717/peerj.17746/fig-3
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Figure 4 DEG hub gene network. (A) Up-regulate gene hub gene network diagram. The darker the red,
the higher the degree of upregulation. (B) Down-regulated gene hub gene network diagram. The darker
the blue, the higher the degree of downregulation.

Full-size DOI: 10.7717/peerj.17746/fig-4
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Figure 5 Machine learning algorithm selects the target gene. (A) The coefficient of LASSO analysis
varies with λ parameters. (B) LASSO analyzes the trend of λ corresponding to the number of variables.
(C) Ranking of important features in random forest model. (D) The two analyses intersected.

Full-size DOI: 10.7717/peerj.17746/fig-5

Transcripts PerMillion (TPM) format. Subsequently, we used R language software (version
4.2.1; R Core Team, 2022) to analyze the expression levels, survival curves, and ROC curves
of the three target genes:BUB1B, CENPF and PLK1 in lung adenocarcinoma. Additionally,
whole blood samples were collected from patients with lung cancer and from individuals
undergoing normal physical examinations at our hospital for qPCR experimental
verification. This comprehensive analysis offers insights into the expression patterns
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Figure 6 Expression of three target genes BUB1B, CENPF and PLK1 in lung adenocarcinoma. (A) The
TCGA database were used to verify the three target genes; (B) qPCR experiments were used to verify the
three target genes.

Full-size DOI: 10.7717/peerj.17746/fig-6

and potential diagnostic and prognostic values of these genes in lung adenocarcinomas
(Figs. 6 and 7).

Infiltration analysis of immune cells
The CIBERSORT algorithm was applied to the GSE18842 dataset, and correlation analysis
identified significant associations between BUB1B, CENPF, PLK1 and various immune
cells. This suggests a potential connection between these target genes and immune cell
composition within the lung adenocarcinoma microenvironment. The correlation analysis
provides valuable insights into the interplay between these genes and the immune system
in the context of lung adenocarcinoma (Fig. 8).

Pan-cancer analysis of BUB1B, CENPF, and PLK1
In this study, we conducted a pan-cancer analysis of BUB1B, CENPF, and PLK1 across
various cancer types using TCGA database. The analysis was performed using R software
(version 4.2.1; R Core Team, 2022) and ggplot2 package. Our findings revealed significant
underexpression of BUB1B, CENPF, and PLK1 in 16 cancer types: BLCA, BRCA, CESC,
CHOL, COAD, ESCA, GBM, HNSC, KIRC, KIRP, LIHC, LUAD, LUSC, PRAD, READ,
and UCEC. These observations suggested that BUB1B, CENPF, and PLK1 may serve as
potential tumor-promoting genes in cancers with high expression levels (Fig. 9).

miRNA analysis of BUB1B, CENPF, and PLK1
In this study, we comprehensively investigated the microRNA (miRNA) regulatory
networks associated with BUB1B, CENPF, and PLK1. Using three extensive miRNA
databases—TargetScan (McGeary et al., 2019), starBase (Wang et al., 2022b), and miRwalk
(Kawakami et al., 2024)—we identified potential miRNAs that regulate BUB1B, CENPF,
and PLK1. The intersection of these databases is depicted in a Venn diagram, revealing
common miRNAs targeting BUB1B, CENPF, and PLK1. Furthermore, to elucidate the
intricate relationships among BUB1B, CENPF, and PLK1, their regulatory miRNAs, and
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Figure 7 Survival curves and ROC curves of the three target genes. (A, B, C) Survival curves of the three
genes in lung adenocarcinoma; (D) ROC curves of the three genes in lung adenocarcinoma.

Full-size DOI: 10.7717/peerj.17746/fig-7

their associated protein interactions, we constructed a protein-protein interaction (PPI)
network using Cytoscape. This network visualization facilitates the understanding of the
complex regulatory mechanisms influencing the expression of BUB1B, CENPF, and PLK1
and their potential impact on cellular processes. This analysis not only underscores the
intricate interplay between miRNAs and BUB1B, CENPF, and PLK1 but also sets the stage
for further investigation into the role of these miRNAs in modulating gene expression
across various physiological and pathological contexts (Fig. 10).

DISCUSSION
Lung adenocarcinoma is a global health challenge with high morbidity and mortality
and is one of the leading causes of cancer-related deaths worldwide, although significant
progress has been made over the years in the ability to diagnose and treat lung cancer,
the underlying problem of poor prognosis remains unresolved (Kunimasa et al., 2020).
Targeting the protein pathways involved and subsequently improving patient survival
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Figure 8 Immune-related infiltration analysis of the three target genes. (A) The expression of each
immune cell under the CIBERSORT algorithm in GSE18842; (B, C, D) correlations between BUB1B,
CENPF, PLK1 and a variety of immune cells.

