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Abstract 

Background: Acquired resistance to epidermal growth factor receptor tyrosine kinase in-
hibitors (EGFR-TKIs) remains a major challenge in the treatment of EGFR-mutant lung 
adenocarcinoma. Identifying biomarkers associated with resistance may improve under-
standing of the underlying molecular mechanisms. Objective: This study aimed to iden-
tify candidate biomarkers associated with EGFR-TKI resistance using integrated bioinfor-
matics analysis and RT-qPCR validation. Methods: Two Gene Expression Omnibus 
(GEO) datasets (GSE123066 and GSE178755) were analysed to identify differentially ex-
pressed genes (DEGs). Overlapping DEGs were subjected to protein–protein interaction 
(PPI) network construction, Gene Ontology (GO), KEGG pathway enrichment, and 
Kaplan–Meier survival analyses. Selected candidate genes were subsequently validated 
by RT-qPCR in an independent clinical cohort. Results: A total of 76 overlapping DEGs 
were identified, including 52 upregulated genes enriched in cell proliferation, hypoxia 
response, EGFR signalling, and metabolic processes. KEGG analysis identified the PI3K–
Akt signalling pathway as significantly enriched. Kaplan–Meier analysis showed that 
higher expression of TGFA, DDIT4, and SOX9 was associated with shorter progression-
free survival. RT-qPCR validation demonstrated significantly increased SOX9 expression 
in the resistant group, whereas TGFA and DDIT4 showed no statistically significant dif-
ferences. Conclusions: Integrated bioinformatics analysis identified TGFA, DDIT4, and 
SOX9 as candidate genes associated with EGFR-TKI resistance in EGFR-mutant lung ad-
enocarcinoma. These findings provide a basis for further investigation of resistance-asso-
ciated biomarkers, although larger independent cohorts and functional studies are re-
quired before clinical application. 
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1. Introduction 
Lung cancer is the second most common cancer in Indonesia, following breast cancer, 

yet it remains the leading cause of cancer-related mortality nationwide [1]. The five-year 
survival rate is markedly low at approximately 22%, underscoring its poor prognosis [2]. 
Non-small cell lung cancer (NSCLC) accounts for 80–85% of cases, with adenocarcinoma 
representing the predominant histological subtype [3]. In Indonesia, adenocarcinoma ac-
counts for more than 70% of NSCLC cases, emphasizing its major clinical burden [4]. 

The discovery of activating mutations in the epidermal growth factor receptor (EGFR) 
has transformed the therapeutic landscape of advanced lung adenocarcinoma. Since the 
early 2000s, EGFR mutations have become a key molecular target due to their association 
with improved clinical outcomes when treated with EGFR tyrosine kinase inhibitors 
(EGFR-TKIs), compared with conventional platinum-based chemotherapy [5]. EGFR mu-
tations occur in approximately 14–32% of lung cancer cases globally, with higher preva-
lence in East Asian populations [6]. Notably, Indonesian data report mutation frequencies 
reaching up to 44% among newly diagnosed NSCLC patients, underscoring the clinical 
relevance of EGFR-targeted therapy in this population [7]. 

Activating EGFR mutations promote persistent downstream signalling through 
pathways involved in cellular proliferation, survival, angiogenesis, migration, and inhi-
bition of apoptosis [8]. EGFR-TKIs effectively block this aberrant signalling, resulting in 
higher response rates and a median progression-free survival (PFS) of approximately 10–
12 months [9]. However, therapeutic resistance remains a major clinical challenge. Both 
primary resistance (failure to respond from treatment initiation) and acquired resistance 
(disease progression after an initial response) significantly limit the durability of EGFR-
TKI efficacy [10]. Primary resistance alone occurs in approximately 20% of patients and 
contributes substantially to early treatment failure, highlighting the need for predictive 
biomarkers capable of identifying high-risk individuals before therapy initiation [11]. 

Despite considerable advances in understanding the molecular mechanisms under-
lying EGFR-TKI resistance, clinically reliable biomarkers that can accurately predict re-
sistance and disease progression before treatment failure remain lacking. Numerous re-
sistance-associated genes and signalling pathways have been reported; however, few 
have demonstrated sufficient reproducibility and biological relevance for clinical applica-
tion. Transcriptomic analysis of differentially expressed genes (DEGs) provides a system-
atic approach to identifying genes and molecular pathways that are consistently associ-
ated with therapeutic resistance and tumour progression. Integrating DEG analysis with 
protein–protein interaction networks, functional enrichment, and survival analyses may 
facilitate the identification of biologically meaningful candidate biomarkers involved in 
resistance-related signalling pathways. 

Therefore, the present study aimed to identify DEGs associated with EGFR-TKI re-
sistance in EGFR-mutant lung adenocarcinoma through integrated bioinformatic analyses 
of publicly available transcriptomic datasets. Protein–protein interaction analysis, Gene 
Ontology enrichment, KEGG pathway mapping, Kaplan–Meier survival analysis, and ex-
perimental RT-qPCR validation were subsequently performed to prioritize and validate 
candidate biomarkers with potential associations with resistance mechanisms and disease 
progression. 

