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Background: Karyopherin alpha (KPNA), a nuclear transporter, has been
implicated in the development as well as the progression of many types of
malignancies. Immune homeostasis is a multilevel system which regulated by
multiple factors. However, the functional significance of the KPNA family in the
pathogenesis of lung adenocarcinoma (LUAD) and the impact of immune
homeostasis are not well characterized.

Methods: In this study, by integrating the TCGA-LUAD database and Masked
Somatic Mutation, we first conducted an investigation on the expression levels
and mutation status of the KPNA family in patients with LUAD. Then, we
constructed a prognostic model based on clinical features and the
expression of the KPNA family. We performed functional enrichment analysis
and constructed a regulatory network utilizing the differential genes in high-and
low-risk groups. Lastly, we performed immune infiltration analysis using
CIBERSORT.

Results: Analysis of TCGA datasets revealed differential expression of the KPNA
family in LUAD. Kaplan-Meier survival analyses indicated that the high
expression of KPNA2 and KPNA4 were predictive of inferior overall survival
(OS). In addition, we constructed a prognostic model incorporating clinical
factors and the expression level of KPNA4 and KPNAS5, which accurately
predicted 1-year, 3-years, and 5-years survival outcomes. Patients in the
high-risk group showed a poor prognosis. Functional enrichment analysis
exhibited remarkable enrichment of transcriptional dysregulation in the
high-risk group. On the other hand, gene set enrichment analysis (GSEA)
displayed enrichment of cell cycle checkpoints as well as cell cycle mitotic
in the high-risk group. Finally, analysis of immune infiltration revealed significant
differences between the high-and low-risk groups. Further, the high-risk group
was more prone to immune evasion while the inflammatory response was
strongly associated with the low-risk group.
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Conclusions: the KPNA family-based prognostic model reflects many
biological aspects of LUAD and provides potential targets for precision

lung adenocarcinoma, the KPNA family, immune homeostasis, biomarker, potential
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Introduction

Lung cancer is among the most prevalent tumors and
contributes to about 21% of all cancer-related fatalities (Siegel
et al,, 2022). Non-small cell lung cancer (NSCLC) is the most
common subtype of lung cancer that represents at least 85% of all
cases of lung cancer. Histologically, NSCLC can be categorized
into three types, namely, large cell carcinoma, lung squamous cell
carcinoma (LUSC), and lung adenocarcinoma (LUAD), (Ko
et al, 2018 Majem et al, 2020). Currently, the principal
treatment modalities for lung cancer include targeted therapy,
chemotherapy, radiotherapy, surgery, and immunotherapy
(Catania et al,, 2021). Due to the highly malignant nature of
lung cancer, 5-year survival rates of patients with stage I to ITIA
range from 14 to 49%, and those for stage IIIB to IV disease
are <5% (Ko et al., 2018). LUAD is the most common subtype of
lung cancer, accounting for approximately —40% of all cases (Yin
et al., 2019). The 5-years overall survival (OS) rate of patients
with LUAD is less than 20% (Wu et al,, 2021). Therefore,
exploration of the pathogenetic mechanism of LUAD and
identification of potential therapeutic targets is a key research
imperative.

