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Lung cancer is the third most common cancer in the US with a 5-year survival rate of 17%. Non-small 
cell lung cancer, especially adenocarcinoma, prevails. Therefore, early detection and biomarker 
discovery are extremely important. This study uses deep learning to find new biomarkers for lung 
adenocarcinoma.  RNA-Seq data from 522 samples, including 506 lung adenocarcinoma patients 
and 16 healthy controls, were analyzed. DEGs were identified after strict preprocessing, and deep 
learning algorithms predicted markers. Functional annotation, pathway, and protein interaction 
analyses elucidated the biological importance of DEGs. Clinical relevance was assessed by correlation 
with clinical parameters and survival analysis. External validation was carried out using GDAC and 
GEO datasets. Blood samples from 30 lung adenocarcinoma patients and 30 healthy people were 
analyzed by real-time PCR to validate the expression levels of key genes.  Among 522 participants(506 
cases, 16 controls), the mean age was 62.95 ± 15.71 years. Normalized data showed 3,513 DEGs. The 
deep learning model had a predictive accuracy of 98.44%, Brier score (probability MSE) = 0.0013, and 
AUC of 1.0. CYP3A7 had the highest effect size. ROC analysis found diagnostic genes A2M, CYP2C9, 
and SIRPD (Ensembl ID: 128646) with a sensitivity of 0.96. Real-time PCR showed upregulated 
CYP2C9, KRT14, and PECAM1 and downregulated A2M in patients compared to controls(P < 0.001).  
Bioinformatics-identified genes are potential markers for early lung adenocarcinoma detection and 
management. RT-PCR validation shows AI’s effectiveness in identifying biomarkers, enabling prompt 
treatment to halt disease progression.
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AI	� Artificial intelligence
AUC	� Area under curve
cDNA	� Complementary DNA
CT	� Computed tomography
DEGs	� Differentially expressed genes
EAC	� Esophageal adenocarcinoma
ER	� Endoplasmic reticulum
FC	� Fold change
GDAC	� Global data assembly centers
GEO	� Gene expression omnibus
GLM	� Generalized linear model
GO	� Gene ontology
HR	� Hazard ratio
KEGG	� Kyoto encyclopedia of genes and genomes
KRT14	� Keratin 14
LOC730668	� Long non-coding RNA 730668
MSE	� Mean squared error
miRNA	� Micro RNA
NSCLC	� Non-small cell lung cancer
OCLR	� One-class logistic regression
PCR	� Polymerase chain reaction
PECAM1	� Platelet-endothelial cell adhesion molecule 1
PPI	� Protein–protein interaction
PSA	� Prostate-specific antigen
R2	� Coefficient of determination
RNA-Seq	� RNA sequencing
ROC	� Receiver operating characteristic
RT-PCR	� Real-time polymerase chain reaction
SCLC	� Small cell lung cancer
SIRPD	� Signal-regulatory protein delta
SPSS	� Statistical package for the social sciences
STRING	� Search tool for the retrieval of interacting genes/proteins
TCGA	� The cancer genome atlas
TNM	� Tumor, node, metastasis

According to the American Cancer Society (ACS), lung cancer remains one of the most widespread and 
deadliest forms of cancer globally, ranking as the third most common neoplasm in the United States. This is 
associated with a 5-year overall survival rate of approximately 17%. There are two primary types of lung cancer, 
encompassing both small cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC). In general, 10% to 
15% of all cases of pulmonary malignancy are identified as SCLC, while 80% to 85% are classified as NSCLC. The 
primary subtypes within NSCLC include adenocarcinomas, squamous cell carcinoma, and large cell carcinoma, 
with lung adenocarcinoma emerging as the predominant histological subtype, characterized by a distressing 
mortality rate of 80%1.

Acknowledgment of the critical role of early detection and diagnosis in enhancing patient outcomes and 
reducing lung cancer-related mortalities is widespread. Emphasis is placed on the vital nature of biomarker 
identification in lung carcinoma, recognizing that early detection and diagnosis significantly impact patient 
outcomes and mortality rates. Machine learning is a developing field of technology utilized to identify biomarkers 
in lung adenocarcinoma. ML, falling under the umbrella of artificial intelligence (AI), enables the absorption 
of information from past data and automatically executes assigned tasks. Deep Learning, a specific subfield 
within the realm of machine learning, functions similarly to machine learning but sets itself apart through 
distinct capabilities and approaches. It takes inspiration from the operations of neurons, leading to the formation 
of artificial neural networks. Within the domain of deep learning, models employ different filters to acquire 
knowledge and reveal insights from the given data.

Different approaches exist in the literature regarding the use of these techniques. Zhang et al. used the 
innovative one-class logistic regression (OCLR), an unsupervised machine learning algorithm, to identify lung 
adenocarcinoma stem cell biomarkers2. Another study in China identified a sixteen-gene biomarker for lung 
adenocarcinoma using a machine learning method Bhuvaneswari et al.3 investigated the lung adenocarcinoma 
stem cell biomarker expressions using machine learning approaches. (National C enter for Biotechnology 
Information. Homo Sapiens Gene LOC730668, 2024)

Despite all these efforts, there is little published data on using deep learning to identify biomarkers, so 
this study aims to identify novel biomarkers of lung adenocarcinoma using deep learning analysis and also 
experimentally verify the AI identified key biomarkers using RT-PCR method.

Methods
Data collection
The RNA-Seq data of patients diagnosed with lung adenocarcinoma, along with associated clinical parameters 
such as gender, tumor stage, TNM classification, and survival outcomes, were acquired from the gdac dataset 
(https://gdac.broadinstitute.org/). A comprehensive dataset comprising 522 samples and 20,531 genes was 
obtained. Subsequently, these samples were selected for subsequent RNA sequencing procedures.
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Data preprocessing and the identification of DEGs
Deep learning techniques were then employed to discover novel genes, with normalization and filtering recognized 
as pivotal stages in data analysis. Preprocessing steps such as filtering and normalization were assessed to prepare 
RNA data for deep learning applications. Initially, duplicate genes and samples were eliminated using filtering 
code implemented in R programming. Subsequently, 20,531 genes underwent normalization using the Limma 
package within the R software environment. DEGs were identified based on specific features, including a log 
fold change |FC|≥ 2 and a P-value < 0.05. All analyses and plot visualizations in this phase were conducted using 
R software (version 4.1.2). Gene symbols were standardized according to the HGNC nomenclature. In cases 
where Ensembl identifiers were initially retrieved (e.g., SIRPD.128646), the approved gene symbol (SIRPD) was 
used consistently throughout the manuscript, with the original Ensembl ID provided here for clarity. Also, Gene 
expression values were normalized using limma and log-transformed before modeling; these transformations 
apply to inputs only and are not the target of the Brier score.