2. Materials and Methods 
2.1. Study Design and Data Collection 

This study employed an analytical observational approach with a cross-sectional de-
sign, integrating bioinformatics and laboratory-based validation. The study commenced 
after obtaining ethical approval in February 2025. The research was conducted in four 
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sequential phases. First, an in silico bioinformatics analysis was performed at the Bioin-
formatics Laboratory, Department of Medical Chemistry, Faculty of Medicine, Universitas 
Indonesia. Publicly available transcriptomic datasets were analysed to identify differen-
tially expressed genes (DEGs) associated with lung adenocarcinoma and treatment re-
sponse. Upon completion of the bioinformatics analysis, formalin-fixed paraffin-embed-
ded (FFPE) tissue specimens were collected from the archives of the Department of Ana-
tomical Pathology at Dharmais Cancer Hospital, Jakarta, Indonesia. The archived speci-
mens were obtained from patients with histologically confirmed lung adenocarcinoma. 
Next, experimental validation was conducted by measuring the relative expression levels 
of the selected DEGs using quantitative reverse transcription polymerase chain reaction 
(RT-qPCR). Patients included in the validation cohort were diagnosed with EGFR-mutant 
lung adenocarcinoma and had received EGFR tyrosine kinase inhibitor (EGFR-TKI) ther-
apy. The validation cohort comprised EGFR-TKI-sensitive and EGFR-TKI-resistant pa-
tients in a 1:2 ratio. Because this study was designed as a pilot validation of candidate 
biomarkers identified through bioinformatics analyses, a small independent cohort (3 sen-
sitive and 6 resistant cases) was used for validation. The EGFR-TKI-sensitive group con-
sisted of patients who remained progression-free during EGFR-TKI treatment, whereas 
the EGFR-TKI-resistant group included patients who developed progressive disease ac-
cording to the Response Evaluation Criteria in Solid Tumors (RECIST) following EGFR-
TKI therapy. Patients who had received systemic anticancer treatments other than EGFR-
TKIs before disease progression were excluded to minimize potential confounding effects 
on gene expression. Finally, the RT-qPCR results were integrated with the bioinformatics 
findings, followed by statistical analysis and interpretation of the data to evaluate the as-
sociation between gene expression and lung adenocarcinoma. 

2.2. Identification and Analysis of Differentially Expressed Genes (DEGs) 

Transcriptomic datasets were retrieved from the Gene Expression Omnibus (GEO) 
database using the following search string: “EGFR-mutant lung adenocarcinoma ge-
fitinib/erlotinib/afatinib”. Two datasets were included in this study. GSE123066 is a mi-
croarray dataset generated from the EGFR-mutant NSCLC HCC4006 cell line, comprising 
three parental gefitinib-sensitive and three acquired gefitinib-resistant samples. Although 
the original dataset contains nine samples, three samples treated with the TGF-β receptor 
inhibitor SB431542 were excluded to ensure a direct comparison between sensitive and 
resistant phenotypes. GSE178755 is an RNA-sequencing dataset generated from the 
EGFR-mutant NSCLC HCC827 cell line, consisting of three DMSO-treated controls and 
three erlotinib-treated samples. This dataset was included to investigate transcriptomic 
changes induced by EGFR-TKI exposure but does not represent an acquired resistance 
model. Detailed characteristics of the datasets, including sample size, experimental plat-
form, and treatment conditions, are summarized in Table 1. 

Raw expression data were analysed using the GEO2R web-based platform 
(http://www.ncbi.nlm.nih.gov/geo/geo2r, accessed on 16 March 2026 ). GEO2R utilizes the 
R-based limma package (version 3.64.0) to compare gene expression between control and 
treatment groups. The limma background Correct function was used to remove non-spe-
cific signals. Statistical thresholds were defined as an adjusted p-value ( padj) < 0.05 and 
an absolute log2 fold change (|log2FC|) ≥ 1. A volcano plot was generated to visualize the 
distribution of significantly upregulated and downregulated genes. To identify genes con-
sistently dysregulated across datasets, an intersection analysis was conducted using a 
Venn diagram. Venny 2.1.0 (https://bioinfogp.cnb.csic.es/tools/venny/, accessed on 16 
March 2026) was utilized to visualize overlapping gene sets and to identify candidate bi-
omarkers potentially associated with disease progression. The identified overlapping 
DEGs were subsequently selected for downstream analyses. 
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Table 1. Characteristics of GEO datasets included in this study. 

GEO Dataset Platform Sample Type EGFR-TKI-Sen-
sitive (n) 

EGFR-TKI-Re-
sistant/Compari-

son (n) 
Total (n) 

GSE123066 

Microarray (Illumina 
HumanHT-12 V4.0 Ex-

pression BeadChip, 
GPL10904) 

Human EGFR-mutant 
NSCLC HCC4006 cell line 
(parental vs. gefitinib-re-

sistant) 

3 3 6 * 

GSE178755 
RNA-seq (Illumina No-
vaSeq 6000, GPL24676) 

Human EGFR-mutant 
NSCLC HCC827 cell line 
(DMSO-treated vs. erlo-

tinib-treated) 

3 3 † 6 

Abbreviations: NSCLC, non-small cell lung cancer; EGFR-TKI, epidermal growth factor receptor 
tyrosine kinase inhibitor. Notes: * GSE123066 contains nine samples in GEO, including three ge-
fitinib-resistant cells treated with the TGF-β receptor inhibitor SB431542. Only the parental 
HCC4006 cells (n = 3) and gefitinib-resistant HCC4006 cells (n = 3) were included in this study to 
compare EGFR-TKI-sensitive and EGFR-TKI-resistant phenotypes. † GSE178755 does not represent 
an acquired EGFR-TKI-resistant model. The comparison consists of untreated (DMSO) HCC827 
cells and HCC827 cells exposed to erlotinib for 24 h, reflecting the acute transcriptional response to 
EGFR inhibition rather than acquired resistance. 

2.3. PPI Network Construction and Functional Enrichment Analysis 

The list of overlapping differentially expressed genes (DEGs) identified from 
GSE123066 and GSE178755 following GEO2R analysis (p < 0.05 and |log2FC| ≥ 1) was 
uploaded to the STRING database (version 12.0) [12] to construct the protein–protein in-
teraction (PPI) network. A minimum required interaction confidence score of 0.400 (me-
dium confidence) was applied. The PPI network generated by STRING was subsequently 
interpreted in conjunction with Gene Ontology (GO) enrichment and Kyoto Encyclopedia 
of Genes and Genomes (KEGG) pathway analyses to identify biologically relevant signal-
ling pathways associated with EGFR-TKI resistance. Functional enrichment analysis was 
subsequently performed, and the PI3K–Akt signalling pathway was selected under the 
“Functional Enrichment Visualization” option to highlight genes associated with this 
pathway. In the resulting network, highlighted (red) nodes represent genes annotated to 
the PI3K–Akt signalling pathway and do not indicate the direction or magnitude of dif-
ferential gene expression. No formal hub-gene analysis based on network topology met-
rics (e.g., degree centrality or maximal clique centrality) was performed. 

