
Dean&Francis

Genetic selection for lung adenocarcinoma: a statistical approach 
based on pathological genetic data

Yuhao Wang

Abstract:
Lung adenocarcinoma (LUAD) is the most common subtype of non-small cell lung cancer (NSCLC), with high 
morbidity and mortality worldwide, posing a serious threat to human health. Due to the complex molecular mechanism 
of lung adenocarcinoma, which involves a variety of genetic and environmental factors, this makes early diagnosis and 
treatment a major challenge. This research aims to identify the key pathogenic genes of lung adenocarcinoma to solve 
the challenges in early diagnosis and treatment. In this paper, three differential analysis methods, limma, DESeq2 and 
edgeR, were used to select 3315 differential genes. Then, combined with Lasso regression and XGboost algorithm, 
the pathological gene data were analyzed in depth, and through these advanced statistical and machine learning 
techniques, the genes related to lung adenocarcinoma were screened from a large number of gene expression data, and 
17 characteristic genes of the highest importance were found GO enrichment analysis and KEGG enrichment analysis 
were performed on these characteristic genes to clarify the biological functions of the genes. Finally, 8 significant 
pathogenic genes were identified by Cox survival analysis. The expression levels of these genes are closely related to 
the prognosis of lung adenocarcinoma patients, providing a new perspective for understanding the disease mechanism. 
The conclusions of this study not only improve the understanding of the molecular mechanism of lung adenocarcinoma, 
but also provide potential biomarkers for clinical diagnosis and treatment. The discovery of these genes is expected 
to promote the development of early diagnosis technology and guide the formulation of personalized treatment plans, 
thereby improving the treatment efficacy and quality of life of lung adenocarcinoma patients. In the future, these genes 
may become key targets for the development of new drugs and therapeutic strategies.
Keywords: Lung adenocarcinoma; difference analysis; Lasso returns; XGboost; enrichment analysis; Cox 
survival analysis;

I. Introduction
Cancer is a serious disease with high mortality rate and 
low cure rate, which poses a serious threat to human life 
and health worldwide, and the pathogenic mechanism of 
cancer makes it difficult for human beings to adopt univer-
sal and effective treatment methods. Lung cancer is one of 
the malignant cancers with the highest incidence and mor-
tality among cancers, and according to data from the Chi-
nese National Health Commission in 2024, lung cancer 
has the highest incidence and mortality among all cancers 
in China. Lung cancer can be divided into lung adenocar-
cinoma and lung squamous cell carcinoma, among which 
lung adenocarcinoma is a common subtype of non-small 
cell lung cancer (NSCLC), and unlike lung squamous 
cell carcinoma, the incidence of lung adenocarcinoma is 
relatively less affected by external influences (especially 
soot) and may be caused by abnormal genes. According 
to the World Health Organization (WHO), more than one 
million people are diagnosed with lung adenocarcinoma 
every year. Despite advances in early diagnosis and treat-