Full-size DOI: 10.7717/peerj.17746/fig-8

has become a key focus of ongoing research efforts to address the complexities of lung
adenocarcinoma (Shu, Jiang & Zhao, 2023).

In this study, we employed the R package ‘‘ggplot2’’ (version 3.5.0) to generate heatmaps
for the GSE1987 and GSE18842 datasets from the GEO database. Subsequently, a Venn plot
was used to identify overlapping genes between the two datasets, leading to the identification
and confirmation of 279 DEGs, involving 89 upregulated and 190 downregulated genes.

To gain a deeper understanding of the shared DEGs, we conducted taxonomic,
functional, and pathway enrichment analyses using the DAVID software. Enrichment
analysis of the upregulated genes revealed heightened involvement in processes such as
organelle fission, nuclear division, nuclear chromosome separation, and sister chromatid
isolation. In terms of cellular components (CCs), these genes were prominently associated
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Figure 9 Pan-cancer analysis for the BUB1B, CENPF, and PLK1. (A) Pan-cancer analysis for the
BUB1B; (B) pan-cancer analysis for the CENPF; (C) pan-cancer analysis for the PLK1.

Full-size DOI: 10.7717/peerj.17746/fig-9

with spindles, chromosomal regions, spindle poles, and cyclin-dependent protein kinase
holoenzyme complexes. The molecular functions (MF) of the common DEGs were
primarily linked to microtubule binding, microtubule motor activity, cyclin-dependent
protein serine/threonine kinase regulatory activity, and cyclin-dependent protein
serine/threonine kinase activator activity. KEGG analysis indicated a significant role
for these upregulated DEGs in pathways such as cell cycle, oocyte meiosis, human T-cell
leukemia virus 1 infection, p53 signaling, and cellular senescence. For the downregulated
genes, enrichment analysis highlighted their involvement in biological processes such
as genitourinary development, cell-substrate adhesion, renal morphogenesis, and
angiogenesis. The CCs associated with these genes include membrane microdomains,
membrane rafts, the outer side of the plasma membrane, and the cellular cortex. In the
MF, common DEGs exhibited functions related to integrin binding, transmembrane
receptor protein kinase activity, transforming growth factor receptor binding, and type
I transforming growth factor receptor binding. KEGG analysis revealed their vital roles
in pathways such as supplementation and coagulation cascade, AGE-RAGE signaling in
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Figure 10 miRNA analysis of BUB1B, CENPF, and PLK1. (A, B, C) The three miRNA databases corre-
spond to the miRNA Venn diagram of BUB1B, CENPF, and PLK1D: PPI network diagram.

Full-size DOI: 10.7717/peerj.17746/fig-10

diabetic complications, malaria, tyrosine metabolism, and the renin-angiotensin system.
These comprehensive analyses provided valuable insights into the biological processes and
pathways associated with the identified DEGs, shedding light on the potential mechanisms
involved in lung adenocarcinoma development and progression.

In our continued exploration, we utilized the STRING database to construct a PPI
network for the DEGs, which revealed 32 hub genes among upregulated genes and 19
hub genes among downregulated genes. Importantly, all these genes played a role in the
top five KEGG pathways with the smallest P values. This network analysis provides a
deeper understanding of the interactions and relationships between these hub genes, and
offers insights into the potential regulatory mechanisms and pathways implicated in lung
adenocarcinoma.

Several previous studies have successfully identified a variety of new cancer biomarkers,
such as lung adenocarcinoma, pancreatic cancer, and thyroid cancer, through machine
learning algorithms, demonstrating their powerful capabilities (Chi et al., 2023; Li et al.,
2023a; Li, Wang & Ding, 2023). Therefore, in this study, we systematically identified three
key genes of lung adenocarcinoma, BUB1B, CENPF and PLK1, for the first time, through
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a combination of random forest and LASSO regression analyses, and explored their
potential roles in lung adenocarcinoma and their association with clinical features in detail.
Random forest helps screen the genes that contribute the most to disease classification by
constructing multiple decision trees. LASSO regression identifies key genes by selecting
the most predictive features and adding a penalty term to the model. Using these two
approaches, we found that BUB1B, CENPF, and PLK1 are important genes in lung
adenocarcinoma. BUB1B, as a cell cycle checkpoint kinase, plays a key role in maintaining
chromosomal stability, its abnormal expression may lead to chromosomal instability, and
then promote cell proliferation and tumor progression (Yu et al., 2024); CENPF has an
important contribution to microtubule formation during chromosome division, and its
overexpression leads to abnormal division and increased tumor cell aggressiveness (Pinto
et al., 2023; Shukuya et al., 2016). PLK1, a cell cycle regulator, plays an important role in
mitosis, and its overexpression is often related to rapid tumor proliferation and poor
prognosis, and is supported by specific mechanisms (Shukuya et al., 2016).

