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Abstract

Lung adenocarcinoma (LUAD) could demonstrate distinct molecular alterations that appear to
depend on the significant smoking status, though the critical transcriptomic differences might
provide valuable opportunities for identifying new biomarkers. Moreover, lung cancer may
account for 2.21 million cancer cases each year and appears to show the top cause of cancer-
related deaths worldwide. Thus, tobacco smoking might indicate the biggest risk factor for lung
cancer. However, cases also happen in non-smokers, especially women. Given that molecular
processes separate lung adenocarcinomas in smokers from those in non-smokers, these mech-
anisms are not well understood. Comparative transcriptomic and bioinformatics analyses can
systematically identify changes in gene expression and pathways that smoking disrupts. Nev-
ertheless, identifying genes and signaling pathways that smoking affects may help understand
disease progress and find treatment targets. Additionally, combining gene expression data with
protein—protein interaction (PPI) networks and drug—target mapping can reveal chances for
re-purposing drugs for targeted lung cancer treatment. Notwithstanding previous approaches,
the study involves identifying differentially expressed genes (DEGs) between smoker and non-
smoker lung adenocarcinoma samples using GEO2R. Moreover, the analysis might construct a
protein—protein interaction (PPI) network and identify hub genes using STRING. Furthermore,
pathway and functional enrichment analysis uses Enrichr. Thus, findings may give insight
into molecular targets and repurpose a drug candidate, supporting development of diagnostic
biomarkers and targeted therapies. However, bioinformatics integrative analysis might provide
insights into smoking-associated molecular mechanisms in LUAD and adds to advancement of

precision medicine strategies in lung cancer treatment.
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1 Introduction

Lung cancer may indicate one of the most significant causes of the important cancer-related
morbidity and the substantial mortality worldwide. Moreover, among the various types, non-
small cell lung cancer (NSCLC) could account for approximately 85 percent of all cases. Fur-
thermore, NSCLC itself might encompass diverse histological subtypes, with adenocarcinoma
and squamous cell carcinoma being predominant forms. However, Adenocarcinoma (LUAD)
appears to become the most commonly diagnosed subtype, especially among non-smokers.
Given that smoking history shows relevant patterns, squamous cell carcinoma (LUSC) tradi-
tionally correlates more with smoking history. Thus, clinical management and outcomes for
NSCLC may hinge on early diagnosis and precise prognostication, as advanced-stage diagno-
sis typically portends poor survival despite advances in therapeutic options. These challenges
create an urgent need for effective biomarkers that can help with early detection, subtype dif-
ferentiation, and prognosis. Identifying molecular signatures linked to tumor behavior, patient
survival, and treatment response could change how we provide care. Additionally, understand-
ing the molecular landscape of lung cancer helps in sorting patients for targeted therapies, im-
munotherapy, and personalized medicine, which are now seen as standard in oncology practice.
Therefore, detailed molecular profiling studies, especially those using high-throughput tech-
nologies, are essential for discovering new targets and clarifying the mechanisms that cause
lung cancers [1], [2], [3]. Microarray technology has transformed genomic research in can-
cer by enabling the simultaneous evaluation of gene expression levels for thousands of genes
in both tumor and normal samples. This technology utilizes hybridization principles to iden-
tify messenger RNA transcripts in samples, allowing researchers to pinpoint genes that are
differentially expressed (DEGs), which reflect tumor biology or responses to treatment. Pub-
lic databases such as the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas
(TCGA) have compiled a vast collection of datasets related to lung cancer, containing raw gene
expression data obtained from bulk tissue microarrays and RNA sequencing. These publicly
available datasets offer extensive, accessible resources for integrative analyses and validation
studies, which are essential for generating hypotheses and facilitating clinical applications. To
effectively analyze microarray data, various bioinformatics tools have been created. GEO2R
enables swift identification of differentially expressed genes (DEGs) by comparing experimen-
tal groups directly. For more advanced analyses, resources like STRING assist in constructing
protein-protein interaction networks. Together, these platforms allow for an in-depth under-
standing of complex gene expression profiles, helping to identify key molecular drivers of lung

cancer [4], [5].Differential gene expression analysis was used to determine whether lung cancer
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was upregulated or downregulated in both publicly available datasets and personal data.

2 Methodology

2.1 Data Acquisition

The first step in finding genomic changes in lung cancer is to carefully preprocess microar-
ray data. This includes quality control, background correction, and normalization to cut down
on noise and systematic variation. Analytical techniques like GEO2R facilitate differential ex-
pression analysis by contrasting tumor and normal tissue samples, utilizing moderated t-tests to
determine statistical significance among genes. The Gene Expression Omnibus database pro-
vided the publicly available dataset GSE19804, which is part of transcriptomics. The GEO2R
web tool was used to analyze this dataset. We used the define feature to label the samples in
the dataset, and we checked the grouping before looking at the data. The Affymetrix microar-
ray platform made the GSE19804 dataset, which has expression data from human lung tissue
samples. The dataset mainly contains two different biological states: normal lung tissue and
lung cancer tissue. The samples were prepared in a controlled laboratory environment to mini-
mize technological discrepancies and facilitate effective data comparison between both states.
Including both cancerous and non-cancerous samples in the same dataset makes it possible to

find genes that have altered expression patterns linked to the development of lung cancer.