Identifying predictive markers
A bioinformatics analysis aimed at predicting DEGs as significant markers in lung adenocarcinoma was 
conducted using advanced deep-learning algorithms.

Machine learning algorithms
Deep learning, a subset of machine learning, represents a cutting-edge frontier in artificial intelligence, striving 
to achieve its ultimate objective of mimicking human intelligence. Deep neural networks, a key component of 
deep learning, have been extensively studied and applied across various domains, yielding impressive outcomes. 
In contrast to traditional statistical learning, where linear regression typically involves a single node, deep 
learning encompasses multiple classifiers collaborating.

Deep learning employs numerous neural nodes, forming a neural network, with each classifier node termed 
a neural unit or perceptron. Notably, deep learning incorporates multiple layers between input and output, each 
containing potentially hundreds or thousands of neural units. These intermediary layers, known as hidden layers, 
and their constituent nodes, referred to as hidden nodes, contribute to the network’s ability to uncover complex 
relationships autonomously. A distinguishing feature of deep neural networks is their capacity to generate 
complex hypotheses internally, contrasting with the manual formulation required in traditional machine learning 
classifiers. This inherent capability renders deep neural networks potent for effectively capturing nonlinear 
relationships. In many applications, deep learning models surpass the performance of shallow machine learning 
models and conventional data analysis methods.

Implementation and evaluation
Python version 3.7 served as the foundation for implementing machine learning techniques. Utilized packages 
included Pandas, NumPy, Matplotlib, and Scikit-learn. Model refinement involved optimization with training 
data and independent evaluation using test data. Train/test ratios with a 70/30 ratio were applied.

Model evaluation was performed using a hold-out validation strategy. The dataset was randomly divided 
into a training set (70%) and an independent test set (30%), with no overlap between samples. All performance 
metrics were calculated exclusively on the independent test set.

To implement the deep learning framework, we constructed a feed-forward neural network with three 
fully connected hidden layers containing 128, 64, and 32 neurons, respectively. Each hidden layer employed 
the rectified linear unit (ReLU) activation function, while the output layer used a sigmoid activation function 
to produce class probabilities. Model training was conducted using the Adam optimizer (learning rate 0.001) 
with binary cross-entropy loss. Dropout regularization was applied to the hidden layers, and early stopping was 
adopted based on validation loss to prevent overfitting. Hyperparameters, including the number of neurons, 
dropout rate, and learning rate, were tuned manually in an iterative fashion to maximize predictive performance 
on the validation set.

Performance was assessed with standard evaluation metrics including AUC, accuracy, F1 score, R² score, 
confusion matrix, and the Brier score. Accuracy measures the precision of classification by assessing true 
positives and negatives, F1 score accounts for imbalanced data, AUC evaluates discriminative capacity, and 
the confusion matrix summarizes classification outcomes (TN, TP, FN, FP). The Brier score corresponds to the 
mean squared error between predicted probabilities and true class labels, providing a measure of both accuracy 
and calibration. For a test set of size N, with predicted probabilities Pi∈[0,1] and true labels Yi∈{0,1}, the Brier 
score is defined as:

Brier Score (BS) = 1/N * Σ (Pi - Yi)
2

Lower values indicate better probabilistic accuracy and calibration. In our study, all metrics, including the 
Brier score (reported as 0.0013), were calculated on the independent held-out test set obtained by a 70/30 train-
test split, with no overlap between training and test samples.

Functional and pathway enrichment analyses
The analysis involved annotating and visualizing functional enrichment and critical pathways of the DEGs 
signature using the cluster Profiler package in R, with a stringent significance threshold of p-adjusted < 0.05. 
In addition, two common databases, Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes 
(KEGG), were utilized as reference databases for functional enrichment. All figures represent original enrichment 
plots generated using the clusterProfiler R package, and no KEGG pathway maps were reproduced4,5.
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Correlation between DEGs and demographic/clinical data
We examined 55 DEGs to investigate their connection with demographic and clinical factors such as age, tumor 
size, lymph node involvement, distant metastasis, and stage. This investigation involved utilizing correlation 
matrix and Spearman correlation techniques within the R programming environment, leveraging the ggcorrplot 
package and cor function.

Identifying prognostic markers
The Survmier and ggplot2 R packages were utilized to generate Kaplan-Meier survival curves and Cox analyses 
for the top-selected DEGs. All data met screening criteria, with a cut-off threshold of -1 < HR < 1 and P < 0.05. 
The identified genes are categorized as “prognostic genes”.

Combine ROC curve
A generalized linear model was utilized in conjunction with combined ROC curve analysis to identify diagnostic 
biomarkers. Multiple metrics, including sensitivity, specificity, cut-off value, positive predictive value, negative 
predictive value, and AUC curve, were assessed to gauge the discriminative capacity of individual or combined 
biomarkers. The entire process was executed using the combioROC package in R. The combioROC package 
provides sensitivity, specificity, AUC, positive predictive value (PPV), and negative predictive value (NPV) for 
biomarker combinations.

Validation of biomarkers gene expression
The expression levels of candidate genes in lung adenocarcinoma patients were conducted using data from 
the Global Data Assembly Centers (GDAC) at the Broad Institute (https://gdac.broadinstitute.org/) and the 
Gene Expression Omnibus (GEO) dataset (GSE19804, GSE75037, GSE131907, GSE37745, and GSE166720). 
Specifically, data from patients with lung adenocarcinoma were retrieved from these sources for validation 
purposes, and necessary preprocessing steps were carried out accordingly.

Experimental verification of biomarkers through RT-PCR method
Study samples
30 cases of lung adenocarcinoma and 30 healthy individuals entered the study. The cases were all in stage 1 to 
3 of disease without any distant metastasis and no medical therapy including chemical or surgical had been 
yet initiated for them. Cancer diagnosis confirmed through pathological investigation. Also, cases and control 
groups were matched for age and sex. A consent form was signed by all individuals enrolled the study.

RNA extraction
5 milliliters (ml) of peripheral blood from all individuals were collected and the RNA extraction process was 
initiated immediately using the RNeasy Midi Kit (Qiagen Cat no.75144) based on the product protocols.

cDNA synthesis
cDNA synthesis was done using the Viva 2-step RT-PCR Kit (Cat No. RTPL12). The specific primers for 
biomarkers were designated and synthetized using the AlleleID6 software.