Karyopherin alpha (KPNA) are nuclear transporters (NTRs)
that consist of a cluster of basic amino acids, which selectively
through the nuclear pore complex (NPC) (Hazawa et al., 2020;
Miyamoto et al., 2020). NPC is composed of 30 nucleoporin
(NUP) proteins, which is the sole channel between the nucleus
and the cytoplasm (Hazawa et al.,, 2020). Active transport of
proteins from the cytoplasm to the nucleus through NPC usually
requires a carrier molecule that identifies the transport signal on
the cargo, which is called nuclear localization signal (NLS)
(Miyamoto et al, 2016). The classical mechanism of the
passage of proteins into the nucleus is as follows: cargoes
usually possess NLS that is initially detected by KPNA and
then exhibits interaction with karyopherin bl (KPNBI1), and
the created trimeric complex diffuses into the nucleus through
NPC (Myat et al, 2018). The main role of KPNA in
nucleocytoplasmic transport is to function as adaptor
molecules that carry protein cargoes carrying NLS and
Karyopherin beta (KPNB) from the cytoplasm to the nucleus
(Miyamoto et al., 2016). In addition to its function in mediating
nucleocytoplasmic transport, KPNA also has non-transport
functions such as lamin polymerization, nuclear membrane
formation, spindle assembly, protein degradation, cytoplasmic
retention, cell surface function, gene expression, and mRNA-
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related function (Miyamoto et al., 2016). In addition, KPNA is
increasingly recognized to have a central in cancer growth and
progression (Wang et al,, 2012; Xu et al,, 2021).

The human type the KPNA family consists of seven subtypes,
KPNA1, KPNA2, KPNA3, KPNA4, KPNA5, KPNA6, and
KPNA7 (Miyamoto et al,, 2016), and these subtypes exhibit
42-86% homology to one another (Oostdyk et al,, 2019). The
KPNA family can be further divided into three subfamilies based
on sequence homology: al, a2, and a3. The al subfamily
comprises three members, KPNAI, KPNA5, and KPNAG6.
a2 subfamily comprises two members, KPNA2 and KPNA7.
a3 subfamily comprises two members, KPNA3 and KPNA4
(Miyamoto et al, 2016; Myat et al, 2018). KPNAI was the
founding member of the al subfamily. The a2 and
a3 subfamilies are known to have evolved through duplication
of the founding KPNA, and to have developed cell and tissue-
specific roles which facilitate development and differentiation in
higher eukaryotes (Oostdyk et al., 2019). Aberrant expression of
the KPNA family has been detected in multiple cancers, which
was related to poor prognosis. For example, a study identified
high KPNA1 expression in breast cancer, which was associated
with poor overall survival (OS) (Tsoi et al., 2021). High
KPNA2 expression in melanoma was linked to poor OS and
disease-free survival (DFS) (Yang et al., 2020). High expression of
KPNA2 has been identified in ovarian carcinoma and cervical
cancer, which was associated with poor prognosis (Cui et al.,
2021; Wang et al., 2021). High KPNA4 expression in liver cancer
was shown to be associated with poor OS in patients (Xu et al.,
2021).

The KPNA family plays varied roles in different types of
malignancies. For example, KPNA1 was shown to modulate the
nuclear import of NCOR2 splicing variant BQ323636.1 and thus
promote tamoxifen resistance in breast cancer (Tsoi et al., 2021).
The expression of KPNA2 in ovarian carcinoma can promote
epithelial-mesenchymal transition (EMT), migration, and
invasion. The expression of KPNA2 in colorectal cancer tissue
was correlated with stage, differentiation status, and metastasis.
Overexpression of KPNA2 indicated a poor prognosis in patients
(Han and Wang, 2020). KPNA3 was shown to confer sorafenib
resistance via TWIST-regulated EMT in advanced liver cancer
(Hu et al., 2019). The expression of KPNA4 in prostate cancer
was shown to promote metastasis through miR-708-KPNA4-
TNF axes (Yang et al., 2017), and KPNA4 was found to enhance
cancer cell proliferation and cisplatin resistance in cutaneous
squamous cell carcinoma (Zhang et al., 2019). KPNA5, KPNA6,
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and KPNAI binding regions can promote the proliferation of
breast cancer cells (Kim et al., 2015). KPNA7 promotes cell
growth and anchorage-independent growth, and reduces
et al., 2014).
Previous studies have reported overexpression of KPNA4 in
LUAD and identified it as a potential key driver of the
malignant phenotype (Hu et al, 2020). Nonetheless, the

functional role and underlying mechanism of the KPNA

autophagy of pancreatic cancer cells (Laurila

family in LUAD are poorly understood.