2.2 Differential Gene Expression Analysis Using GEO2R

We used GEO2R, an online tool from the GEO database, to do a differential gene expression
analysis. GEO2R uses the limma package from the R/Bioconductor project. This package is
very popular for looking at microarray gene expression data. After getting to the GSE19804
dataset, the user chose the option ”Analyze with GEO2R.” The GEO2R interface showed all
of the samples, and they were manually sorted into two groups based on their biological con-
dition:

Group 1: Samples that are normal

Group 2: Samples of lung cancer

Since GEO2R compares gene expression levels between specified biological conditions to find

statistically significant differences, correctly grouping samples is an essential step.
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2.3 Identification of Differentially Expressed Genes (DEGs)

Based on statistical significance, genes with differential expression were found. Genes that
had an adjusted p-value of less than 0.05 were chosen as DEGs because they were deemed
statistically significant. This cutoff is frequently employed in microarray research to guarantee
accurate identification of genes with significant expression variations. For later protein interac-
tion and functional enrichment analyses, the entire list of DEGs was downloaded from GEO2R.
Differences between up-regulated and down-regulated genes are also displayed in [Fig. 1], [Fig.
2].

2.4 Protein—-Protein Interaction (PPI) Network Construction
2.4.1 STRING Database

The STRING (Search Tool for the Retrieval of Interacting Genes/Proteins) database was used
to analyze protein—protein interactions. STRING combines known and anticipated protein in-
teractions from text mining, curated databases, computational prediction techniques, and ex-

perimental data.

2.4.2 Network Construction

The ”Multiple proteins” option was used to upload the identified DEGs to STRING, with Homo
sapiens selected as the organism. STRING created an interaction network by mapping the gene
symbols to the corresponding proteins. Proteins are represented by nodes in the PPI network,
and functional or physical interactions between proteins are represented by edges.[Fig. 3]
Confidence scores were used to guarantee the dependability of interactions while the network

was displayed in network view.[6] text mining and databases.
2.5 Functional Enrichment Analysis

2.5.1 Gene Ontology (GO) Analysis

Gene Ontology enrichment analysis was performed using STRING to understand the biolog-
ical significance of the DEGs. GO analysis groups gene functions into three main categories:
Biological Process, Molecular Function, and Cellular Component. Significant GO terms were
identified with an FDR value below 0.05. These pathways together play a role in tumor pro-
gression, metastasis, and immune regulation, highlighting their importance for therapy.
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2.5.2 KEGG Pathway Analysis

KEGG (Kyoto Encyclopedia of Genes and Genomes) pathway analysis identified biological
pathways that are significantly enriched in the DEG list. KEGG pathways offer insight into the

molecular interactions and signaling processes involved in lung cancer development. [Fig.6],

[9]

3 Results

3.1 Differentially Expressed Genes

Results obtained through differential expression analysis indicated a number of genes that have
significant expression differences between lung cancer and normal lung tissue samples. Genes
that had significant expression differences were selected based on the criterion that the adjusted
p-value is less than 0.05. Genes that had significant expression differences included both down-

regulated and up-regulated genes.
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3.2 Protein—Protein Interaction Network Analysis

The PPI network obtained from the STRING tool showed intricate interactions among the iden-
tified DEGs. Many proteins showed highly interconnected clusters on the network map, point-
ing towards regulated biological processes related to cancer. Highly interconnected proteins

can be hub genes acting as potential players in the development of lung cancer.
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Biological Process (Gene Ontology) enrichment
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Figure 3: Network

3.3 Gene Ontology (GO) Enrichment Results
3.3.1 Biological Process

Analysis of the GO Biological Process indicated that the significant term was cell cycle reg-
ulation. Other significant biological processes were cell proliferation, apoptosis, and signal
transduction. Cell cycle regulation is related to the development of cancer. Cell proliferation

and apoptosis can be considered mechanisms engaged by the cell to control cell proliferation.

3.3.2 Molecular Function

The Gene Ontology Molecular Function analysis showed an enrichment for protein binding,
ATP binding, and enzymatic activity. These functional categories imply different or altered

molecular interactions and enzymatic processes in lung cancer cells.

3.3.3 Cellular Component

By performing the GO Cellular Component analysis, it was revealed that a significant portion

of these DEGs were functioning in either the nucleus, cytoplasm, or plasma membrane.

Figure 4: Biological pathway
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Biological Process (Gene Ontology) enrichment

Figure 5: Gene ontology

3.4 KEGG Pathway Enrichment Results

KEGG pathway analysis demonstrated that several cancer-related pathways, including the path-
ways in cancer, PI3K-Akt signaling pathway, MAPK signaling pathway, and cell cycle pathway
were significantly enriched among the DEGs. These pathways regulate cell survival, prolifera-

tion, and apoptosis.

.............

Figure 6: Transduction

4 Discussion

Three methods: differential expression analysis, protein-protein interaction network recon-
struction, and functional enrichment analysis, are combined to provide insights into molecular
mechanisms of lung cancer. Cancer-related biological processes/pathways enrichment in lung
cancer can lead to understanding the significance of improper gene expression in lung cancer

development.
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Conclusion

In conclusion, the analysis of differential gene expression using public microarray resources

is a task of inestimable value to the end-goal of finding the molecular basis of lung cancer.

Ranging from the identification of core DEGs, pivotal biological pathways, to the creation of

PPI networks and survival-prediction gene sets, the above analyses, among others, all bring

together our comprehension of the pathogenesis of lung cancer, as it relates to precision ap-

proaches, including precision medicine initiatives
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