Real-time PCR using the HotTaq EvaGreen qPCR mix
Tables 1 and 2 show the parameters and their usage amounts in the final Real-time PCR reaction. (Tables 1 and 
2.)

The kit of Sinacolon manufacture (Cat No. BT11101) was used, which had EvaGreen, as the fluorescent 
dye, becoming detectable when binding to double-stranded DNA. The master mix kit contained all necessary 
components for Real-time RT-PCR reaction as follows: 2 µL of Template sequence, 4 µL of Master mix, primers 
with optimal concentration and deionized distilled water (dH2O), which was added to bring the total reaction 
mixture to 20 µL volume. All stages are performed according to kit-specific instructions. Results were interpreted 
based on the amplification and melt curves.

Parameters CYP2C9-mRNA A2M -mRNA KRT14-mRNA PECAM1-mRNA 18s rRNA

Forward primer (F Primer) ​C​A​G​A​G​A​C​G​A​C​A​A​G​C​A​C​
A​A​C​C​C​T

​G​T​T​G​A​A​G​A​G​C​C​T​C​A​C​A​
C​G​G​A​G​A

​T​G​C​C​G​A​G​G​A​A​T​G​G​T​T​C​
T​T​C​A​C​C

​A​A​G​T​G​G​A​G​T​C​C​A​G​C​C​G​
C​A​T​A​T​C

​G​T​A​A​C​C​C​G​
T​T​G​A​A​C​C​C​
C​A​T​T

Primer length 22 22 22 22 20

Reverse primer (R Primer) ​A​T​G​T​G​G​C​T​C​C​T​G​T​C​T​T​
G​C​A​T​G​C

​T​T​C​C​A​C​T​C​G​G​T​G​A​T​G​G​
T​G​T​C​A​G

​G​C​A​G​C​T​C​A​A​T​C​T​C​C​A​G​
G​T​T​C​T​G

​A​T​G​G​A​G​C​A​G​G​A​C​A​G​G​T​
T​C​A​G​T​C

​C​C​A​T​C​C​A​A​T​
C​G​G​T​A​G​T​A​
G​C​G

Primer length 22 22 22 22 20

Optimal annealing temperature 58 59 ℃ 53.5 58 ℃ 54.5

Table 1.  Primers’ characteristics used in Real-time RT-PCR Reaction.
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Results
Patient demographics and clinical characteristics
To provide an overview of the study population and establish the clinical context for subsequent analyses, the 
demographic and clinical characteristics of the enrolled participants are summarized in Table  3. This study 
involved 522 participants (53.6% females), including 506 cases and 16 healthy controls with a mean age of 
62.95 ± 15.71 years at initial pathologic diagnosis. The racial distribution was predominantly White (75.3%). 
The average pack-years smoked were 28.48 ± 29.66. Moreover, neoplasm cancer status revealed diverse stages, 
with most patients at Stage 1 (53.6%). Tumor invasion depth also varied, with T2 being the most common 
(53.8%). In addition, lymph node involvement was observed in 82.9%, and most samples were free of metastasis 
(67.6%, M0). Furthermore, the overall mean days to the last follow-up were 337.73 ± 737.85. It indicated a 24.5% 
mortality rate.

Data preprocessing and the identification of DEGs
As an initial analytical step, the RNA-seq dataset was systematically preprocessed to identify differentially 
expressed genes associated with lung adenocarcinoma. The dataset, obtained from GDAC, encompassed 522 
samples and 20,531 genes. Key features were identified by extracting those with a correlation coefficient > 0.5. 
Finally, 3513 genes were normalized and identified based on our criteria (a standard log and P < 0.05). These 
were visualized using volcano plots and PCA analysis (Figs. 1, 2, 3 and 4).

Identifying predictive markers
Model performance was evaluated to assess the predictive accuracy of the deep learning framework and to 
identify key genes associated with lung adenocarcinoma. The deep learning model exhibited excellent 
classification performance, with a Brier score of 0.0013 (on test set probabilities), an AUC of 1.0, and an overall 
accuracy of 98.44%. To further assess the model fit in terms of regression-style prediction of expression-derived 
features, we also calculated the Root Mean Squared Error (RMSE = 0.0363) and the coefficient of determination 
(R² = 0.9856), which confirmed the consistency of the model’s predictive capacity. After evaluation, the deep 
learning framework identified 20 key genes, as presented in Table 4. Among these, CYP3A7 exhibited the highest 
effect size with a value of 1, followed by LDLR (0.946212), KCNA4 (0.920194), SSTR4 (0.917751), and CD101 
(0.908966).

Gene ontology analyses of DEGs, functional annotation, and pathway enrichment analyses
Functional enrichment analyses were performed to characterize the biological processes and pathways associated 
with the identified differentially expressed genes. Genes for KEGG pathway analysis and gene ontology were 
analyzed using R software. These genes were found to influence various molecular and cellular pathways and 
several congenital and acquired conditions (Figs. 5, 6, 7, 8, 9, 10, 11 and 12). A significance threshold of P < 0.05 
was applied.

Investigation of the correlations of demographic/clinical with disease
Correlation analysis was conducted to examine the relationships between candidate genes and key demographic 
and clinical variables. The relationships between candidate genes and demographic/clinical variables are 
illustrated in Figs. 13, 14, 15 and 16. Data analysis revealed a significant positive correlation between tumor 
invasion depth and stage (r = 0.9), tumor invasion and metastasis (r = 0.4), and metastasis and stage (r = 0.6), 
as well as a negative correlation between metastasis and race (r = − 0.4). Correlation values below 0.3 were 
considered weak, between 0.3 and 0.6 moderate, and above 0.6 substantial.

Identifying diagnostic markers
Diagnostic performance was evaluated to identify gene combinations with optimal discriminative ability for 
lung adenocarcinoma. Tables 5 and 6 illustrate the sensitivity and specificity of different combinations of genes 
in diagnosing lung adenocarcinoma. The combination of A2M.2, CYP2C9.1559 and SIRPD (Ensembl ID: 
128646) attained the highest sensitivity with the best AIC value in GLM analysis. Table 5 represents cut-off, 
sensitivity, specificity, AUC, negative and positive predictive values, and GLM analysis of 16 combinations with 
sensitivity > 90%.