ment in recent years, the five-year survival rate for lung 
adenocarcinoma remains relatively low, which has led to 
an urgent need for researchers to conduct more in-depth 
research on lung adenocarcinoma.
The molecular mechanism of lung adenocarcinoma is 
complex and involves a variety of genetic and environ-
mental factors. With the establishment of the TCGA data-
base[15] and the continuous breakthrough of RNA sequenc-
ing technology [17], statistical analysis and identification 
of genes have become easier. The identification of patho-
genic genes can help reveal the pathogenesis of lung ade-
nocarcinoma, provide targets for the development of new 
therapeutic strategies, and formulate more effective early 
intervention strategies, and the development of genomics 
and transcriptomics provides powerful tools for studying 
gene expression patterns in lung adenocarcinoma [9].
A number of studies have identified some genes associ-
ated with lung adenocarcinoma, but most have focused 
on known driver genes, such as EGFR and ALK [8,18,19,21]. 
Gao and Deng (2018) investigated the correlation between 
gene expression and location distribution of metastatic 
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organs; Yang et al. (2022) investigated the relationship 
between gene mutations and imaging and pathological 
features; Yang et al. (2021) investigated the driving prin-
ciples of these genes in the early stage of lung adenocar-
cinoma, but some non-significant and indirect pathogenic 
genes are not considered enough; Zubair and Bandyop-
adhyay (2023) explored the therapeutic mechanism of 
EGFR inhibitors. However, due to the heterogeneity of 
lung adenocarcinoma, gene expression patterns may vary 
significantly between different patients, which increases 
the complexity of pathogenic gene identification.
At the same time, some studies have combined genetic 
and clinical data to deeply discuss the development and 
evolution of lung cancer, as well as the corresponding 
treatment and prognosis studies [1,2,3,7,11,13,14]. Frankell et 
al. (2023) explored the relationship between different 
driver genes and clinical data; Al Bakir et al. (2023) iden-
tified the need to develop a targeted metastasis strategy; 
Martínez-Ruiz et al. (2023) discovered the interaction 
of genome and transcriptome in influencing ITH, lung 
cancer evolution, and metastasis; Boumelha et al. (2023) 
used mouse simulated ERV response expression to predict 
ICB expression in human lung adenocarcinoma. Abbosh 
et al. (2023) developed a novel circulating tumor DNA 
(ctDNA) method for the detection and analysis of residual 
tumor cells that persist after curative therapy; Al-Sawaf 
et al. (2023) explored the association between body com-
position and body weight and survival, and delineated 
the underlying biological processes and mediators that 
contribute to the development of CAC; Karasaki et al. 
(2023) showed that different gene frequencies were seen 
in tumors with different histological features, suggesting 
the existence of different evolutionary trajectories. With 
the discovery of these studies, a huge breakthrough has 
been made in the clinical diagnosis and treatment of lung 
cancer.
However, these studies often ignore other potentially 
important factors in gene expression data, and although 
some progress has been made in existing studies, there 
are still many challenges in identifying and validating the 
genes that cause lung adenocarcinoma. For example, most 
studies focus on known driver genes and ignore potential 
novel disease-causing genes. In addition, there may be 
inconsistencies in results between different studies, which 
may be related to differences in sample selection, data 
analysis methods, or statistical methods. This study aims 
to fill this gap by identifying pathogenic genes for lung 
adenocarcinoma from pathological genetic data through 
the comprehensive application of advanced statistical 
methods and machine learning techniques. Our goal is to 
improve the accuracy of pathogenic gene identification 
and provide new biomarkers for early diagnosis, person-
alized treatment and prognosis evaluation of lung adeno-

carcinoma. Future studies need to adopt more rigorous ex-
perimental design and statistical methods to improve the 
reliability and generalization ability of pathogenic gene 
identification.
This research used three differential analysis methods: 
DESeq2, edgeR and limma, to identify genes with signifi-
cant differential expression. These methods have different 
statistical advantages, and through their combined use, 
the reliability of the results can be improved. In addition, 
we introduce Lasso regression and XGboost algorithms, 
two machine learning methods that excel in processing 
high-dimensional data and discovering complex patterns. 
Through Cox survival analysis, we further determined 
the impact of these genes on the survival of lung adeno-
carcinoma patients. These findings not only contribute to 
the understanding of the molecular mechanisms of lung 
adenocarcinoma, but may also have a direct impact on 
clinical practice, such as guiding the development of per-
sonalized treatment strategies.
The article is organized as follows: In section II, we detail 
the data sources, data wrangling and cleaning processes, 
as well as the selection and application of variance analy-
sis methods. In section III, we show the screening process 
and results of pathogenic genes, as well as the detailed 
steps and conclusions of Cox survival analysis. Finally, 
in section IV, we discuss the potential implications of the 
findings of this study for lung adenocarcinoma research 
and clinical practice, and propose directions for future re-
search.