Previous studies have shown that BUB1B expression is increased in multiple cancers
and is associated with poor prognosis. Our study not only confirms this, but also further
demonstrates the role of BUB1B as a key gene in lung adenocarcinoma by random forest
and LASSO regression analysis (Nguyen et al., 2022; Chen, Cai & Wang, 2022). CENPF is
overexpressed in lung adenocarcinoma and other cancer types. We not only verified the
high expression status of CENPF in lung adenocarcinoma but also explored its relationship
with cell division and tumor invasiveness, expanding the understanding of its specific
mechanism of action (Huang et al., 2022; Mao et al., 2024). Moreover, with previous
studies indicating the important role of PLK1 in cell cycle regulation and rapid tumor
proliferation, we confirmed the critical position of PLK1 in lung adenocarcinoma using a
systematic bioinformatics approach and found that its high expression was associated with
poor prognosis, further supporting its value as a potential therapeutic target (Shukuya et
al., 2016; Huang et al., 2022).

Subsequently, we used lung adenocarcinoma data from the (TCGA) database to verify
the expression levels, survival curves, and ROC curves of these three target genes. At the
same time, we also performed qPCR experiments on whole blood of lung cancer patients
to detect the expression of three target genes, and the results conclusively proved their high
diagnostic value in lung adenocarcinoma. We used t -test and Wilcoxon rank-sum test to
compare gene expression differences and a false discovery rate (FDR) correction to control
the false positive rate for multiple tests. The results showed that BUB1B, CENPF, and PLK1
showed significantly higher expression in lung adenocarcinoma samples, with P-values
of 1.2e−6, 2.3e−5, and 4.1e−4, respectively, and these results were validated in multiple
datasets. Furthermore, we evaluated the association between high expression of these genes
and patient survival and showed that high expression of all three genes was significantly
associated with worse overall survival. The results of these statistical tests indicated that the
key genes identified play an important role in lung adenocarcinoma development.

One study showed that ZBTB16 is associated with various systemic tumors and that
its overexpression significantly reduces malignant progression and EMT activity in PC
cells, which can be eliminated by the exogenous expression of miR-6792-3p (Mao
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et al., 2024). In this study, we conducted immune infiltration analysis of these three
target genes and uncovered significant correlations with various immune cells. This
finding suggests a potential link between these genes and the immune response in the
context of lung adenocarcinoma, providing valuable insights into their roles in the tumor
microenvironment and their potential implications for immunotherapy. as well as pan-
cancer analysis and analysis of the mRNA-miRNA interaction network of the three target
genes. This comprehensive analysis provides clear insights into the expression levels of
BUB1B, CENPF, and PLK1 across different cancer types, along with the corresponding
miRNAs associated with each cancer.

However, it is important to acknowledge the limitations of this study. The sample size
was relatively small, and the data were mainly derived from public databases and lacked
independent experimental validation. Furthermore, our analysis was mainly based on
gene expression data and has not yet been combined with the validation of protein levels.
Although this study identified key target genes for lung adenocarcinoma through advanced
bioinformatics and machine learning techniques, these methods have several limitations.
First, the model is prone to overfitting problems, performing well on training data but poor
generalization on new data. Second, the model is highly dependent on feature selection
and parameter tuning, and incorrect selection significantly affects performance. Moreover,
data quality and sample size also have a significant impact on the model effect, with small
sample sizes leading to high variance and unreliable prediction results. The ‘‘black box’’
nature of the machine learning model makes its internal mechanisms difficult to interpret,
and despite its high accuracy, understanding its biological significance still requires further
experimental validation. Therefore, these findings require more biological experiments to
confirm their clinical utility. When using machine learning techniques for genetic testing,
we must carefully combine themwith traditional biological methods to ensure the accuracy
and reliability of the research conclusions.

In the future, we need to continue to research directions:
(1) further validate the specific functions and mechanisms of action of BUB1B, CENPF

and PLK1 to better understand their roles in lung adenocarcinoma;
(2) conduct larger studies are needed to validate the expression patterns of these genes

in different patient populations and their association with clinical features, and to confirm
their feasibility as diagnostic and prognostic markers.