Identifying prognostic markers
Prognostic relevance was assessed using survival-based analyses to identify genes associated with patient 
outcomes in lung adenocarcinoma. Our cox regression model identified genes CYP2C9, GATA1, GPBAR1, 
KCNV1, KRT24, LOC286467, NKX2, and SIRPD as the prognostic markers. While employing deep learning, 

Real-time step Temperature Duration

Initial activation 95 °C 5 min

40 cycles

 Denaturation 59 °C 15 s
 Annealing 56–60 °C 60 s
 Extension 72 °C 20 s

Table 2.  Reaction temperatures and times for real-time RT-PCR.
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Clinicopathological variables No. of patients (%) /mean ± SD

Patients 522

Mean age (Years, mean ± SD) 62.95 ± 15.71

Age at initial pathologic diagnosis 62.95 ± 15.71

Sex

 Male 242 (46.4)

 Female 280 (53.6)

Race

 NA 67 (12.8)

 Asian 8 (1.5)

 White 393 (75.3)

 Black or African-American 53 (10.2)

 American-Indian or Alaska native 1 (0.2)

Ethnicity

 NA 126 (24.1)

 Not Hispanic or Latino 389 (74.5)

 Hispanic or Latino 7 (1.3)

Neoplasm cancer status

 Missing 93 (17.8)

 Tumor-free 315 (60.3)

 With tumor 114 (21.8)

Stage

 0 8 (1.5)

 1 279 (53.6)

 2 123 (23.6)

 3 85 (16.3)

 4 26 (5.0)

Depth of tumor invasion (T)

 T1 172 (33.0)

 T2 281 (53.8)

 T3 47 (9.0)

 T4 19 (3.6)

 Tx (NA) 3 (0.6)

Lymph node involvement (N)

 N0 335 (64.2)

 N1 98 (18.8)

 N2 75 (14.4)

 N3a, N3b, N3c 2 (0.4)

 Nx (NA) 12 (2.3)

Metastasis (M)

 M0 353 (67.6)

 M1 25 (4.8)

 Mx (NA) 144 (27.6)

Pack-years smoked 28.48 ± 29.66

Follow-up vital status

 Dead 128 (24.5)

 Alive 394 (75.5)

Case-control

 Case 16 (3.1)

 Control 506 (96.9)

Days to last follow-up 337.73 ± 737.856

Table 3.  Demographics of the population.
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gene LOC730668 was recognized as a prognostic marker. Besides, based on weight correlation, ACVRL1.94, 
C10orf67.256815, C14orf132.56967, CDH5.1003, LIMS2.55679, PECAM1.5175, PTPN21.11099, STX11.8676, 
and WWC2.80014 are potential prognostic markers.

Validation
External validation was performed to assess the robustness and reproducibility of the identified candidate genes 
across independent datasets. Candidate genes were validated in 80% of datasets.

Fig. 2.  Visualization of the dataset, illustrating preprocessing steps and the distribution of differentially 
expressed genes (DEGs) after normalization and selection criteria application.

 

Fig. 1.  Visualization of the dataset, illustrating preprocessing steps and the distribution of differentially 
expressed genes (DEGs) after normalization and selection criteria application.
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Analysis of identified biomarkers using RT-PCR
Positivity rates of biomarkers
Biomarker positivity rates were compared between lung adenocarcinoma patients and healthy controls to 
evaluate their diagnostic potential in peripheral blood. The positivity rates of biomarkers were assessed in the 
peripheral blood of cancer patients and healthy individuals (Fig. 17A–D). CYP2C9 was positive in 20 out of 30 
cancer patients, compared to 5 out of 30 healthy individuals, with a significant difference between the groups 
(P < 0.001).

A2M showed a positive result in 8 out of 30 cancer patients, compared to 25 out of 30 healthy individuals, 
showing a significant difference between groups (P < 0.001).

KRT14 was positive in 25 out of 30 cancer patients and 6 out of 30 healthy individuals, with a statistically 
significant difference (P < 0.001).

PECAM1 was positive in 26 out of 30 in cancer group, and 7 out of 30 in healthy group, exhibiting a significant 
difference observed (P < 0.001).

Analysis of expression levels of biomarkers (fold changes)
Quantitative expression analysis was performed to compare biomarker expression levels between lung 
adenocarcinoma patients and healthy controls. The relative expression levels of biomarkers between patients 
and healthy individuals were measured using the ΔΔCt method for VEGF-mRNA and CK20-mRNA. The results 
are presented in Fig. 18.

Discussion
In the current study, bioinformatic analysis and deep learning approaches were combined to identify novel 
biomarkers of lung adenocarcinoma. Our data illustrated the potential value of the combination of A2M, 
CYP2C9, KCNV1, KRT24, and SIRPD as a diagnostic marker in lung adenocarcinoma. This combination of 
biomarkers significantly enhances the accuracy of early detection and diagnosis, providing a robust tool for 
identifying lung adenocarcinoma at its nascent stages. The bioinformatics analyses provide inferential outcomes 
of numerous statistical computations based on chip or sequencing data. Although the obtained results are 
somewhat reliable, they still require experimental confirmation. Beyond biomarker discovery, our study also 
contributes methodologically by integrating a deep learning framework into the conventional DEG–TCGA/
GEO analysis pipeline. In contrast to traditional models such as logistic regression, random forest, and SVM, 
our neural network achieved superior discriminative performance, as reflected by higher accuracy, AUC, and 
calibration metrics. This highlights that deep learning not only improves the robustness of predictive modeling 
but also enhances the translational relevance of biomarker identification in lung adenocarcinoma. By combining 
computational modeling with RT-PCR validation, our workflow offers an original and integrative strategy 
that distinguishes this study from previously published bioinformatics-based approaches. Recent studies have 
increasingly applied artificial intelligence and multi-omics integration to cancer biomarker discovery. For 
example, Yu et al.6 introduced a deep-learning model based on immune-related features such as M1 macrophages 
and APOBEC3G to predict immunotherapy efficacy, while Yu et al.7 developed a multimodal framework 
combining pathology images, transcriptomics, and genomic data for papillary thyroid carcinoma prognosis. 