Figure 1.1.1 Process analysis
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II. Data Processing
In this paper, the genetic status and clinical data of lung 
adenocarcinoma patients were selected from the TCGA 
database, and then the three commonly used differential 
gene analysis methods in R language, namely limma, 
DESeq2 and edgeR, were used for specific processing. 
These methods are widely used in transcriptomics re-
search, and each has its own unique algorithm and appli-
cation scenarios, so these methods were chosen to identify 
differentially expressed genes between lung adenocarcino-
ma and normal tissues.
Data Sources and Processing
The data for this study were derived from The Cancer 
Genome Atlas (TCGA) project, which provided a large 
number of gene expression data and clinical information 
for patients with lung adenocarcinoma. We collected gene 
expression data samples from the TCGA database, includ-
ing lung adenocarcinoma patients and normal controls, 
and 522 samples of relevant clinical information (with 
duplicates).
Data processing is a critical step in ensuring data quality 
and the reliability of analytical results. First, the data was 
processed with the following steps:
1. Data merging: For multiple sample data downloaded 
from TCGA, we read and merge them into matrix form 

through R language.
2. Data integrity check and cleaning: ensure that the gene 
expression data of all samples are complete and there are 
no missing values.
3. Data type conversion: Convert the raw data into a for-
mat suitable for subsequent analysis, such as converting 
the gene expression matrix into CSV or R data frame for-
mat.
4. Data filtering: When processing the transcriptome data 
matrix, the expression level of the gene in many sam-
ples is 0, which means that the gene is very likely to be 
irrelevant to the problem studied in this paper, and is in 
the statistical consideration of big data, the study selects 
10% of the total number of samples (i.e., 60 cases) as the 
threshold, if the expression level of the gene in no more 
than 60 samples is not 0, the gene is removed, and finally 
the expression matrix we need is obtained.
5. Data grouping: Through classification, 59 normal sam-
ples and 541 diseased samples were identified.
Differential genes
After data cleaning and filtering, there were 18662 genes 
in the expression matrix, which greatly affected the re-
search and analysis of pathogenic genes for lung adeno-
carcinoma.

Figure 2.2.1 PCA result
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For default reasons, we finalized the up-regulation and 
down-regulation criteria for differentially impartially mut-
ed genes as: mean log FC sd log FC( 2 )2 2+  and p < 0.05  

as a threshold. The results of the selection of the three dif-
ferential genes are as follows:
1. DESeq2: 127 down-regulated genes, 847 up-regulated 
genes, and 17688 non-difference genes were obtained.

2. edgeR: 74 down-regulated genes, 879 up-regulated 
genes, and 17709 non-difference genes were obtained.
3. Limma: 583 down-regulated genes, 440 up-regulated 
genes, and 17639 non-differential genes were obtained.
Based on the above three difference analysis methods, 
their respective heat maps and volcano maps are obtained 
as follows:

Figure 2.2.2 Three major differences analysis heat map and volcano map
Finally, if the differential gene is selected so that the gene 
is treated as a differential gene in any of the differential 
analysis methods, the result is 302 up-regulated genes and 
73 down-regulated genes, with a total of 375 differential 
genes.
However, this screening method leads to a small number 
of differential genes, which will delete some important dif-
ferential genes, which is not conducive to the subsequent 
selection of characteristic genes and the determination of 
the final pathogenic genes. At the same time, in view of 
the advantages and disadvantages of the above three dif-
ferential analysis methods in differential gene selection, 
we believe that as long as it is up-regulated or down-reg-
ulated in a differential analysis, it is considered to be the 
required differential gene. By this screening method, 3315 

differential genes without duplications were selected.
III. Selection of disease-causing genes
This section employs two statistical or machine learning 
methods, Lasso regression and XGboost methods, to 
further screen and validate differential genes, which are 
uniquely advantageous in processing high-dimensional 
data and discovering complex patterns, and then picking 
out the trait genes needed for the study. After obtaining 
the identified characteristic genes, we further evaluated 
the relationship between gene expression and survival 
time of lung adenocarcinoma patients through enrichment 
analysis and Cox survival analysis, and obtained the final 
pathogenic genes, and at the same time plotted the corre-
sponding survival curves.
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Application of Lasso regression and 
XGboost method
Lasso regression is a linear regression model with L1 
regularization terms, capable of feature selection, i.e., au-
tomatic exclusion of unimportant variables during model 
training, as follows:

∑ ∑
i j

N k

= =1 1
( y xi j ij j j− +∑k

=1 β λ β)
Compared with other regression analysis methods, Lasso’s 
L1 regular term can completely remove some coefficients, 
which is very useful in high-dimensional processing and 
feature selection, and can effectively prevent overfitting.
Through the analysis of the gene sample expression 
matrix in Section 2, Lasso regression was carried out, 
and the highest degree of fitting was obtained when 
λ = 0.001062 , and then the upper and lower bounds of λ  
were selected and re-introduced into the regression model 
through cross-validation, and finally 8 characteristic genes 
were obtained: GAPDH, AUNIP, IGF2BP1, CDC25A, 
FAM83B, RGS20, GIMAP5, and DKK1. At the same 
time, the ROC curve was used to evaluate the fitting abili-
ty of the model, and the AUC = 0.657  was obtained.
However, due to the strong punitive nature of Lasso, its 
ability to predict the model is relatively weak, so the next 
machine learning method will be used to further improve 
the prediction ability of the model, and also provide an-
other method for selecting characteristic genes.
XGboost is an ensemble learning method based on gra-
dient boosting decision trees, which excels in handling 
unbalanced data and improving prediction accuracy.
We use the default parameters of XGboost in the R lan-
guage package to analyze the same data matrix, and in the 
selection of the training set and the test set, we divide into 
two methods. Method 1: simply select the test set and the 
training set in a ratio of 1:4, take importance as the main 
parameter, and obtain 6 characteristic genes: IGF2BP1, 
PCP4, PKIB, KIAA1549L, CDH22, CALB1, and use the 
ROC curve to evaluate the fitting ability of the model, and 
obtain AUC = 0.742 ; Method 2: On the basis of method 
1, after the average split of the training set, after compre-
hensive training in two small training sets, fitting in the 
original test set, similarly obtained 6 characteristic genes: 
DKK1, ACSM6, VTCN1, TMC2, DYDC1, KRT81, and 
using the ROC curve to evaluate the fitting ability of the 
model, and obtained AUC = 0.918 .
Finally, by combining Lasso regression and XGboost 
methods, 18 characteristic genes were selected after re-
moving duplicate genes. In terms of cancer prediction, the 
XGboost method is significantly better than Lasso, and 
the combination of the two methods can further improve 

the fitting ability of the model by improving the selection 
of characteristic genes.

Figure 3.1.1 Simulated fitting ROC curves of 
the three models

Enrichment Analysis
GO (Gene Ontology) enrichment analysis is a widely used 
method to determine the statistical significance of genes 
in a gene set in terms of cellular composition (CC), bio-
logical processes (BP), and molecular function (MF). In 
this way, it is possible to discover the correlation between 
gene function and disease states. GO enrichment analysis 
of the above 18 characteristic genes yielded 15 significant 
results for cell composition, 20 significant results for bio-
logical processes and 10 significant results for molecular 
function ( p < 0.05 ). These genes regulate the formation 
of cellular components, control their division, and thus 
affect the outcome of lung adenocarcinoma.
KEGG (Kyoto Encyclopedia) enrichment assays focus 
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on identifying whether genes in a gene set are involved in 
specific metabolic pathways or signaling pathways. The 
KEGG database provides a wealth of biological informa-
tion, including metabolic pathways, disease-related genes, 
and drug mechanisms of action. Through KEGG enrich-

ment analysis, it is possible to understand the interaction 
of genes and their network relationships in the occurrence 
and development of diseases. The results show that these 
genes play a key role in regulating metabolism, energy 
balance, and cellular stress response.
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Figure 3.2.1 The results of the enrichment analysis are partially displayed 

 

 

 

Figure 3.2.1 The results of the enrichment analysis are partially displayed
Identification and conclusion of pathogenic genes
After the 18 characteristic genes were selected based on 
Lasso regression and XGboost method, the pathogenic 
genes were further screened out, and the main basis of 
the study was Cox proportional hazards regression, which 
has significant advantages in dealing with the effects of 
multiple covariates and data censoring. Therefore, com-

bined with clinical data, in order to exclude the significant 
expression results caused by non-lung adenocarcinoma 
direct factors such as age, sex and race, 8 significant 
genes were finally obtained from Cox analysis: DKK1, 
FAM83B, KIAA1549, KRTB1, GAPDH, PKIB, IG-
F2BP1, and RGS20 (p<0.05).
The results of the Cox analysis are as follows:

Gene coef se z p HR HRCILL HRCIUL
GAPDH 0.673 0.184 3.651 0.000 1.961 1.366 2.815
DKK1 0.812 0.186 4.370 0.000 2.251 1.564 3.240