Gene Ontology (GO) enrichment analysis was performed using the Enrichr platform 
[13,14], whereas KEGG pathway enrichment analysis was conducted using ShinyGO ver-
sion 0.82 [15] with the Kyoto Encyclopedia of Genes and Genomes (KEGG) database [16] 
as the reference. Genes significantly enriched in the PI3K–Akt signalling pathway were 
subsequently mapped onto the canonical KEGG pathway using KEGG Mapper [17] and 
the Pathview R/Bioconductor package (version 1.44.0) [18] to determine their functional 
positions within the signalling cascade. Based on their reported biological functions and 
pathway locations, genes were classified into five functional categories: (1) receptor acti-
vation, (2) signal transduction, (3) transcription and cell cycle regulation, (4) metabolism 
and stress response, and (5) cell survival and anti-apoptotic processes. This functional cat-
egorization was developed by the authors to facilitate biological interpretation of the iden-
tified DEGs and to identify candidate genes potentially involved in bypass signalling as-
sociated with EGFR-TKI resistance. Functional annotation and pathway integration were 
performed manually using Microsoft Excel. 
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2.4. Kaplan–Meier Survival Analysis 

The prognostic significance of the prioritized differentially expressed genes (DEGs) 
was evaluated using the Kaplan–Meier Plotter web server (https://kmplot.com/analysis/, 
accessed on 14 July 2026 ), an online survival analysis platform integrating gene expres-
sion and clinical data from publicly available cancer datasets [19]. Survival analysis was 
performed in patients with adenocarcinoma. Patients were stratified into high- and low-
expression groups using the median gene expression value as the default cutoff. Kaplan–
Meier survival curves were generated automatically by the platform, and differences be-
tween groups were evaluated using the log-rank test. Hazard ratios (HRs) with 95% con-
fidence intervals (CIs) were calculated by the Kaplan–Meier Plotter platform, and a two-
sided p-value < 0.05 was considered statistically significant [12]. 

2.5. RNA Isolation and Quality Assessment 

Total RNA was extracted from FFPE tumour tissue of lung adenocarcinoma patients 
using the Fastpure cell/tissue total RNA extraction (Nanjing Vazyme Biotech Co., Ltd., 
Nanjing, China) according to the manufacturer’s protocol. RNA purity was assessed using 
the A260/A280 ratio via NanoDrop™ spectrophotometry (Thermo Fisher Scientific, Wal-
tham, MA, USA). RNA concentration was quantified using a Quantus™ Fluorometer 
(Promega Corporation, Madison, WI, USA) in combination with the QuantiFluor® RNA 
System (Promega Corporation, Madison, WI, USA). Extracted RNA was aliquoted to min-
imize repeated freeze–thaw cycles and stored at −80 °C until further use. The isolated RNA 
served as the template for downstream RT-qPCR validation experiments. RNA purity 
(A260/A280) and concentration are summarized in Supplementary Table S1, with purity 
values ranging from 1.46 to 2.20 and concentrations from 11.84 to 33.92 ng/µL, indicating 
that the RNA quality was adequate for downstream qRT-PCR analysis. 

2.6. Validation of DEG Biomarkers by qRT-PCR 

Sequences of TGFA, DDIT4, and SOX9 gene primers as DEG biomarkers were down-
loaded from NCBI. The primer used for amplification was designed using Primer-BLAST 
[20]. Primer specificity was evaluated using the Integrated DNA Technologies (IDT) Oli-
goAnalyzer tool to meet standard qRT-PCR requirements, including optimal primer 
length, melting temperature (Tm), GC content, amplicon size, and absence of secondary 
structures, and in silico PCR was performed using the UCSC In Silico PCR platform [21] 
to verify the expected amplification products, and the most suitable primer pairs were 
selected for each target gene [22–24]. The results of the primary sequence design and the 
results of the primary annealing temperature optimization of the gene were successfully 
obtained, as seen in Table 2. 

Table 2. Designed primers for biomarkers. 

Primer 
Name 

Primer Sequences 
Forward Reverse 

SOX9 AGGAAGCTCGCGGACCAGTAC GGTGGTCCTTCTTGTGCTGCAC 
TGFA GGTCCGAAAACACTGTGAGTGG CAAACTCCTCCTCTGGGCTCTT 
DDIT4 GTTTGACCGCTCCACGAGCCT GCACACAAGTGTTCATCCTCAGG 

Gene expression levels were quantified by real-time quantitative PCR (RT-qPCR). 
Relative gene expression was calculated using the comparative Ct (2−ΔΔCt) method de-
scribed by Livak and Schmittgen (2001) [25], with ACTB serving as the endogenous refer-
ence gene. Complementary DNA (cDNA) synthesis was performed using the Vazyme 
HiScript III RT SuperMix for qPCR (+gDNA Wiper) (Vazyme Biotech Co., Ltd., Nanjing, 
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China) to remove genomic DNA contamination prior to reverse transcription. Quantita-
tive PCR amplification was carried out under the following thermal cycling conditions: 
initial denaturation at 95 °C for 15 min; 38 amplification cycles consisting of denaturation 
at 95 °C for 50 s, annealing at 59 °C for 50 s, and extension at 72 °C for 50 s; followed by a 
final extension at 72 °C for 10 min. The reaction mixture (total volume 20 µL) consisted of 
1 µL cDNA (15 ng/µL), 10 µL of 2× Vazyme SYBR Green PCR Master Mix (Vazyme Biotech 
Co., Ltd., Nanjing, China), 0.8 µL each of forward and reverse primers (100 µM), and nu-
clease-free water to volume. All reactions were performed in duplicate to ensure repro-
ducibility. Differences in relative gene expression between EGFR-TKI-sensitive and 
EGFR-TKI-resistant groups were evaluated using an independent-sample t-test. Statistical 
significance was defined as a two-sided p-value < 0.05. 