Fig. 3.  Visualization of the dataset, illustrating preprocessing steps and the distribution of differentially 
expressed genes (DEGs) after normalization and selection criteria application.
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Similarly, Ouyang et al.8 identified cuproptosis-related lncRNA signatures in lymphoma using machine learning 
and transformer-based models, and Zhang et al.9 highlighted the emerging role of RNA ac⁴C modifications in 
tumor biology. In another recent study, transformer-based machine learning models were applied to integrate 
TCGA and GEO transcriptomic data for identifying prognostic lncRNA signatures associated with regulated 
cell death pathways in diffuse large B-cell lymphoma, demonstrating the growing application of advanced deep 
learning architectures in cancer biomarker discovery8. Moreover, recent comprehensive reviews have emphasized 
the emerging importance of RNA modifications, including N4-acetylcytidine (ac⁴C), in tumor biology and 
biomarker research, further expanding the landscape of RNA-based cancer biomarkers9. Advanced integrative 
computational frameworks combining complex biological data with data-driven analytical strategies have also 
been applied across diverse disease contexts, demonstrating the versatility and scalability of modern modeling 
approaches in biomedical research10. Compared with these studies, our work is innovative in its focus on early-
stage lung adenocarcinoma and the integration of a multi-hidden-layer deep-learning model with external 
dataset validation and RT-PCR confirmation of peripheral blood biomarkers. This approach not only improves 
diagnostic and prognostic accuracy beyond conventional machine learning models but also emphasizes clinical 
applicability through minimally invasive testing.

The results of bioinformatics analysis helped us to identify key genes, which we could validate their 
expression level in vitro through RT-PCR for further confirmation. to replicate and experimentally verify. After 
experimental verification through RT-PCR, we identified four biomarkers including CYP2C9, A2M, KRT14 and 
PECAM1, that were significantly differentially expressed in the plasma of lung adenocarcinoma patients when 
compared to healthy individulas.

Furthermore, the results of the analysis revealed the prognostic role of LOC730668, CYP2C9, GATA1, 
GPBAR1, KCNV1, KRT2, LOC286467, NKX2.5, SIRPD, ACVRL1, ACADL, C14orf132, CDH5, LIMS2, 
PECAM1, PTPN21, STX11, and WWC2 biomarkers. These biomarkers collectively offer insights into disease 
progression and patient outcomes, helping to tailor more effective and personalized treatment plans.

Fig. 4.  Visualization of the dataset, illustrating preprocessing steps and the distribution of differentially 
expressed genes (DEGs) after normalization and selection criteria application.
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Recent genomic studies suggest that LOC730668, a pseudogene located on chromosome 22q13.31, may play 
a regulatory role in cancer-related biological processes, particularly through epigenetic mechanisms. Although 
LOC730668 does not encode a functional protein, emerging evidence indicates that genetic loci associated 
with this gene may influence DNA methylation patterns and gene expression regulation, which are critical 
contributors to tumorigenesis. In the present study, LOC730668 was identified as a prognostic marker in lung 

Fig. 5.  Gene ontology analyses of DEGs, functional annotation, and pathway enrichment analyses.

 

Gene name Coefficient Full name

CYP3A7 1 Cytochrome P450 family 3 subfamily A member 7

LDLR 0.946212 Low density lipoprotein receptor

KCNA4 0.920194 Potassium voltage-gated channel subfamily A member 4

SSTR4 0.917751 Somatostatin receptor 4

CD101 0.908966 CD101 molecule

LY6G6E 0.907611 Lymphocyte antigen 6 family member G6E (pseudogene)

SEMA3G 0.907103 Semaphorin 3G

ADCY4 0.901025 Adenylate cyclase 4

DNASE1L3 0.898131 Deoxyribonuclease 1 like 3

KRTCAP3 0.890417 Keratinocyte associated protein 3

AKR1C1 0.598502 Aldo-keto reductase family 1 member C1

ABCA12 0.594535 ATP binding cassette subfamily A member 12

LOC730668 0.593221 Dynein heavy chain -like pseudogene

PTX3 0.590128 Pentraxin 3

KRT79 0.588745 Keratin 79

PAX9 0.587992 Paired box 9

RHBG 0.581945 Rh family B glycoprotein

TFR2 0.578836 Transferrin receptor 2

RBP4 0.574061 Retinol binding protein 4

ONECUT1 0.567962 One cut homeobox 1

Table 4.  The top DEGs of TCGA.
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Fig. 7.  Gene ontology analyses of DEGs, functional annotation, and pathway enrichment analyses.

 

Fig. 6.  Gene ontology analyses of DEGs, functional annotation, and pathway enrichment analyses.
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adenocarcinoma, suggesting that its potential involvement in epigenetic regulation may be relevant to disease 
progression and patient outcomes. Further functional investigations are warranted to clarify the mechanistic 
role of LOC730668 in lung adenocarcinoma.

Another diagnostic biomarker is A2M, one of the large glycoproteins (720 kDa) present in bodily fluids, 
which primarily functions as a protease inhibitor. A2M plays diverse and complex roles by binding to different 
hormones and regulating their activity; several studies on the association between A2M and cancer have 
indicated that A2M might play an important anti-tumor role. For instance, Qiu et al. investigated the possible 
role of A2M-AS1 in pancreatic cancer, showing that its expression levels decreased in pancreatic cancer and were 
positively correlated with the survival time of patients. Moreover, A2M-AS1 can also be used as a diagnostic and 

Fig. 9.  Gene ontology analyses of DEGs, functional annotation, and pathway enrichment analyses.

 

Fig. 8.  Gene ontology analyses of DEGs, functional annotation, and pathway enrichment analyses.
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prognostic biomarker for pancreatic cancer. Serum A2M levels have been also been inversely correlated with 
PSA levels in men with advanced prostate cancer11. This multifaceted role of A2M in various biological processes 
highlights its significance and potential in both clinical diagnostics and therapeutic applications.

Cytochrome P450 2C9 (CYP2C9) has been implicated as a cancer-related biomarker due to its role in drug 
metabolism and regulation of tumor-associated biological processes. Extrahepatic expression of CYP2C9 has 
been reported in neoplastic tissues, and the enzyme has been linked to vascular endothelial cell proliferation, 
suggesting a role in tumor angiogenesis12.

CYP2C9 functions as a major epoxygenase involved in endothelial cell migration and angiogenesis under 
hypoxic conditions. Altered metabolism of arachidonic acid by CYP2C9 variants has been shown to influence 
epoxyeicosatrienoic acid (EET) production, thereby contributing to non-small cell lung cancer (NSCLC) 

Fig. 11.  Gene ontology analyses of DEGs, functional annotation, and pathway enrichment analyses.