(3) explore the development of specific therapeutics for these genes and evaluate their
efficacy and safety in animal models and clinical trials;

(4) Comprehensive analysis based on a variety of data to discover more relevant key
genes and propose a more comprehensive treatment strategy.

(5) Future studies should be extended to larger sample sizes to validate the role of these
key genes using multicenter, multi-ethnic data. Further in vitro and in vivo experiments
should be performed to validate the functions of these genes and their potential for clinical
treatment.

Despite these constraints, bioinformatics and machine learning analyses have revealed
novel mechanisms and pivotal genes that may contribute to the development of lung
adenocarcinoma. Further research is warranted to comprehensively elucidate the regulatory
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roles of these genes and to ascertain their potential as clinical biomarkers and therapeutic
targets. This knowledge could provide valuable insights for the precise diagnosis and
development of targeted treatment strategies for lung adenocarcinoma.

CONCLUSION
The key genes identified by our machine learning algorithms, BUB1B, CENPF, and PLK1,
are not only important in the occurrence and progression of lung adenocarcinoma but
also are potential biomarkers for clinical diagnosis, prognostic evaluation, and therapeutic
guidance. First, in terms of clinical diagnosis, high expression of these genes can be used as
early detection markers for lung adenocarcinoma, facilitating early detection and diagnosis
of disease through gene expression detection. Second, in terms of prognosis assessment,
high expression of BUB1B, CENPF, and PLK1 is significantly associated with poor overall
survival and thus can be used as a prognostic assessment tool to help physicians predict
the outcome of patients’ prognosis and develop personalized treatment options. Finally, in
terms of therapeutic guidance, the expression levels of these genes may be associated with
specific therapeutic responses and, thus, can serve as potential therapeutic targets. Targeted
therapy of BUB1B, CENPF, and PLK1 may improve therapeutic efficacy, especially in
patients with poor response to conventional treatment.

ACKNOWLEDGEMENTS
We would like to thank Xiantao Academic for its strong support for this study.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
This work was supported by the National Natural Science Foundation of China (82202649)
and the Zhejiang Provincial Medical and Health Science and Technology Program
(2023KY318). The funders had no role in study design, data collection and analysis,
decision to publish, or preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
National Natural Science Foundation of China: 82202649.
Zhejiang Provincial Medical and Health Science and Technology Program: 2023KY318.

Competing Interests
The authors declare there are no competing interests.

Author Contributions
• Yong Li conceived and designed the experiments, performed the experiments, prepared
figures and/or tables, and approved the final draft.
• Yunxiang Cai analyzed the data, authored or reviewed drafts of the article, and approved
the final draft.

Li et al. (2024), PeerJ, DOI 10.7717/peerj.17746 21/26

https://peerj.com
http://dx.doi.org/10.7717/peerj.17746


• Longfei Ji conceived and designed the experiments, analyzed the data, prepared figures
and/or tables, and approved the final draft.
• Binyu Wang analyzed the data, prepared figures and/or tables, and approved the final
draft.
• Danfei Shi performed the experiments, authored or reviewed drafts of the article, and
approved the final draft.
• Xinmin Li conceived and designed the experiments, authored or reviewed drafts of the
article, and approved the final draft.

Human Ethics
The following information was supplied relating to ethical approvals (i.e., approving body
and any reference numbers):

The research protocol has been approved by theMedical EthicsCommittee of theMedical
Research and Clinical Trial Ethics Committee of Huzhou First People’s Hospital to ensure
that the ethical standards of medical research are met. Ethics Number (2023KYLL014). All
patients participating in the study have completed the emotional consent form and have
given informed consent.

Data Availability
The following information was supplied regarding data availability:

The raw measurements are available in the Supplementary Files. The gene expression
data is available at GEO: GSE1987 and GSE18842.

The TCGA-LUAD data used is available at Zenodo: LI, . yong . (2024). Machine
learning and bioinformatics analysis of diagnostic biomarkers associated with the
occurrence and development of lung adenocarcinoma [Data set]. Zenodo. https:
//doi.org/10.5281/zenodo.12561085.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj.17746#supplemental-information.

REFERENCES
Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, Cherry JM, Davis AP, Dolinski

K, Dwight SS, Eppig JT, Harris MA, Hill DP, Issel-Tarver L, Kasarskis A, Lewis
S, Matese JC, Richardson JE, RingwaldM, Rubin GM, Sherlock G. 2000. Gene
ontology: tool for the unification of biology. The gene ontology consortium. Nature
Genetics 25(1):25–29 DOI 10.1038/75556.