2.7. Statistical Analysis 

Statistical analyses were performed according to the requirements of each analytical 
platform. Differential gene expression analysis of the GEO datasets was conducted using 
the GEO2R web tool, which is based on the limma package in R (version 3.64.0). Genes 
were considered differentially expressed if they met the predefined criteria of an adjusted 
p < 0.05 and an absolute log2 fold change (|log2FC|) ≥ 1. Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were per-
formed using the Enrichr and ShinyGO platforms, respectively. Enriched terms with an 
adjusted p < 0.05 were considered statistically significant. 

Survival analysis was performed using the Kaplan–Meier Plotter database. Patients 
were stratified into high- and low-expression groups according to the optimal expression 
cutoff determined by the platform. Progression-free survival (PFS) was compared using 
the log-rank test, and hazard ratios (HRs) with 95% confidence intervals (CIs) were ob-
tained directly from the Kaplan–Meier Plotter output. 

For RT-qPCR validation, relative gene expression levels were calculated using the 
comparative Ct (2−ΔΔCt) method with GAPDH as the internal reference gene. The normality 
of the data distribution was assessed using the Shapiro–Wilk test. Normally distributed 
data were compared using an unpaired Student’s t-test, whereas non-normally distrib-
uted data were analysed using the Mann–Whitney U test. Data are presented as mean ± 
standard deviation (SD). All statistical tests were two-sided, and a p-value < 0.05 was con-
sidered statistically significant. Statistical analyses of the RT-qPCR data were performed 
using Microsoft Excel. 

3. Results 
3.1. Differentially Expressed Genes (DEGs) Biomarker Analysis 

Gene expression profiles were obtained from the GSE123066 and GSE178755 datasets. 
The discovery and validation phases of this study were conducted using independent co-
horts, which is a common strategy in biomarker discovery studies. Candidate genes were 
initially identified through integrated analysis of publicly available transcriptomic da-
tasets and subsequently validated by RT-qPCR in an independent cohort of patients with 
EGFR-mutant lung adenocarcinoma. Furthermore, the discovery datasets were derived 
from NSCLC cell lines, whereas the validation cohort comprised FFPE tumour tissue spec-
imens from patients. Although these sample types differ in their biological complexity, 
both are tumour-derived and reflect molecular alterations associated with EGFR-TKI re-
sponse. Cell-line models provide a controlled system for identifying resistance-associated 
genes, while validation in clinical FFPE tumour tissues enhances the translational rele-
vance of the findings. Nevertheless, these differences represent a limitation of the present 
study and should be considered when interpreting the findings. Future validation in 
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larger, prospectively collected cohorts using standardized sample types will be necessary 
to confirm the clinical utility of the proposed biomarker panel. 

Differential expression analysis was performed using the GEO2R web-based plat-
form to identify significantly differentially expressed genes (DEGs) in lung adenocarci-
noma based on predefined threshold criteria. In the GSE123066 dataset, a total of 479 genes 
were identified as significantly upregulated and 326 genes as significantly downregulated. 
In the GSE178755 dataset, 2512 upregulated genes and 2726 downregulated genes were 
detected (Table 3). The distribution and magnitude of these differentially expressed genes 
in each dataset are visualized in Figure 1A. 

Table 3. Summary of differentially expressed genes (DEGs) identified using GEO2R (limma) with 
selection criteria of p < 0.05 and ∣log2FC∣ ≥ 1. 

GEO Dataset Platform Sample Type Sample 
Size (n) 

Total Gene Upregulated 
DEGs 

Downregulated 
DEGs 

Total 
DEGs 

GSE123066 Microarray NSCLC cell 
line 

6 25,906 479 326 805 

GSE178755 RNA-seq NSCLC cell 
line 

6 17,043 2512 2726 5238 

Abbreviations: DEG, differentially expressed gene; EGFR-TKI, epidermal growth factor receptor ty-
rosine kinase inhibitor. Selection criteria: Differential expression analysis was performed using the 
GEO2R platform based on the limma package. Genes were considered differentially expressed if 
they satisfied both the statistical significance criterion (p < 0.05) and the fold-change threshold 
(|log2FC| ≥ 1). 

(A) 

 
(B) 

  

Figure 1. Identification of differentially expressed genes (DEGs) from the GEO datasets: (A) Volcano 
plots illustrating the distribution of differentially expressed genes in the GSE123066 and GSE178755 
datasets. Coloured dots indicate genes meeting the predefined differential expression criteria. Red 
dots represent significantly upregulated genes, whereas blue dots represent significantly downreg-
ulated genes. Black dots represent genes that did not meet these criteria. (B) Venn diagram showing 
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the overlapping DEGs identified between GSE123066 and GSE178755, which were subsequently 
used for downstream protein–protein interaction, functional enrichment, and pathway analyses. 

To identify genes showing consistent dysregulation across both datasets, an intersec-
tion analysis was conducted using a Venn diagram, which revealed a total of 76 overlap-
ping DEGs. Among these, 52 genes were consistently upregulated, while 24 genes were 
consistently downregulated (Figure 1B). These common DEGs were then selected for sub-
sequent PPI network construction and functional enrichment analyses. 