 

Fig. 10.  Gene ontology analyses of DEGs, functional annotation, and pathway enrichment analyses.
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progression through modulation of angiogenic and hypoxia-related pathways13. Genetic variants of CYP2C9 
have been associated with lung cancer susceptibility, disease progression, and therapeutic response, highlighting 
its potential prognostic relevance14–16. Experimental studies further indicate that modulation of CYP2C9 
expression affects cell-cycle progression and proliferation, supporting its functional involvement in tumor 
growth and treatment response17.

This suggests that pre-therapeutic genotyping could be advantageous for planning treatment strategies 
for affected patients18. Differential expression of CYP2C9 has also been reported across tumor subtypes, 
underscoring its context-dependent role in cancer biology19.

Fig. 13.  Investigation of the correlations of demographic/clinical with Disease.

 

Fig. 12.  Gene ontology analyses of DEGs, functional annotation, and pathway enrichment analyses.

 

Scientific Reports |         (2026) 16:6679 14| https://doi.org/10.1038/s41598-026-35971-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Research on the KCNV1 gene has indicated its potential role as a biomarker for cancer, particularly in the 
context of gene expression and tumor progression. While direct studies on KCNV1 as a biomarker in cancer are 
limited, references suggest its involvement in cancer-related pathways and potential utility in cancer diagnostics 
and prognosis.

Fig. 15.  Investigation of the correlations of demographic/clinical with Disease.

 

Fig. 14.  Investigation of the correlations of demographic/clinical with Disease.
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KRT14 (Keratin 14) has been investigated as a potential cancer-related biomarker, as alterations in 
keratin expression are commonly associated with malignant transformation in epithelial tissues. Changes in 
KRT14 expression have been reported among the molecular alterations detected during early stages of tumor 
development20. Overexpression of KRT14 has been observed in esophageal adenocarcinoma, supporting its 
potential diagnostic relevance in epithelial malignancies. Transcriptomic analyses have further demonstrated 
alterations in KRT14-related regulatory pathways during disease progression21. KRT14 expression has also been 
detected in biological fluids of cancer patients and has been associated with prognostic indicators in transitional 
cell carcinoma of the bladder22. In lung adenocarcinoma, KRT14 expression has been linked to patient outcomes, 
potentially through interactions with FSTL3-related signaling pathways23. Experimental evidence from lung 
cancer models indicates that KRT14-high tumor cell subpopulations exhibit enhanced metastatic potential by 
resisting anoikis via upregulation of Gastrokine 1 (Gkn1), which correlates with poor survival24. Collectively, 
these findings support a mechanistic and clinical role for KRT14 as a diagnostic and prognostic biomarker, 
particularly in the context of lung adenocarcinoma.

Moreover, in cutaneous squamous cell carcinoma (cSCC), decreased degradation of KRT14, facilitated by 
the overexpression of transglutaminase 3 (TGM3), results in the dysregulation of epidermal differentiation in 
cSCC cells. TGM3 inhibits tumor progression through the p13k/Akt signaling pathway, which mediates the 
degradation of KRT1425.

PECAM-1, also known as platelet-endothelial cell adhesion molecule 1 (PECAM-1), is a member of the 
immunoglobulin superfamily and functions as an adhesion receptor expressed on endothelial cells, platelets, 
and leukocytes. CD31 plays an important role in regulating endothelial cell functions and the tumor 
microenvironment, contributing to angiogenesis and lymphangiogenesis, which are key determinants of tumor 
growth and metastasis26,27. Studies utilizing mouse models have demonstrated that PECAM-1 knockdown 
inhibits tumor development and metastasis, further establishing its role in tumor biology27.

Evidence indicates that PECAM-1 (CD31) is differentially expressed in non-small cell lung cancer (NSCLC) 
and is associated with tumor angiogenesis and disease progression26–28. In non-small cell lung cancer (NSCLC) 
patients, circulating endothelial cells with surface CD31 have revealed a great predictive value for the efficacy 
of anti-angiogenic therapeutic, such as anlotinib. Anlotinib downregulates CD31 through enhancing the PI3K/
AKT signaling pathway29. CD31 overexpression has been linked to enhanced angiogenic activity through 
its association with δ-catenin, a regulator of tumor invasion and migration in NSCLC30. However, Cao et 
al. found high PECAM-1 expression was associated with a survival advantage suggests that it may serve as a 
protective prognostic factor maybe through regulating T-cell mediated immune responses31. CD31 functions 
as a multifunctional receptor involved in signaling pathways that regulate cell migration and tumor-related 
cellular behavior. Its dysregulated expression has been associated with aggressive pathological features in 
cancer, underscoring the context-dependent role of CD31 in tumor progression and its potential therapeutic 
relevance32,33.

In our study, CYP2C9 emerged as both a diagnostic and prognostic biomarker, consistent with its role as a 
cytochrome P450 epoxygenase that metabolizes arachidonic acid into epoxyeicosatrienoic acids (EETs). EETs 
are known to promote angiogenesis, endothelial cell proliferation, and tumor progression across several cancer 
types34. Moreover, recent evidence indicates that functional variants of CYP2C9 (CYP2C92/*3) directly modulate 

Fig. 16.  Investigation of the correlations of demographic/clinical with Disease.
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AUC SE SP CutOff ACC TN TP FN FP NPV PPV