In this study, we used the TCGA-LUAD database and
Masked Somatic Mutation the
mutation status, and prognostic value of the KPNA family in

to evaluate expression,
LUAD. We built a prognostic model for individuals on the basis
of the clinical features and the expression of the KPNA family
and analyzed the differences in mutational signature in the two
risk groups. Next, we did a differential expression analysis, Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway
enrichment analysis, and Gene Ontology (GO) enrichment
analysis in the two risk groups. Finally, we performed the
analysis of immune infiltration in these groups. This is the
first investigation to examine the function of the KPNA
family in LUAD, as per our best knowledge. Our findings
may avail both potential biomarkers and therapeutic targets
against LUAD.

Materials and methods
Data acquisition and pretreatment

TCGA-LUAD expression profile data were acquired from
UCSC Xena (http://xena.ucsc.edu/); the downloaded data type
was count, and the count values were transformed to transcript
per million (TPM) values in advance. Transcriptomic data from
594 patients in TCGA-LUAD, 535 tumor samples, and 59 normal
samples were included in the current analysis. In addition, we
selected “Masked Somatic Mutation” data as the somatic
mutation data (n = 561) of LUAD patients from TCGA GDC
(https://portal.gdc.cancer.gov/), processed these data using VarScan,
and performed an analysis of somatic mutation using the maftools R
package (Mayakonda et al.,, 2018). The copy number information
(n = 531) of patients in TCGA-LUAD was downloaded in UCSC
Xena, which assessed gene copy number variation (CNV).

In this analysis, we used the clinical information of
594 patients from TCGA-LUAD, including age, sex, survival
status, and TNM stage. We matched patient IDs in the clinical
database with the transcriptomic data as well as somatic
mutation data above and removed samples with unavailable
transcriptomic data and somatic mutation data.

The KPNA family (KPNAI, KPNA2, KPNA3, KPNA4,
KPNA5, KPNA6, and KPNA7) expression profiles, mutation
data, and CNV data were extracted via R languages for
subsequent analysis.
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Differential expression analyses

Based on information in the TCGA-LUAD datasets, we
divided the samples into tumor samples and normal samples
and screened out differentially expressed genes (DEGs) utilizing
the DESeq2 package. The screening criteria were log2 (fold
change) > 1.0 and p-value < 0.05 (Love et al, 2014).
Subsequently, differential expression analysis was performed
using the DESeq2 package to determine the expression
profiles of low-and high-risk groups. The screening criteria
were log2 (fold change) > 2.0 and adj. p-value < 0.05.
Volcano plots were plotted using package ggplot2, heat maps
were drawn using package pheatmap to demonstrate the
differential gene expression.

Establishment of the prognostic model

Kaplan-Meier method in conjunction with the log-rank test
was utilized for survival analysis to establish the link between
high/low expression of the KPNA family genes and OS.

To determine the predictive power of the KPNA family for the
prognosis of LUAD individuals, we performed univariate Cox
regression analysis, LASSO regression analysis, and multivariate
Cox regression analysis based on the TCGA-LUAD to identify
independent prognostic factors, and created a prognostic model.
First, univariate Cox proportional regression analysis was utilized
to investigate the link between the expression levels of genes in the
KPNA family and OS; genes with an adjusted p-value < 0.1 were
retained. Subsequently, to eliminate the effect of multicollinearity, we
used the LASSO algorithm to screen meaningful variables in
univariate Cox regression analysis. Then we performed a stepwise
regression analysis using multivariate Cox regression to discover
independent prognostic factors. Finally, optimized gene expression
and correlation estimated Cox regression coefficients were taken into
consideration to generate a risk score formula: risk score = (exp-
Genel*coef-Genel)  +
Gene*coef-Gene).