KIAA1459L 0.626 0.184 3.394 0.001 1.870 1.303 2.685
KRT81 0.588 0.189 3.114 0.002 1.801 1.244 2.608
PKIB 0.506 0.185 2.727 0.006 1.685 1.153 2.385

FAM83B 0.490 0.182 2.697 0.007 1.633 1.143 2.332
RGS20 0.494 0.184 2.683 0.007 1.639 1.142 2.350

IGF2BP1 0.474 0.184 2.576 0.010 1.606 1.120 2.304

Table 3.3.1 Cox analysis of salient genes
Next, the survival curves of these 8 characteristic genes 
were plotted to visualize the results:
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Figure 3.3.1 Survival curves of 8 characteristic genes
From Table 3.3.1 and Figure 3.3.1, it can be found that 
the final selection of eight pathogenic genes does play an 
important role in the occurrence and subsequent impact 
of lung adenocarcinoma, and at the same time, through 
literature search, we can understand their pathogenic 
mechanism from a biological sense, and have a deeper un-
derstanding of whether these genes can become prognos-
tic markers and targets for lung adenocarcinoma immu-
notherapy: DKK1[12]; FAM83B[16]; KRT8[4]; GAPDH[10]; 
PKIB[6]; IGF2BP1[20]; RGS20[5].
IV. Discussion and Conclusion
Discussion
As the most common subtype of non-small cell lung 
cancer, lung adenocarcinoma has a high incidence and 
mortality rate worldwide, posing a serious threat to human 
health. In view of the complex molecular mechanism of 
lung adenocarcinoma, in-depth study of its pathogenic 
genes is of great significance to reveal the nature of the 
disease, improve the early diagnosis rate and develop new 
treatment strategies. In this study, 3315 differential genes 
were screened by comprehensive application of limma, 
DESeq2 and edgeR. On this basis, 18 pathogenic genes 
with the highest importance were successfully screened 
by Lasso regression and XGboost algorithm, and their 
pathogenic mechanisms were found by GO and KEGG 
enrichment analysis. Further Cox survival analysis iden-
tified 8 significant pathogenic genes, providing a new 
perspective for the molecular mechanism research and 
clinical treatment of lung adenocarcinoma. Compared 
to previous studies, this study not only identified known 
driver genes, such as EGFR and ALK, but also identified 
some new potential pathogenic genes. These findings ex-
pand our understanding of the gene expression profile of 
lung adenocarcinoma and provide new research directions 
for future research. The screening of pathogenic genes not 
only helps to deepen the understanding of the molecular 

mechanisms of lung adenocarcinoma, but may also have a 
direct impact on clinical practice, such as guiding the de-
velopment of personalized treatment strategies and the im-
provement of prognostic assessment. Although this study 
has made some progress in the identification of patho-
genic genes, there are still some limitations. For example, 
limitations in the sample size of studies downloaded from 
the TCGA database may have affected the generalizability 
of the results; The screening method of differential genes 
leads to the problem of multicollinearity in the sample, 
which makes the fitting effect of the subsequent model 
unsatisfactory. In addition, this study mainly focuses on 
the changes at the gene expression level, and the in-depth 
analysis of gene function and regulatory network is insuf-
ficient. The findings of this study have potential clinical 
significance for early diagnosis, personalized treatment 
and prognosis evaluation of lung adenocarcinoma. In the 
future, these pathogenic genes can be used as new thera-
peutic targets or diagnostic markers to further promote the 
development of precision medicine for lung adenocarci-
noma.

Conclusion
In this study, advanced statistical and machine learning 
techniques were used to screen 17 key genes associated 
with lung adenocarcinoma from pathological data, and 
8 genes were confirmed to have a significant impact on 
patient survival through Cox analysis. These findings pro-
vide new biomarkers for the early diagnosis and treatment 
of lung adenocarcinoma, which is expected to improve the 
prognosis of patients.
In the future, these genes may become new targets for 
clinical treatment, which will help develop personalized 
medical protocols and improve patient survival. Despite 
the limitations of the research, the results have opened up 
a new path for the precision treatment of lung adenocarci-
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noma and the improvement of quality of life.
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