CYP2C9.1559 0.504 0.240 0.949 0.910 0.312 56 124 393 3 0.125 0.976

Combination 1 0.964 0.876 0.966 0.902 0.885 57 453 64 2 0.471 0.996

Combination 8 0.629 0.458 0.881 0.901 0.502 52 237 280 7 0.157 0.971

Combination 9 0.538 0.242 0.966 0.918 0.316 57 125 392 2 0.127 0.984

Combination 10 0.750 0.547 0.966 0.921 0.590 57 283 234 2 0.196 0.993

Combination 11 0.761 0.557 0.881 0.922 0.590 52 288 229 7 0.185 0.976

Combination 12 0.574 0.447 0.763 0.894 0.479 45 231 286 14 0.136 0.943

Combination 13 0.950 0.919 0.898 0.848 0.917 53 475 42 6 0.558 0.988

Combination 29 0.970 0.917 0.949 0.864 0.920 56 474 43 3 0.566 0.994

Combination 30 0.965 0.892 0.966 0.882 0.899 57 461 56 2 0.504 0.996

Combination 31 0.968 0.925 0.932 0.835 0.925 55 478 39 4 0.585 0.992

Combination 32 0.973 0.948 0.932 0.796 0.946 55 490 27 4 0.671 0.992

Combination 33 0.971 0.928 0.932 0.842 0.929 55 480 37 4 0.598 0.992

Combination 34 0.987 0.963 0.949 0.759 0.962 56 498 19 3 0.747 0.994

Combination 50 0.663 0.513 0.831 0.901 0.545 49 265 252 10 0.163 0.964

Combination 51 0.807 0.609 0.915 0.918 0.641 54 315 202 5 0.211 0.984

Combination 52 0.815 0.602 0.949 0.925 0.637 56 311 206 3 0.214 0.990

Combination 53 0.662 0.387 0.966 0.931 0.446 57 200 317 2 0.152 0.990

Combination 54    0.955 0.890 0.915 0.895 0.892 54 460 57 5 0.486 0.989

Combination 55 0.752 0.540 0.949 0.924 0.582 56 279 238 3 0.190 0.989

Combination 56    0.769 0.621 0.847 0.913 0.644 50 321 196 9 0.203 0.973

Combination 57 0.609 0.515 0.780 0.894 0.542 46 266 251   13 0.155 0.953

Combination 58 0.951 0.865 0.949 0.910 0.873 56 447 70 3 0.444 0.993

Combination 59 0.842 0.675 0.932 0.914 0.701 55 349 168 4 0.247 0.989

Combination 60 0.766 0.605 0.915 0.909 0.637 54 313 204 5 0.209 0.984

Combination 61  0.969 0.923 0.915 0.864 0.922 54 477 40 5 0.574 0.990

Combination 62  0.783 0.644 0.814 0.909 0.661 48 333 184 11 0.207 0.968

Combination 63 0.959 0.880 0.949 0.898 0.887 56 455 62 3 0.475 0.993

Combination 64 0.954 0.897 0.932 0.888 0.901 55 464 53 4 0.509 0.991

Combination 120 0.809 0.600 0.915 0.924 0.632 54 310 207 5 0.207 0.984

Combination 121         0.822 0.687 0.847 0.901 0.703 50 355 162 9 0.236 0.975

Combination 122 0.690 0.464 0.898 0.919 0.509 53 240 277 6 0.161 0.976

Combination 123     0.956 0.863 0.949 0.922 0.872 56 446 71 3 0.441 0.993

Combination 124        0.874 0.737 0.881 0.898 0.752 52  381 136 7 0.277 0.982

Combination 125      0.813 0.567 0.949 0.937 0.606 56 293 224 3 0.200 0.990

Combination 126   0.972 0.952 0.881 0.737 0.944 52 492 25 7 0.675 0.986

Combination 127     0.829 0.578 0.983 0.936 0.620 58 299 218 1 0.210 0.997

Combination 128 0.964 0.896 0.949 0.893 0.901 56 463 54 3 0.509 0.994

Combination 129 0.957 0.901 0.915 0.882 0.903 54 466 51 5 0.514 0.989

Combination 130 0.843 0.725 0.898 0.899 0.743 53 375 142 6 0.272 0.984

Combination 131 0.767 0.613 0.898 0.905 0.642 53 317 200 6 0.209 0.981

Combination 132 0.969 0.956 0.881 0.762 0.948 52 494 23 7 0.693 0.986

Combination 133 0.790 0.571 0.881 0.925 0.602 52 295 222 7 0.190 0.977

Combination 134 0.959 0.890 0.949 0.890 0.896 56 460 57 3 0.496 0.994

Combination 135 0.954 0.909 0.898 0.870 0.908 53 470 47 6 0.530 0.987

Combination 136 0.850 0.716 0.898 0.901 0.734 53 370 147 6 0.265 0.984

Combination 137 0.974 0.919 0.932 0.878 0.920 55 475 42 4 0.567 0.992

Combination 138 0.969 0.956 0.881 0.745 0.948 52 494 23 7 0.693 0.986

Combination 139 0.961 0.894 0.932 0.884 0.898 55 462 55 4 0.500 0.991

Combination 155 0.972 0.884 0.983 0.913 0.894 58 457 60 1 0.492 0.998

Combination 156 0.979 0.915 0.966 0.881 0.920 57 473 44 2 0.564 0.996

Combination 157 0.975 0.936 0.932 0.804 0.936 55 484 33 4 0.625 0.992

Combination 158 0.988 0.959 0.949 0.789 0.958 56 496 21 3 0.727 0.994

Table 5.  Combinations with the most diagnostic Value.
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Fig. 17.  (A–D) Sensitivity and specificity of gene combinations for lung adenocarcinoma diagnosis. The 
A2M.2, CYP2C9.1559, and SIRPD (Ensembl ID: 128646) combination showed the highest sensitivity with the 
best AIC in GLM analysis.

 

Combination Total degrees of freedom (Residual) Null deviance AIC

29 575 (572) 380.6 169.4

A2M (-4.1060) CYP2C9 (0.4170) KCNV1 (0.9415)

31 575 (572) 380.6 167.1

A2M (-3.906( CYP2C9 (0.424) LOC286467 (1.032)

32 575 (572) 380.6 154.8

A2M (-4.217) CYP2C9 (0.398) LOC730668 (1.905)

33 575 (572) 380.6 164.8

A2M (-4.4527) CYP2C9 (0.4359) NKX2 (2.3241)

34 575 (572) 380.6 110

A2M (-3.5974) CYP2C9 (0.6283) SIRPD (-3.1199)

61 575 (572) 380.6 152.5

CYP2C9 (0.2698) LOC286467 (1.6070) SIRPD (-3.9713)

129 575 (571) 380.6 177

CYP2C9 (0.3721) KCNV1 (0.8017) NKX2 (0.9034) SIRPD (3.6592)

137 575 (571) 380.6 142

CYP2C9 (0.175) LOC286467 (1.560) LOC730668 (1.554) SIRPD (-3.899)

156 575 (570) 380.6 144.2

A2M (-4.3267) CYP2C9 (0.3627) KCNV1 (1.1830( LOC730668 (2.0912)

157 575 (570) 380.6 158.1

A2M (-4.5499) CYP2C9 (0.4233( KCNV1 (0.8312( KRT24 (0.5315) NKX2 (2.2551)

158 575 (570) 380.6 108.7

A2M (-3.6795) CYP2C9 (0.5339) KCNV1 (0.7986) KRT24 (0.4263) SIRPD (-3.0666)

Table 6.  Genes (coefficient) of the most diagnostic combinations.
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tumorigenesis by altering EET production, which may influence cancer development and vascularization in lung 
tissues35. These findings resonate with our data, suggesting that the elevated expression of CYP2C9 in lung 
adenocarcinoma may reflect enhanced angiogenic and metabolic activity that contributes to tumor growth and 
progression.