(exp-Gene2*coef-Gene2)+. . .. .. +(exp-

The participants were then classified into the aforementioned
two risk groups as per the given risk score. Kaplan-Meier analysis
and log-rank test were performed to compare OS in the two
groups applying the survival package. Additionally, receiver
operating characteristic (ROC) curve analysis evaluated the
survival predictive value of the risk score. The area under
ROC curves (AUC) values were derived utilizing the R
package timeROC.

After detection of independent prognostic factors, we
combined clinical information such as age, sex, stage, and
other factors to establish a nomogram for prognostic
assessment of LUAD patients. In particular, we evaluated the
prognostic outcomes at 1, 3, and 5 years, correspondingly. The
reliability of the model was assessed by plotting the calibration

curve.
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Construct functional enrichment analysis
and regulatory network

We did GO enrichment analysis as well as KEGG pathway
enrichment analysis of the differentially expressed genes of two
risk groups utilizing the clusterProfiler R package and R package
GOPlot (Ogata et al., 1999; Ashburner et al., 2000; Yu et al,
2012). GSEA was instrumental in developing the gene expression
matrix with clusterProfiler R package; “c2. cp.all.v7.0. symbols”
was chosen as a reference gene set. In addition, false discovery
rate (FDR) < 0.25 with p < 0.05 denotes substantial enrichment
(Suarez-Farinas et al., 2010). Based on the “c2. cp.all.v7.0.
symbols” gene set, we utilized the R package Gene set
variation analysis (GSVA) on the basis of the gene expression
matrix for each sample, calculated the related pathway scores,
and generated the Heat maps using the ssGSEA method
(Hanzelmann et al., 2013).

Using the STRING protein-protein interactions database, we
evaluated the link between the hub genes and their interactions
and exported the results; core genes were thoroughly screened
with the CytoHubba Plugin in Cytoscape (Chin et al., 2014).

In addition, hub genes-miRNA regulation analysis and
transcription factors-target genes regulatory network analysis
with  NetworkAnalyst  (http://www.
Results finally
exported from Networkanalyst, and miRNA-hub genes and

were  performed

networkanalyst.ca/NetworkAnalyst). were
transcription factors-hub genes regulatory network plotted
using Cytoscape software.

Analysis of immune cell infiltration

We performed deconvolution with transcriptome matrix
using the CIBERSORT algorithm (which is premised on the
linear support vector regression principle) and assessed the
cellular composition and the abundance of immune cells in
the mixed infiltrate (Newman et al, 2015). Gene expression
matrices data were uploaded onto the CIBERSORT, and after
filtering the outputs (p-value < 0.05), we obtained the matrix of
infiltrating immune cells. Bar graphs were plotted using R
package ggplot2 to demonstrate the distributions of 22 types
of infiltrating immune cells in every sample. In addition, we
studied the correlation of two risk groups with immune and
inflammation by extracting HLA family-related genes (MHC
class I and II) and complement-related genes.

Statistical analysis

The R software (version 4.0.2) performed all the analyses and
data processing. Between-group variations with respect to
normally distributed continuous variables were investigated
with the aid of the Student’s ¢-test, whereas those with respect
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to non-normally distributed variables were investigated utilizing
the Mann-Whitney U test
Additionally, for between-group differences with respect to

(Wilcoxon’s rank-sum test).
categorical variables, the Chi-squared test or Fisher exact test
was used. Correlation between different genes was assessed using
Spearman correlation analysis. Kaplan-Meier survival analyses
were done through the utilization of the R package survival and
the between-group differences in survival outcomes were
assessed using the log-rank test. Univariate as well as
multivariate Cox regression analyses were utilized to ascertain
the independent prognostic factors. Two-sided pvalues <
0.05 denoted statistical significance for all analyses.