3.2. PPI Network and Enrichment Analysis 

3.2.1. PPI Network 

To explore the functional interactions of proteins encoded by the subtype-specific 
DEGs, a PPI network analysis was conducted using the STRING database. This analysis 
aimed to identify key genes and elucidate their roles at the molecular level. Interactions 
among the DEGs were mapped, and the resulting PPI networks are presented in Figure 2. 
The PPI analysis demonstrated that several upregulated genes were highly interconnected 
within key signalling pathways associated with cell proliferation, survival, and drug re-
sistance, particularly the PI3K–Akt signalling pathway. This pathway is well-established 
for its critical role in lung adenocarcinoma tumorigenesis and in mediating resistance to 
EGFR tyrosine kinase inhibitors (EGFR-TKIs). Therefore, subsequent analyses focused 
primarily on the upregulated genes, as their involvement in critical signalling cascades 
highlights their potential as biologically significant markers and as candidates for further 
investigation, including target identification and structure-based drug discovery. 

 

Figure 2. Protein–protein interaction (PPI) network of overlapping differentially expressed genes 
(DEGs) associated with the PI3K–Akt signalling pathway. The PPI network was generated using 
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the overlapping DEGs identified from the GSE123066 and GSE178755 datasets. Genes annotated to 
the KEGG PI3K–Akt signalling pathway are highlighted in red using the STRING Functional En-
richment Visualization feature. Red nodes indicate pathway membership rather than the direction 
or magnitude of differential gene expression. Coloured edges represent different evidence channels 
supporting protein–protein associations in STRING, including curated databases, experimentally 
determined interactions, gene neighbourhood, gene fusion, gene co-occurrence, text mining, co-ex-
pression, and protein homology. 

3.2.2. Functional Enrichment Analysis 

Fifty-two consistently upregulated genes identified from GEO2R analysis were sub-
jected to Gene Ontology (GO) enrichment analysis and classified into three primary GO 
categories: Biological Process (BP), Molecular Function (MF), and Cellular Component 
(CC). Table 4 presents the significantly enriched GO terms, the corresponding contrib-
uting genes and their p-values (p < 0.05). The enrichment analysis indicates that these 
upregulated genes are predominantly involved in biological processes related to cell pro-
liferation, cell cycle regulation, hypoxia response, and modulation of EGFR signalling, 
suggesting their potential roles in tumour progression and response to EGFR-targeted 
therapies. In terms of molecular function, the enriched terms are associated with activities 
involved in signalling regulation and protein interactions, while the cellular component 
analysis indicates that many of these genes are localized to cellular compartments that 
facilitate signal transduction and adaptive responses in cancer cells. Collectively, the GO 
enrichment results summarized in Table 4 provide functional evidence that the identified 
upregulated genes may contribute to tumour growth, EGFR signalling, and mechanisms 
underlying resistance to EGFR-TKI therapy. 

Table 4. Functional enrichment analysis of consistently upregulated genes. 

Category GO Term Genes Involved p-Value 

Biological 
Process (GO-

BP) 

Regulation of cell prolifera-
tion 

E2F2, CCNE2, TGFA, DUSP6, 
SOX9 1.2 × 10−6 

Cell cycle progression E2F2, CCNE2, POLE2 3.8 × 10−6 
Response to hypoxia DDIT4, ANGPTL4, PFKFB3 2.1 × 10−5 

Regulation of EGFR signal-
ling 

TGFA, SPRY4, DUSP6, SPRED1 4.5 × 10−5 

Epithelial cell differentiation MUC1, MUC20, AGR2, FOXA2, 
SOX9 

6.9 × 10−5 

Cell migration and adhesion ITGA2, NEDD9, VEZT, GJA1 1.3 × 10−4 

Metabolic process regulation PFKFB3, ALDOC, SCD, ACOX2, 
PCK2 

2.0 × 10−4 

ER stress and unfolded pro-
tein response 

AGR2, ERN2, NUPR1 3.6 × 10−4 

Molecular 
Function 
(GO-MF) 

Growth factor activity TGFA, ANGPTL4 2.4 × 10−6 
Protein kinase regulator ac-

tivity 
DUSP6, SPRY4, SPRED1 5.1 × 10−6 

Transcription factor activity FOXA2, SOX9, E2F2 8.7 × 10−6 
Receptor binding TGFA, ANGPTL4, LPAR1 1.9 × 10−5 

Cell adhesion molecule bind-
ing ITGA2, VEZT, GJA1 3.4 × 10−5 

Metabolic enzyme activity PFKFB3, SCD, ACOX2, ALDOC 6.2 × 10−5 
RNA polymerase activity 

regulation 
POLE2, NUPR1 1.1 × 10−4 

Plasma membrane MUC1, ITGA2, GJA1, LPAR1 9.8 × 10−7 
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Cellular 
Component 

(GO-CC) 

Cell surface MUC1, MUC20, TGFA 1.6 × 10−6 

Cytoplasm 
DUSP6, PFKFB3, ALDOC, 

TRIB3 2.7 × 10−5 

Nucleus E2F2, FOXA2, SOX9, POLE2 4.1 × 10−5 
Endoplasmic reticulum AGR2, ERN2, NUPR1 7.9 × 10−5 

Cell junction GJA1, VEZT 1.3 × 10−4 

The KEGG pathway enrichment analysis identified the PI3K–Akt signalling pathway 
as one of the most significantly enriched pathways among the overlapping differentially 
expressed genes (DEGs). The functional relationships among these DEGs were first ex-
plored through the protein–protein interaction (PPI) network generated using the 
STRING database, which highlighted genes associated with the PI3K–Akt signalling path-
way (Figure 3). These pathway-associated genes were subsequently integrated with Gene 
Ontology (GO) annotations to facilitate functional interpretation of their biological roles 
within the signalling cascade. 

 
Figure 3. Mapping of overlapping differentially expressed genes (DEGs) onto the KEGG PI3K–Akt 
signalling pathway. Overlapping DEGs identified from the integrated bioinformatics analysis were 
mapped onto the canonical KEGG PI3K–Akt signalling pathway using KEGG Mapper. Green boxes 
indicate genes from the uploaded DEG list that were successfully mapped to the pathway, whereas 
white boxes represent pathway components that were not identified in the present study. Arrows 
denote the canonical molecular interactions and signalling relationships defined by the KEGG da-
tabase. Purple lines highlight the interactions involving the candidate genes identified in this study 
within the PI3K–Akt signalling pathway. 