A2M, identified in our study as a key diagnostic marker, is a broad-spectrum protease inhibitor implicated 
in immune modulation and tumor–stromal interactions. Recent proteogenomic analyses have shown that 
downregulation of ADAMTS1, which interacts with A2M, contributes to tumorigenesis and alters the immune 
microenvironment in lung adenocarcinoma36. In parallel, a pan-cancer analytical framework established that 
the LINC00987/A2M axis correlates with immune infiltration, hypoxia, and stemness characteristics, suggesting 
that A2M may serve not only as a biomarker but also as a functional regulator of the immune contexture in 
LUAD37. These observations align with our data and support a mechanistic hypothesis: altered A2M expression 
in lung adenocarcinoma may influence immune cell recruitment and microenvironmental remodeling, thereby 
linking biomarker potential with biological relevance.

KRT14 emerged in our study as a strong diagnostic biomarker and its potential mechanistic link with 
invasion and metastasis is supported by recent evidence. Prior research in lung cancer models demonstrated that 
subpopulations of KRT14-high cells possess elevated metastatic capability by resisting anoikis via upregulation 
of Gastrokine-1 (Gkn1)38. Additionally, broader analyses across multiple tumor types revealed that KRT14 
overexpression is associated with poorer survival and may be involved in epithelial–mesenchymal transition 
(EMT) and collective cell invasion39. These observations align with our findings of upregulated KRT14 in lung 
adenocarcinoma samples and suggest a mechanistic hypothesis: elevated KRT14 expression in LUAD may 
facilitate invasive and metastatic behavior by enhancing anoikis resistance and EMT-related processes.

Looking ahead, the biomarkers identified in our study, namely A2M, CYP2C9, and KRT14, may extend 
beyond diagnostic and prognostic roles to serve as targets or modulators in RNA-based therapeutic strategies. 
Emerging advances in RNA therapeutics, including mRNA cancer vaccines and microRNA-focused treatments, 
offer promising avenues for leveraging such biomarkers for therapy. For instance, recent reviews highlight that 
mRNA cancer vaccines can reprogram immunity by targeting tumor-specific transcripts, and over 60 candidates 
are currently in clinical development40. In parallel, microRNAs are increasingly recognized as both potential 
therapeutic agents and targets, capable of modulating oncogenic pathways in vivo41. Conceivably, our identified 
markers, if mechanistically linked to tumor progression pathways, could be incorporated into personalized 
RNA-directed interventions, such as RNA vaccines encoding neoantigens or miRNA-based inhibitory/activating 
constructs, thereby bridging biomarker discovery with translational oncology.

Recent evidence suggests that dysregulated RNA expression profiles in tumors might not only serve as 
effective diagnostic and prognostic biomarkers but also provide actionable targets for RNA-based therapeutics. 
For example, a pan-cancer analysis identified tumor antigens and immune subtypes as potential candidates 
for mRNA vaccine development42, and a recent review has outlined the emerging progress and mechanistic 
basis of tumor-targeted mRNA vaccines43. These findings complement our current work by positioning RNA 

Fig. 18.  The fold change of CYP2C9, A2M, KRT14, and PECAM1 in two groups of lung adenocarcinoma 
patients and healthy individuals showed a statistically significant difference between groups (P < 0.001). 
CYP2C9 expression was 4.1 times higher in cancer patients compared to healthy individuals. A2M expression 
in cancer patients was 0.5 times or half thet of healthy individuals. KRT14 expression was 8.1 times higher 
in cancer patients than in healthy individuals. PECAM1 expression was 2.2 times higher in cancer patients 
compared to healthy individuals.
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biomarkers in lung adenocarcinoma within a broader translational framework that includes potential RNA-
directed therapeutic strategies.

The SIRP family of proteins, including SIRPD, plays significant roles in immune response modulation, which 
is crucial for cancer progression and treatment. Although specific research articles directly linking SIRPD as a 
biomarker for cancer are limited, the protein family it belongs to, particularly SIRPα, has been studied extensively 
in cancer immunotherapy. SIRPα interacts with CD47, a “don’t eat me” signal on cancer cells, allowing these 
cells to evade phagocytosis by macrophages. Blocking this interaction has been shown to enhance the immune 
system’s ability to attack cancer cells, making it a target for therapeutic interventions. Each biomarker exhibited 
a significant difference in positive rates between the patient and healthy groups, highlighting their potential 
relevance in disease detection.

The dataset used for model development comprised 522 samples, including 506 lung adenocarcinoma cases 
and 16 healthy controls, reflecting a substantial class imbalance that is inherent to the structure of the publicly 
available dataset.

To mitigate and monitor the potential bias introduced by this imbalance, we employed evaluation metrics 
that are recommended for imbalanced classification tasks, including the area under the receiver operating 
characteristic curve (AUC) and the F1 score, rather than relying solely on overall accuracy. These metrics provide 
a more informative assessment of model performance under skewed class distributions.

Although no resampling techniques (such as oversampling or undersampling) were applied, the consistently 
high AUC and F1 score values observed on the independent test set suggest that the model performance was not 
driven exclusively by the majority class. Nevertheless, future studies using larger and more balanced cohorts are 
warranted to further validate the robustness and generalizability of the proposed biomarkers.

Conclusion
We concluded that the combination of A2M, CYP2C9, KCNV1, KRT24, and SIRPD has significant potential 
as a diagnostic marker in lung adenocarcinoma. which was confirmed by RT-PCR method. This combination 
of biomarkers significantly enhances the accuracy of early detection and diagnosis, providing a robust tool 
for identifying lung adenocarcinoma at its nascent stages. Early and precise diagnosis is critical for improving 
patient outcomes, as it allows for timely intervention and tailored treatment strategies.

Further research is needed to fully emphasize this potential. Continued studies should focus on validating 
these biomarkers in larger, more diverse populations and exploring their mechanisms in lung adenocarcinoma 
progression. This will help solidify their role in clinical practice and maximize their impact on patient care. 
Bioinformatics methods have the potential to identify key biomarkers involved in disease pathogenesis and serve 
as a valuable tool to recognize key genes and biomarkers before confirmation of these genes through RT-PCR 
using patients’ samples.

Data availability
The data that support the findings of this study are available upon request through corresponding authors.
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