Results

Aberration of the KPNA family in TCGA-
LUAD

First, we extracted the KPNA family from the TCGA-LUAD
datasets, which included KPNA1, KPNA2, KPNA3, KPNA4,
KPNA5, KPNA6, and KPNA7, and the details are shown in
Supplementary Table S1. We plotted the heatmaps of the
KPNA family and found a non-uniform trend in their
expression with no significant correlations between them
(Figures 1A,B). We identified differential expression of
KPNA2, KPNA3, KPNA5, KPNA6, and KPNA7. Compared
with normal tissue, KPNA2, KPNA6, and KPNA7 were highly
expressed in LUAD, while KPNA3 and KPNA5 expression were
decreased in LUAD (Figure 1C). Subsequently, we plotted ROC
curves, which clearly showed the discriminative value of these
genes in differentiating between tumor samples and non-tumor
samples. The AUC values of KPNA2, KPNA3, KPNA5, and
KPNA7 were >0.7, which
discriminating ability. In addition, we did Kaplan-Meier

indicated a  promising
survival analysis to identify genes that affect the prognosis in
LUAD. The expression of KPNA2 and KPNA4 was found to
affect the OS of LUAD individuals, and the patients with high
expression of KPNA2 and KPNA4 showed a much worse
prognosis (Figures 1D-]).

The panorama of gene mutations was displayed in TCGA-
LUAD datasets; missense mutations accounted for the majority of
mutations, single-nucleotide polymorphisms (SNPs) occurred more
frequently than deletions or insertions, and C>A was most
frequently identified in single nucleotide variants (SNVs) among
patients with LUAD (Supplementary Figures S1A,B). Subsequently,
we extracted the KPNA family information and analyzed the
mutational signatures. The frequency of overall the KPNA family
mutations was low, and the mutation types were primarily missense
mutations (Figure 2A). We plotted the lollipop diagrams according
to mutational signatures (Figures 2B-G). In addition, we analyzed
CNV changes according to the information on the CNV of the
KPNA family. As shown in Figure 2H, the copy number
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FIGURE 1

Expression patterns of the KPNA family in TCGA-LUAD (A) Heat maps of gene expressions of the KPNA family (B) Heat map of gene-gene
correlations in the KPNA family (C) Boxplots of the KPNA family genes between the normal and tumor tissues (D-J) ROC curve showing group
differences and the Kapla-Meier curves showing survival differences. * represents p < 0.05; ** represents p < 0.01; *** represents p < 0.001; ns

represents no significant difference (p > 0.05).

amplifications of KPNA1, KPNA2, KPNA4, KPNA6, and KPNA7 in
total samples were higher than the copy number deletions, but the
copy number amplifications of KPNA3 and KPNA5 were lower than
the copy number deletions.

Creation of prognostic model based on
the KPNA family

We conducted a univariate Cox regression analysis to detect
the KPNA family genes linked to the prognosis of LUAD
patients. Four genes were discovered to be linked to survival.
To further screen the genes associated with prognosis, we
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screened the genes using LASSO regression analysis and Cox
regression analysis and eventually identified KPNA4 and KPNA5
as independent prognostic factors (Figures 3A-C). As per their
expression values and regression coefficients, we derived the risk
score for LUAD specimens and plotted the heatmaps to visualize
the distribution of samples in the two risk groups (Figure 3D).
We conducted a survival analysis of LUAD individuals utilizing
their risk score-based grouping; the findings affirmed that
patients in the high-risk group experienced a poor prognosis
(Figure 4A). ROC curve analysis indicated good predictive
efficacy of risk score-based grouping for 1-year, 3-years, and
5-years survival outcomes (1-year AUC = 0.615, 3-years AUC =
0.645, 5-years AUC = 0.629) (Figure 4B).
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FIGURE 3

Independent prognostic factors of the KPNA family (A) Forest plot of univariate Cox regression analysis of the KPNA family (B) Lasso regression
model of the KPNA family (C) Forest plot of multivariate Cox regression analysis of the KPNA family (D) Calculated risk score and the heat maps of risk

factors based on the findings of multivariate Cox regression analysis.