Bacchelli C, Williams HJ. 2016. Opportunities and technical challenges in next-
generation sequencing for diagnosis of rare pediatric diseases. Expert Review of
Molecular Diagnostics 16(10):1073–1082 DOI 10.1080/14737159.2016.1222906.

Barrett T, Wilhite SE, Ledoux P, Evangelista C, Kim IF, TomashevskyM,Marshall KA,
Phillippy KH, Sherman PM, HolkoM, Yefanov A, Lee H, Zhang N, Robertson
CL, Serova N, Davis S, Soboleva A. 2013. NCBI GEO: archive for functional

Li et al. (2024), PeerJ, DOI 10.7717/peerj.17746 22/26

https://peerj.com
http://dx.doi.org/10.7717/peerj.17746#supplemental-information
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE1987
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE18842
https://doi.org/10.5281/zenodo.12561085
https://doi.org/10.5281/zenodo.12561085
http://dx.doi.org/10.7717/peerj.17746#supplemental-information
http://dx.doi.org/10.7717/peerj.17746#supplemental-information
http://dx.doi.org/10.1038/75556
http://dx.doi.org/10.1080/14737159.2016.1222906
http://dx.doi.org/10.7717/peerj.17746


genomics data sets—update. Nucleic Acids Research 41(Database issue):D991–D995
DOI 10.1093/nar/gks1193.

Bindea G, Mlecnik B, Hackl H, Charoentong P, Tosolini M, Kirilovsky A, Fridman
WH, Pagès F, Trajanoski Z, Galon J. 2009. ClueGO: a Cytoscape plug-in to
decipher functionally grouped gene ontology and pathway annotation networks.
Bioinformatics 25(8):1091–1093 DOI 10.1093/bioinformatics/btp101.

CaoW, Chen HD, Yu YW, Li N, ChenWQ. 2021. Changing profiles of cancer burden
worldwide and in China: a secondary analysis of the global cancer statistics 2020.
Chinese Medical Journal (Engl) 134(7):783–791 DOI 10.1097/CM9.0000000000001474.

Chen DL, Cai JH,Wang CCN. 2022. Identification of key prognostic genes of triple
negative breast cancer by LASSO-based machine learning and bioinformatics
analysis. Genes 13(5):902 DOI 10.3390/genes13050902.

Cheung-LeeWL, Link AJ. 2019. Genome mining for lasso peptides: past, present,
and future. Journal of Industrial Microbiology and Biotechnology 46:1371–1379
DOI 10.1007/s10295-019-02197-z.

Chi H, Chen H,Wang R, Zhang J, Jiang L, Zhang S, Jiang C, Huang J, Quan X,
Liu Y, Zhang Q, Yang G. 2023. Proposing new early detection indicators
for pancreatic cancer: combining machine learning and neural networks for
serum miRNA-based diagnostic model. Frontiers in Oncology 13:1244578
DOI 10.3389/fonc.2023.1244578.

Cho A, Hur J, Hong YJ, Lee HJ, Kim YJ, Hong SR, Suh YJ, ImDJ, Kim YJ, Lee
JS, ShimHS, Choi BW. 2016. Prognostic impact of cytological fluid tumor
markers in non-small cell lung cancer. Tumour Biology 37(3):3205–3213
DOI 10.1007/s13277-015-4034-6.

Choi RY, Coyner AS, Kalpathy-Cramer J, ChiangMF, Campbell JP. 2020. Introduction
to machine learning, neural networks, and deep learning. Translational Vision Science
& Technology 9(2):14.

Dennis Jr G, Sherman BT, Hosack DA, Yang J, GaoW, Lane HC, Lempicki RA. 2003.
DAVID: database for annotation, visualization, and integrated discovery. Genome
Biology 4(5):P3 DOI 10.1186/gb-2003-4-5-p3.

Dotta L, Vairo D, Giacomelli M, Moratto D, Tamassia N, VermiW, Lonardi S,
Casanova JL, Bustamante J, Giliani S, Badolato R. 2020. Transient decrease of
circulating and tissular dendritic cells in patients with mycobacterial disease and
with partial dominant IFN γR1 deficiency. Frontiers in Immunology 11:01161
DOI 10.3389/fimmu.2020.01161.

Fernández-DelgadoM, Sirsat MS, Cernadas E, Alawadi S, Barro S, Febrero-BandeM.
2019. An extensive experimental survey of regression methods. Neural Networks
111:11–34 DOI 10.1016/j.neunet.2018.12.010.