To further investigate their biological relevance, the significantly upregulated DEGs 
were mapped onto the canonical PI3K–Akt signalling pathway using Pathview. As shown 
in Figure 4, the mapped genes illustrate the distribution of the identified DEGs within the 
signalling cascade and highlight potential molecular mechanisms underlying EGFR-TKI 
resistance in EGFR-mutant lung adenocarcinoma. 
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Figure 4. Mapping of significantly upregulated genes onto the canonical EGFR–PI3K–Akt signalling 
pathway. Genes highlighted in red represent significantly upregulated DEGs identified from the 
integrated transcriptomic analysis and mapped to the canonical KEGG PI3K–Akt pathway. Arrows 
and connecting lines represent curated molecular interactions, including activation, inhibition, and 
phosphorylation events, as defined by the KEGG database. The figure illustrates the distribution of 
candidate genes within the pathway and should not be interpreted as direct evidence of pathway 
activation. 
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The pathway mapping demonstrated that the significantly upregulated genes were 
distributed across multiple functional levels of the PI3K–Akt signalling cascade (Figure 
4). At the receptor level, TGFA and ITGA2 were localized to components involved in re-
ceptor activation and cell adhesion, suggesting potential involvement of EGFR- and in-
tegrin-mediated signalling. At the intermediate level, DDIT4 (REDD1) and other metabo-
lism-related genes were associated with signalling and metabolic regulatory processes. 
Downstream, genes involved in cell cycle regulation and transcriptional control, includ-
ing CCNE2 and SOX9, were mapped to components associated with cell proliferation and 
survival. Overall, the identified DEGs were distributed throughout the PI3K–Akt signal-
ling pathway rather than being confined to a single functional module, indicating that 
multiple components of the pathway may contribute to the molecular mechanisms asso-
ciated with EGFR-TKI resistance in EGFR-mutant lung adenocarcinoma. 

3.3. Prognostic Significance of Candidate Genes 

The results of GO enrichment and PI3K–Akt pathway mapping were subsequently 
integrated into a conceptual GO–OS model by linking gene function and pathway posi-
tion to the clinical outcome of overall survival (OS) (Table 5). Genes involved in cell pro-
liferation, metabolic regulation, and cell survival were considered potential contributors 
to tumour cell adaptation during EGFR-TKI therapy. Functionally, the activation of these 
processes may support sustained tumour growth and therapeutic resistance, which could 
clinically influence the duration of OS in patients with EGFR-mutant lung adenocarci-
noma. 

Table 5. Identification of dominant bypass pathways to EGFR-TKI therapy and their clinical impli-
cations for overall survival (OS). 

Dominant Bypass 
Pathway 

Key Upregulated 
Genes 

Molecular Evidence (GO & 
KEGG) 

Bypass Mechanism Against 
EGFR-TKI 

Clinical Implica-
tion (OS) 

PI3K–Akt signal-
ling pathway 

TGFA, ITGA2, 
PFKFB3, DDIT4, 

E2F2, CCNE2, SOX9 

Most significant KEGG en-
richment (p < 1 × 10−6); genes 
distributed from upstream to 

downstream levels 

Sustained activation of sur-
vival and proliferative signal-
ling despite EGFR inhibition 

Shorter OS; pri-
mary resistance 

MAPK/ERK sig-
nalling pathway 

DUSP6, SPRY4, 
SPRED1 

Significant enrichment: 
genes function as feedback 

regulators 

Activation of alternative sig-
nalling via PI3K/MAPK 

crosstalk 

Adaptive resistance 
to EGFR-TKI 

HIF-1/metabolic 
pathway 

DDIT4, PFKFB3, 
ANGPTL4 

Enrichment in HIF-1 path-
way; GO-BP hypoxia re-

sponse 

Metabolic adaptation and cel-
lular stress response 

Early progression; 
reduced OS 

Cell cycle path-
way 

E2F2, CCNE2, 
POLE2 

Enrichment in cell cycle 
pathway; GO-BP cell prolif-

eration 

EGFR-independent cell pro-
liferation 

Accelerated disease 
progression 

Candidate genes for biomarkers were selected based on a combination of predefined 
criteria. First, genes were required to demonstrate consistent upregulation across at least 
two independent GEO datasets. Second, biological significance was considered, with pri-
ority given to genes enriched in Gene Ontology Biological Processes (GO-BP) related to 
proliferation, metabolism, and cell survival. Third, pathway relevance was assessed, fo-
cusing on genes involved in the PI3K–Akt signalling pathway or other identified bypass 
pathways. Fourth, strategic pathway position was evaluated, prioritizing genes located at 
critical upstream or downstream nodes within the signalling cascade. Finally, clinical rel-
evance was considered, emphasizing genes with potential influence on response to EGFR-
TKI therapy. Based on these integrated criteria, the following genes were prioritized for 
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Kaplan–Meier survival analysis: TGFA, PFKFB3, DDIT4, E2F2, CCNE2, SOX9, and DUSP6 
(Table 6). 

Table 6. Prioritized candidate biomarkers, functional pathways, and rationale. 

Gene Pathway/Function Rationale as Biomarker 

TGFA 
EGFR activation (up-

stream) Indicates autocrine EGFR activation 

PFKFB3 Glycolytic metabolism Marker of metabolic adaptation 
DDIT4 HIF-1/mTOR pathway Indicator of cellular stress and hypoxia response 
E2F2 Cell cycle regulation Marker of EGFR-independent proliferation 

CCNE2 G1/S phase transition Associated with aggressive cell cycle progression 
SOX9 Transcription factor Linked to stemness and therapeutic resistance 

DUSP6 MAPK feedback regulation Reflects activation of bypass signalling pathways 

To evaluate the clinical relevance of the candidate genes identified through the inte-
grated bioinformatics analysis, Kaplan–Meier survival analysis was performed using the 
Kaplan–Meier Plotter database. Patients with EGFR-mutant lung adenocarcinoma were 
stratified into high- and low-expression groups according to the optimal expression cutoff 
determined by the platform, and overall survival (OS) was compared using the log-rank 
test. 