Subsequently, we constructed a nomogram incorporating
age, sex, clinical stage, and the expression level of KPNA4 and
KPNAS for prognostic assessment of LUAD patients (Figure 4C).
Through calibration curves, we found that the prognostic model
for 1-year, 3-years, and 5-years had high reliability (Figure 4D).
Additionally, we performed risk stratification based on different
factors including age, sex, clinical stage, survival status, and
immune subtypes. The results affirmed that there were no
remarkable differences between the two risk groups with
respect to age or sex; however, there were substantial
differences between the two risk groups in terms of clinical

stage and immune subtypes (Figures 4E-I).
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Comparison of tumor mutation burden
and microsatellite instability utilizing risk
score

We further compared the mutational signatures between
the two groups utilizing the risk score. There were no
remarkable differences in MSI scores between the two risk
groups, but the high-risk group had greater TMB scores in
contrast to the low-risk group (Figures 5A,B). Subsequently,
we analyzed the top 30 mutant genes of the two risk groups
and ascertained variations in genetic mutations between them
(Figure 5C).
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Differential expression analysis and
functional enrichment analysis of high-
and low-risk groups

According to the low-and high-risk groups, we did a
differential analysis of all genes within the expression
profiles in the TCGA cohort using the volcano plots and
heat maps (Figures 6A,B). Pathway enrichment analysis, as
well as GO enrichment analysis, were performed on DEGs
separately (Supplementary Tables S2, S3). GO enrichment
analysis included molecular function (MF), biological process
(BP), and cellular component (CC). The key DEGs enriched
the following principal biological processes: epithelium
development, cornification, tissue development, and
morphogenesis of a branching epithelium, morphogenesis
of a branching structure; the principal aggregation of
cellular components was as follows: extracellular region,

cornified envelope, and chromatin. The principal enriched
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DNA-binding
transcription factor double-
stranded DNA binding, and amino acid sodium symporter
activity (Figures 6C,D). The pathway enrichment was mainly

molecular functions were as follows:

activity, sequence-specific

enriched in Neuroactive ligand-receptor interaction, Salivary
secretion, Galactose metabolism, Vascular smooth muscle
contraction, and Transcriptional dysregulation in cancers
(Figures 6E,F).

Subsequently, we constructed PPI networks by STRING
databases to identify the hub genes and reveal their potential
interactions. First of all, we built protein interaction networks by
DEGs and the minimum score of interactions was set to 0.7
(Supplementary Figure S2A). We additionally determined the
most relevant genes in the PPI networks by the Cytohubba plugin
and 15 genes were regarded as hub genes: SPANXD, MAGEA4,
MAGECI1, SPANXC, CTAG2, MAGEA10, CT45A1, MAGEAI,
MAGEAI, MAGEC2, SPRR2D, KRT6A, KRT14, CASP14, and
SPRR2E (Supplementary Figure S2B).
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We also predicted the potential miRNAs which regulate the
15 hub genes by the Networkanalyst databases; the final
subnetwork contained 49 nodes (i.e., miRNA) and 11 seeds
(i.e, matched hub genes) (Supplementary Figure S2C).
Similarly, we obtained the transcription factors-hub genes
regulatory networks based on the JASPAR databases, the final
contained 14 seeds (i, hub genes) and 46 nodes
(i-e., transcription factors) (Supplementary Figure S2D).

Subsequently, we carried out GSEA between the two risk
groups to identify remarkably enriched pathways (p-value <
0.05) (Supplementary Table S4). The GSEA results showed
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p > 0.05).