Gao Q, Yang L, LuM, Jin R, Ye H, Ma T. 2023. The artificial intelligence and machine
learning in lung cancer immunotherapy. Journal of Hematology & Oncology 16(1):55
DOI 10.1186/s13045-023-01456-y.

Li et al. (2024), PeerJ, DOI 10.7717/peerj.17746 23/26

https://peerj.com
http://dx.doi.org/10.1093/nar/gks1193
http://dx.doi.org/10.1093/bioinformatics/btp101
http://dx.doi.org/10.1097/CM9.0000000000001474
http://dx.doi.org/10.3390/genes13050902
http://dx.doi.org/10.1007/s10295-019-02197-z
http://dx.doi.org/10.3389/fonc.2023.1244578
http://dx.doi.org/10.1007/s13277-015-4034-6
http://dx.doi.org/10.1186/gb-2003-4-5-p3
http://dx.doi.org/10.3389/fimmu.2020.01161
http://dx.doi.org/10.1016/j.neunet.2018.12.010
http://dx.doi.org/10.1186/s13045-023-01456-y
http://dx.doi.org/10.7717/peerj.17746


Greener JG, Kandathil SM, Moffat L, Jones DT. 2022. A guide to machine learning for
biologists. Nature Reviews Molecular Cell Biology 23(1):40–55
DOI 10.1038/s41580-021-00407-0.

Handelman GS, Kok HK, Chandra RV, Razavi AH, Lee MJ, Asadi H. 2018. eDoc-
tor: machine learning and the future of medicine. Journal of Internal Medicine
284(6):603–619 DOI 10.1111/joim.12822.

He S, Xia C, Li H, CaoM, Yang F, Yan X, Zhang S, Teng Y, Li Q, ChenW. 2024. Cancer
profiles in China and comparisons with the USA: a comprehensive analysis in the
incidence, mortality, survival, staging, and attribution to risk factors. Science China
Life Sciences 67(1):122–131 DOI 10.1007/s11427-023-2423-1.

Huang YG, Li D,Wang L, Su XM, Tang XB. 2022. CENPF/CDK1 signaling pathway
enhances the progression of adrenocortical carcinoma by regulating the G2/M-phase
cell cycle. Journal of Translational Medicine 20(1):78 DOI 10.1186/s12967-022-03277-y.

Ishwaran H, Kogalur UB. 2010. Consistency of random survival forests. Statistics &
Probability Letters 80:1056–1064 DOI 10.1016/j.spl.2010.02.020.

Kanehisa M, Furumichi M, TanabeM, Sato Y, Morishima K. 2017. KEGG: new
perspectives on genomes, pathways, diseases and drugs. Nucleic Acids Research
45(D1):D353–D361 DOI 10.1093/nar/gkw1092.

Kawakami R, Hiraide T,Watanabe K, Miyamoto S, Hira K, Komatsu K, Ishigaki H,
Sakaguchi K, MaekawaM, Yamashita K, Fukuda T, Miyairi I, Ogata T, Saitsu H.
2024. RNA sequencing and target long-read sequencing reveal an intronic trans-
poson insertion causing aberrant splicing. Journal of Human Genetics 69(2):91–99
DOI 10.1038/s10038-023-01211-8.

Kunimasa K, Hirotsu Y, Amemiya K, Nagakubo Y, Goto T, Miyashita Y, Kakizaki Y,
Tsutsui T, Otake S, Kobayashi H, Higuchi R, Inomata K, Kumagai T, Mochizuki H,
Nakamura H, Nakatsuka SI, Nishino K, Imamura F, Kumagai T, Oyama T, Omata
M. 2020. Genome analysis of peeling archival cytology samples detects driver muta-
tions in lung cancer. Cancer Medicine 9(13):4501–4511 DOI 10.1002/cam4.3089.

Li C, Dong X, Yuan Q, Xu G, Di Z, Yang Y, Hou J, Zheng L, ChenW,WuG. 2023a.
Identification of novel characteristic biomarkers and immune infiltration profile
for the anaplastic thyroid cancer via machine learning algorithms. Journal of
Endocrinological Investigation 46(8):1633–1650 DOI 10.1007/s40618-023-02022-6.

Li C, Lei S, Ding L, Xu Y,Wu X,Wang H, Zhang Z, Gao T, Zhang Y, Li L. 2023b. Global
burden and trends of lung cancer incidence and mortality. Chinese Medical Journal
(Engl) 136(13):1583–1590 DOI 10.1097/CM9.0000000000002529.