Among the seven candidate genes evaluated, high expression of TGFA, DDIT4, E2F2, 
CCNE2, and SOX9 was significantly associated with shorter OS, whereas elevated PFKFB3 
and DUSP6 expression was associated with longer OS (Table 3). Specifically, patients with 
high TGFA expression exhibited a shorter median OS than those with low expression 
(59.53 vs. 79 months, p = 9.0 × 10−4). Similarly, elevated DDIT4 expression was associated 
with reduced median OS (62 vs. 80 months, p = 0.017), while high SOX9 expression was 
also associated with poorer prognosis (61.3 vs. 74 months, p = 0.022) (Figure 5). 

Although E2F2 and CCNE2 demonstrated stronger statistical significance in the sur-
vival analysis, these genes primarily function as downstream regulators of cell cycle pro-
gression and proliferation. In contrast, TGFA, DDIT4, and SOX9 were selected for subse-
quent experimental validation because they represent distinct biological mechanisms im-
plicated in EGFR-TKI resistance. TGFA functions as an EGFR ligand capable of activating 
bypass signalling through the EGFR–PI3K–Akt pathway; DDIT4 regulates cellular stress 
responses and mTOR signalling under therapeutic pressure; and SOX9 is a transcription 
factor associated with epithelial–mesenchymal transition, cancer stemness, and acquired 
drug resistance. Together, these genes provide complementary biological insights into re-
ceptor activation, stress adaptation, and transcriptional regulation underlying EGFR-TKI 
resistance. Based on their significant association with poorer OS and their established bi-
ological relevance to EGFR-TKI resistance, TGFA, DDIT4, and SOX9 were prioritized for 
subsequent validation by RT-qPCR. 
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Figure 5. Kaplan–Meier survival analysis of candidate genes in EGFR-mutant lung adenocarcinoma. 
Kaplan–Meier overall survival (OS) curves generated using the Kaplan–Meier Plotter database for 
seven genes. Patients were stratified into high- and low-expression groups according to the optimal 
expression cutoff determined by the Kaplan–Meier Plotter platform. The corresponding hazard ratio 
(HR), 95% confidence interval (CI), and log-rank p-value are displayed in each panel. 

Gene 

Median Survival 

p-value 
Low 

expression 
cohort 

(months) 

High 
expression 

cohort 
(months) 

TGFA 79 59.53 9.0 × 10⁻⁴ 
PFKFB3 55.37 86 5.7 × 10⁻⁷ 

DDIT4/RTP801 80 62 0.017 
E2F2 103 51 1.2 × 10⁻¹⁰ 

CCNE2 84 54 2.5 × 10⁻⁵ 
SOX9 74 61.3 0.022 

DUSP6 52 90 8.3 × 10⁻¹⁰ 
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3.4. DEG Biomarker Validation Using RT-qPCR 

RT-qPCR analysis was performed using RNA isolated from FFPE tumour tissue sam-
ples obtained from patients with EGFR-mutant lung adenocarcinoma who were classified 
as either EGFR-TKI-sensitive or EGFR-TKI-resistant according to the study inclusion cri-
teria. Relative gene expression was calculated using the comparative Ct (2−ΔΔCt) method 
with GAPDH as the internal reference gene.  

Experimental validation using RT-qPCR further confirmed the upregulated expres-
sion pattern of the three-gene panel (TGFA, DDIT4, and SOX9) in the resistant group com-
pared with the sensitive group, as detailed in Supplementary Tables S2 and S3. As shown 
in Figure 6, the expression levels of TGFA, DDIT4, and SOX9 were consistently higher in 
the EGFR-TKI-resistant group than in the EGFR-TKI-sensitive group. RT-qPCR analysis 
demonstrated significantly higher expression of SOX9 in the resistant group compared 
with the sensitive group (p = 0.044). Although TGFA exhibited a similar direction of ex-
pression change as observed in the transcriptomic datasets, the difference did not reach 
statistical significance (p = 0.122). In contrast, DDIT4 showed no significant difference be-
tween the two groups (p = 0.951). Despite these findings, the RT-qPCR results provide 
preliminary experimental support for SOX9 while indicating that further validation of 
TGFA and DDIT4 in larger independent cohorts is required. 

 

Figure 6. Relative expression of TGFA, DDIT4, and SOX9 in EGFR-TKI-sensitive and EGFR-TKI-
resistant patients. Relative mRNA expression levels of TGFA, DDIT4, and SOX9 were quantified by 
RT-qPCR and normalized to GAPDH using the comparative Ct (2−ΔΔCt) method. Gene expression 
levels are presented relative to the EGFR-TKI-sensitive group (set to 1.0). Bars represent the mean ± 
standard deviation (SD). Statistical significance between the EGFR-TKI-sensitive and EGFR-TKI-
resistant groups was determined using the unpaired t-test, with p < 0.05 considered statistically sig-
nificant. 

4. Discussion 
The development of acquired resistance remains one of the major challenges in the 

management of EGFR-mutant lung adenocarcinoma. Although EGFR tyrosine kinase in-
hibitors (EGFR-TKIs) have substantially improved clinical outcomes, most patients even-
tually develop resistance through mechanisms extending beyond secondary EGFR muta-
tions. Increasing evidence suggests that activation of bypass signalling pathways, meta-
bolic adaptation, tumour plasticity, and changes in the tumour microenvironment collec-
tively contribute to therapeutic resistance [10,26]. Accordingly, identifying biomarkers 
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that capture these complementary biological processes may improve patient stratification 
and facilitate precision oncology. 