enrichment of cell cycle checkpoints, cell cycle mitotic,
retinoblastoma gene in cancer, mitotic metaphase, and
anaphase in the high-risk group. CD22 mediated BCR
regulation, heme scavenging from plasma, asthma, and
antigen activates B cell receptor BCR resulting in the
generation of second messengers were enriched in the low-
risk group (Figures 7A,B). GSVA findings ascertained that
there were variations in a total of six gene sets between the
two risk groups, according to the screening of the hallmark
gene sets, for example, angiogenesis, apical surface, and

apical junction (Figure 7C).
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Analysis of immune infiltration in the high-
and low-risk groups

the bar graphs. The infiltration scores and correlation analysis
between the 22 immune cells were obtained by the CIBERSORT
algorithm, respectively (Figures 8A,B). We further evaluated the
After ranking based on the risk score, the immune cell differences in immune cell infiltrates in the two risk groups. As

infiltration for each sample in the TCGA LUAD is shown in shown in Figure 8C, the infiltration scores for naive B cells,
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plasma cells, CD4" T cells memory resting T cells, and resting
dendritic cells were lower in the high-risk group than in the low-
risk group; however, the infiltration scores for CD8* T cells and
MO Macrophages were greater in the high-risk group. We
computed the correlation of the expression level of KPNA4
and KPNA5 and various types of immune cells by Spearman’s
correlation  analysis S3, S4).
Additionally, we combined the genes related to immunity and
inflammation (for example, HLA family and complement-
related genes), and analyzed the differences in the two risk
groups. We found that the MHC-II family was decreased in
the high-risk group, and the main function of the MHC-II gene is
antigen-presenting. This suggested that the antigen-presenting
function might be affected in the high-risk group (Figures 8D,E).

(Supplementary  Figures
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Additionally, there were variations of complement-related genes
in both groups, which illustrated a close association with
inflammation (Figures 8F,G).

Discussion

Due to its highly malignant nature and a paucity of methods
for early diagnosis, LUAD is linked to high incidence as well as
mortality rates. Therefore, recognition of particular principal
molecular pathways and extensively sensitive, reliable
biomarkers is required to improve the early diagnosis and
survival outcomes of LUAD patients. Previous investigations

have demonstrated the relationship of the KPNA family genes
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with tumor progression (Wang et al., 2012; Xu et al,, 2021).
However, there is a lack of in-depth characterization of the role of
the KPNA family in LUAD. This is the first investigation to
develop a prognostic model premised on the expression of the
KPNA family genes, as per our best knowledge. Enrichment
analysis revealed the involvement of the KPNA family in
transcription,  cell  cycle, immune infiltration, and
inflammatory response, which are tumor-related processes.
Thus, our findings may be useful in the development of future
investigations to determine patient prognosis and to recognize
candidate therapeutic targets in LUAD individuals.

We explored the connection between the KPNA family
expression and the OS of patients. High expression of KPNA2
and KPNA4 were predictive of inferior OS. KPNA4 has
previously been identified as a tumor promoter gene in some
cancers (Wang et al., 2015). For example, high expression of
KPNA4 in cutaneous squamous cell carcinoma was discovered to
enhance cancer cell proliferation as well as cisplatin resistance
(Zhang et al., 2019). Inhibition of KPNA4 attenuated prostate
cancer metastasis (Yang et al, 2017). Regulating upstream
modulators facilitates angiogenesis as well as progression in
lung cancer by targeting the miR-340-5p/KPNA4 axis (Li
et al, 2020). A previous study identified overexpression of
KPNA2 in NSCLC, and KPNA2 was identified as a potential
biomarker for NSCLC (Wang et al., 2011). These studies support
our conclusions that KPNA2 and KPNA4 may be useful
prognostic biomarkers for LUAD patients.

KEGG analysis transcriptional
dysregulation in cancers enriched with DEGs in the high-risk

group. Transcription factors serve as a group of sequence-specific

enrichment showed

binding proteins that can activate or suppress transcription through
transactivation or transrepression domains. Transcription factors
have been linked to the pathogenesis of a variety of human diseases
(including cancers); these account for approximately 20% of all
oncogenes identified so far (Lambert et al., 2018). Previous literature
reports have displayed the involvement of transcription factors in
regulating cell proliferation, differentiation, apoptosis, and their
remarkable function in the onset and development of tumors
2015).  Dysregulation
transcriptional modulators not only defines the cancer phenotype

(Sever and  Brugge, of principal
but is important for its development (Gonda and Ramsay, 2015).
Our results suggest that the KPNA family may influence the
transcriptional dysregulation in LUAD. Therefore, it is important
to study the mechanism of transcriptional dysregulation of the
KPNA family in LUAD.