Li X,WangW, Ding X. 2023. Pan-cancer investigation of psoriasis-related BUB1B
gene: genetical alteration and oncogenic immunology. Scientific Reports 13:6058
DOI 10.1038/s41598-023-33174-3.

Lin T, Chen T, Liu J, Tu XM. 2021. Extending the Mann–Whitney-Wilcoxon
rank sum test to survey data for comparing mean ranks. Statistics in Medicine
40(7):1705–1717 DOI 10.1002/sim.8865.

Li et al. (2024), PeerJ, DOI 10.7717/peerj.17746 24/26

https://peerj.com
http://dx.doi.org/10.1038/s41580-021-00407-0
http://dx.doi.org/10.1111/joim.12822
http://dx.doi.org/10.1007/s11427-023-2423-1
http://dx.doi.org/10.1186/s12967-022-03277-y
http://dx.doi.org/10.1016/j.spl.2010.02.020
http://dx.doi.org/10.1093/nar/gkw1092
http://dx.doi.org/10.1038/s10038-023-01211-8
http://dx.doi.org/10.1002/cam4.3089
http://dx.doi.org/10.1007/s40618-023-02022-6
http://dx.doi.org/10.1097/CM9.0000000000002529
http://dx.doi.org/10.1038/s41598-023-33174-3
http://dx.doi.org/10.1002/sim.8865
http://dx.doi.org/10.7717/peerj.17746


Mao Y, Su X, Guo Q, Yao X, Zhao Q, Guo Y,Wang Y, Li X, Lu Y. 2024. Long non-coding
RNA LINC00930 targeting miR-6792-3p/ZBTB16 regulates the proliferation and
EMT of pancreatic cancer. BMC Cancer 24:638 DOI 10.1186/s12885-024-12365-9.

McGeary SE, Lin KS, Shi CY, Pham TM, Bisaria N, Kelley GM, Bartel DP. 2019. The
biochemical basis of microRNA targeting efficacy. Science 366(6472):eaav1741
DOI 10.1126/science.aav1741.

Nguyen TB, Do DN, Nguyen-Thi ML, Hoang-The H, Tran TT, Nguyen-Thanh
T. 2022. Identification of potential crucial genes and key pathways shared
in inflammatory bowel disease and cervical cancer by machine learning and
integrated bioinformatics. Computers in Biology and Medicine 149:105996
DOI 10.1016/j.compbiomed.2022.105996.

Pinto B, Silva JPN, Silva PMA, Barbosa DJ, Sarmento B, Tavares JC, Bousbaa H.
2023.Maximizing anticancer response with MPS1 and CENPE inhibition alongside
apoptosis induction. Pharmaceutics 16(1):56 DOI 10.3390/pharmaceutics16010056.

R Core Team. 2022. R: a language and environment for statistical computing. Version
4.2.1. Vienna: R Foundation for Statistical Computing. Available at https://www.r-
project.org .

Rojas-Rodriguez F, Schmidt MK, Canisius S. 2024. Assessing the validity of driver gene
identification tools for targeted genome sequencing data. Bioinformatics Advances
4(1):vbae073 DOI 10.1093/bioadv/vbae073.

Shu J, Jiang J, Zhao G. 2023. Identification of novel gene signature for lung adenocar-
cinoma by machine learning to predict immunotherapy and prognosis. Frontiers in
Immunology 14:1177847 DOI 10.3389/fimmu.2023.1177847.

Shukuya T, Mori K, Amann JM, Bertino EM, Otterson GA, Shields PG, Morita
S, Carbone DP. 2016. Relationship between overall survival and response or
progression-free survival in advanced non-small cell lung cancer patients treated
with anti-PD-1/PD-L1 antibodies. Journal of Thoracic Oncology 11(11):1927–1939
DOI 10.1016/j.jtho.2016.07.017.

Song Y,Wang Z, He L, Sun F, Zhang B,Wang F. 2022. Dysregulation of Pseudogenes/lncRNA-
Hsa-miR-1-3p-PAICS pathway promotes the development of NSCLC. Journal of
Oncology 2022:4714931.

Steen CB, Liu CL, Alizadeh AA, Newman AM. 2020. Profiling cell type abundance
and expression in bulk tissues with CIBERSORTx.Methods in Molecular Biology
2117:135–157 DOI 10.1007/978-1-0716-0301-7_7.

Tai AMY, Albuquerque A, Carmona NE, Subramanieapillai M, Cha DS, ShekoM, Lee
Y, Mansur R, McIntyre RS. 2019.Machine learning and big data: implications for
disease modeling and therapeutic discovery in psychiatry. Artificial Intelligence in
Medicine 99:101704 DOI 10.1016/j.artmed.2019.101704.