In the present study, integrated bioinformatics analyses identified TGFA, DDIT4, and 
SOX9 as candidate genes consistently associated with EGFR-TKI resistance. Differential 
expression analysis, protein–protein interaction network analysis, GO and KEGG enrich-
ment, and Kaplan–Meier survival analysis collectively indicated that these genes repre-
sent complementary biological processes rather than isolated molecular events. KEGG en-
richment identified the PI3K–Akt signalling pathway as one of the most significantly en-
riched pathways. Because this pathway regulates proliferation, survival, metabolism, and 
apoptosis, its dysregulation has frequently been implicated in acquired resistance to 
EGFR-targeted therapy [27,28]. However, our findings are based on transcriptomic enrich-
ment analysis and therefore suggest association with PI3K–Akt signalling, rather than di-
rect biochemical activation. Confirmation of pathway activation would require functional 
studies evaluating phosphorylation of AKT, mTOR, or other downstream signalling pro-
teins. 

The three selected genes represent complementary mechanisms that collectively sup-
port tumour adaptation during EGFR-TKI treatment. TGFA encodes an EGFR ligand that 
promotes ligand-dependent receptor activation and sustained downstream signalling 
through pathways including PI3K–Akt and MAPK [23,29]. DDIT4 (REDD1) functions as 
a stress-responsive regulator of mTOR signalling and is induced by hypoxia, oxidative 
stress, and nutrient deprivation, enabling tumour cells to adapt to therapeutic stress 
[24,30]. SOX9 regulates epithelial–mesenchymal transition (EMT), stemness, and tumour 
plasticity, all of which have been implicated in EGFR-TKI resistance [31,32]. Rather than 
acting within a single linear signalling cascade, these genes represent complementary bi-
ological processes involving persistent receptor signalling, stress adaptation, and tumour 
plasticity, thereby providing a mechanistic rationale for proposing them as a combined 
biomarker panel. 

Kaplan–Meier survival analysis further supported the potential clinical relevance of 
these candidate genes. Increased expression of TGFA, DDIT4, and SOX9 was associated 
with shorter progression-free survival, although PFKFB3, E2F2, and CCNE2 also demon-
strated significant survival associations. We selected TGFA, DDIT4, and SOX9 for experi-
mental validation because together they capture three distinct yet complementary mech-
anisms underlying EGFR-TKI resistance. In contrast, PFKFB3, E2F2, and CCNE2 primar-
ily reflect metabolic regulation and cell cycle progression, processes that overlap biologi-
cally and were therefore not prioritized for validation. From a translational perspective, a 
three-gene panel may provide a practical balance between biological representation and 
clinical feasibility, although future studies should evaluate whether incorporating addi-
tional candidate genes improves predictive performance. 

RT-qPCR provided partial experimental support for the bioinformatics findings. 
Among the three selected genes, SOX9 showed significantly higher expression in the re-
sistant group, whereas TGFA and DDIT4 did not demonstrate statistically significant dif-
ferences in the present validation cohort. These discrepancies may reflect the relatively 
small sample size, biological heterogeneity among patients, differences between tumour 
tissue and peripheral blood gene expression, or the complexity of acquired resistance 
mechanisms. Consequently, TGFA and DDIT4 should be regarded as promising candi-
date biomarkers requiring validation in larger independent cohorts. Nevertheless, inte-
grating transcriptomic profiling, pathway enrichment, survival analysis, and experi-
mental validation provide a stronger biological framework than relying on any single an-
alytical approach and supports further investigation of this mechanism-based biomarker 
panel. 
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The present study has several limitations. First, the RT-qPCR validation cohort was 
relatively small, which limited statistical power and may explain why TGFA and DDIT4 
did not reach statistical significance despite their identification through transcriptomic 
analyses. Second, the validation cohort was recruited from a single institution using a 
cross-sectional case–control design comparing patients with established EGFR-TKI sensi-
tivity and resistance. Consequently, the study identified candidate biomarkers associated 
with resistance status rather than biomarkers that prospectively predict disease progres-
sion. Third, the discovery phase relied on publicly available GEO datasets with differences 
in patient characteristics, experimental platforms, and sample processing. To minimize 
dataset-specific bias, each dataset was analysed independently, and only overlapping dif-
ferentially expressed genes were retained for downstream analyses; however, residual 
heterogeneity cannot be excluded. Finally, pathway activation was inferred from tran-
scriptomic enrichment analysis without protein-level or functional validation. Further-
more, the enrichment of the PI3K–Akt pathway was inferred from transcriptomic analysis 
rather than direct biochemical evidence. Future multicentre prospective studies with 
larger cohorts and mechanistic experiments are required to confirm the biological and 
clinical utility of these candidate biomarkers. 

5. Conclusions 
This study identified TGFA, DDIT4, and SOX9 as candidate genes associated with 

EGFR-TKI resistance in EGFR-mutant lung adenocarcinoma through an integrated bioin-
formatics approach combining differential expression analysis, protein–protein interac-
tion network analysis, functional enrichment, and survival analysis. These genes repre-
sent complementary biological processes involving receptor activation, cellular adapta-
tion to stress, and tumour plasticity, supporting their potential relevance to mechanisms 
of acquired resistance. 

Experimental validation using RT-qPCR provided preliminary support for SOX9, 
whereas TGFA and DDIT4 did not demonstrate statistically significant differential expres-
sion in the present validation cohort. Therefore, these findings should be interpreted as 
exploratory and hypothesis-generating rather than definitive evidence of clinical bi-
omarkers. 

Overall, the study provides a rationale for further investigating a mechanism-based 
biomarker panel for EGFR-TKI resistance. However, larger independent patient cohorts, 
multicentre validation studies, and functional experiments are required to confirm the bi-
ological significance and clinical utility of these candidate genes before they can be con-
sidered for routine clinical application. 
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and SOX9 expression. 
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