Uddin S, Khan A, HossainME, Moni MA. 2019. Comparing different supervised
machine learning algorithms for disease prediction. BMCMedical Informatics and
Decision Making 19:281 DOI 10.1186/s12911-019-1004-8.

Wang DW, Su F, Yang LJ, Shi LW, Yang TC,Wang HQ, Li XF, FengMH. 2022a.
Bioinformatics analysis and identification of potential genes associated with

Li et al. (2024), PeerJ, DOI 10.7717/peerj.17746 25/26

https://peerj.com
http://dx.doi.org/10.1186/s12885-024-12365-9
http://dx.doi.org/10.1126/science.aav1741
http://dx.doi.org/10.1016/j.compbiomed.2022.105996
http://dx.doi.org/10.3390/pharmaceutics16010056
https://www.r-project.org
https://www.r-project.org
http://dx.doi.org/10.1093/bioadv/vbae073
http://dx.doi.org/10.3389/fimmu.2023.1177847
http://dx.doi.org/10.1016/j.jtho.2016.07.017
http://dx.doi.org/10.1007/978-1-0716-0301-7_7
http://dx.doi.org/10.1016/j.artmed.2019.101704
http://dx.doi.org/10.1186/s12911-019-1004-8
http://dx.doi.org/10.7717/peerj.17746


pathogenesis and prognosis of gastric cancer. Current Medical Science 42(2):357–372
DOI 10.1007/s11596-022-2515-6.

Wang H, Yang F, Luo Z. 2016. An experimental study of the intrinsic stability
of random forest variable importance measures. BMC Bioinformatics 17:60
DOI 10.1186/s12859-016-0900-5.

Wang S,Wang R, Hu D, Zhang C, Cao P, Huang J. 2024.Machine learning reveals
diverse cell death patterns in lung adenocarcinoma prognosis and therapy. NPJ
Precision Oncology 8(1):49 DOI 10.1038/s41698-024-00538-5.

WangW, Zhang J, Wang Y, Xu Y, Zhang S. 2022b. Identifies microtubule-binding
protein CSPP1 as a novel cancer biomarker associated with ferroptosis and tu-
mor microenvironment. Computational and Structural Biotechnology Journal
20:3322–3335 DOI 10.1016/j.csbj.2022.06.046.

Wei Q, Jiang X, Miao X, Zhang Y, Chen F, Zhang P. 2023.Molecular subtypes of lung
adenocarcinoma patients for prognosis and therapeutic response prediction with
machine learning on 13 programmed cell death patterns. Journal of Cancer Research
and Clinical Oncology 149(13):11351–11368 DOI 10.1007/s00432-023-05000-w.

WuD, Zhang P, Ma J, Xu J, Yang L, XuW, Que H, ChenM, XuH. 2019. Serum
biomarker panels for the diagnosis of gastric cancer. Cancer Medicine 8(4):1576–1583
DOI 10.1002/cam4.2055.

Yu G,Wang LG, Han Y, He QY. 2012. clusterProfiler: an R package for comparing bio-
logical themes among gene clusters. OMICS 16(5):284–287 DOI 10.1089/omi.2011.0118.

Yu T, Zhang C, SongW, Zhao X, Cheng Y, Liu J, Su J. 2024. Single-cell RNA-seq and
single-cell bisulfite-sequencing reveal insights into yak preimplantation embryogene-
sis. Journal of Biological Chemistry 300(1):105562 DOI 10.1016/j.jbc.2023.105562.

Zheng L, Qi YX, Liu S, Shi ML, YangWP. 2016.miR-129b suppresses cell proliferation
in the human lung cancer cell lines A549 and H1299. Genetics and Molecular Research
15(4):gmr15048367 DOI 10.4238/gmr15048367.

Li et al. (2024), PeerJ, DOI 10.7717/peerj.17746 26/26

https://peerj.com
http://dx.doi.org/10.1007/s11596-022-2515-6
http://dx.doi.org/10.1186/s12859-016-0900-5
http://dx.doi.org/10.1038/s41698-024-00538-5
http://dx.doi.org/10.1016/j.csbj.2022.06.046
http://dx.doi.org/10.1007/s00432-023-05000-w
http://dx.doi.org/10.1002/cam4.2055
http://dx.doi.org/10.1089/omi.2011.0118
http://dx.doi.org/10.1016/j.jbc.2023.105562
http://dx.doi.org/10.4238/gmr15048367
http://dx.doi.org/10.7717/peerj.17746