In this study, we found that cell cycle checkpoints and cell cycle
mitotic were enriched in the high-risk group. Cell cycle checkpoints
are biochemical signaling mechanisms that detect DNA damage or
chromosomal dysfunction and trigger a series of sophisticated
cellular repair responses (Wu et al, 2005). Typically, cell cycle
checkpoints are disrupted in most malignancies and serve a vital
function in maintaining genomic integrity and inactivating
checkpoint genes (Zheng et al, 2010). In previous research,
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impaired function of cell cycle checkpoints was found to raise
the risk of lung cancer (Wu et al, 2005). Mitosis is the critical
stage of the cell cycle, involving the passage of one of the sister
chromatids to each of the daughter cells. Therefore, precise
regulation of mitosis is essential for the maintenance of
chromosome stability in human cells (Pines, 2006). Aberrant
mitotic progression leads to chromosomal missegregation,
contributing to carcinogenesis (Kops et al, 2005; Holland and
Cleveland, 2009; Schvartzman et al., 2010). Our study identified
significant enrichment of these two pathways in the high-risk group,
which additionally validated the accuracy of the risk prediction
model constructed in this study.

The tumor microenvironment (TME) is a heterogeneous system
consisting of immune cells, cancer cells, and an extracellular matrix
(Hoadley et al., 2014; Warrick et al., 2019). The roles for immune
homeostasis similar to a buffering system. While the immune system
is constantly stimulated and dampened, the system is maintained at
a relatively stable steady state (da Gama Duarte et al., 2018). In this
study, the infiltration scores for naive B cells, plasma cells, CD4"
T cells memory resting T cells, and resting dendritic cells were
lowered in the high-risk groups than in the low-risk groups, but the
infiltration scores for CD8" T cells, MO Macrophages were elevated
in the high-risk group. This could lead to different responses to
immunotherapies in the two risk groups. The purpose of
immunotherapy is to alter the environment, and thereby, the
equilibrium of the response. Therefore, the sensitivity of
immunotherapy in the two risk groups also remains unexplored.

Immune evasion is a significant feature of cancer, and
inhibition of HLA gene levels may lead to attenuated antigen
presentation, facilitating immune evasion (McGranahan et al.,
2017). HLA family genes were decreased in the high-risk group,
which suggests that the high-risk group was more prone to
immune evasion and thus have a worse prognosis. These
results are consistent with our survival analysis. Additionally,
we studied the expression of inflammation-related genes in the
two risk groups and captured the down-regulation of
complement-related genes in the high-risk group. These
findings suggest that inflammation was strongly associated
with the low-risk group.

This is the first-ever report on the association of the KPNA
family expression with survival outcomes of patients with LUAD.
Therefore, the KPNA family may potentially serve as a novel
prognostic biomarker in patients with LUAD and provide novel
for LUAD this
bioinformatics research and most of the findings were

targets immunotherapy. However, was
generated from public databases and bioinformatics analysis.
Further in vitro and in vivo experiments are required to validate
our findings.

In conclusion, we found that KPNA2 and KPNA4 are
potential prognostic markers. We created a prognostic model
on the basis of the expression level of the KPNA family, which
was shown to accurately predict prognosis. This prognostic

model reflects many aspects of LUAD biology and provides

frontiersin.org


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.956314

Lan et al.

new insights into precision therapy for LUAD. In the future, a lot
of basic experiments need to be carried out to validate the
applicability and accuracy of this model.

Data availability statement

The original contributions presented in the study are
the further
inquiries can be directed to the corresponding authors.

included in article/Supplementary ~Material,

Author contributions

JH and LC were responsible for the experimental design and
the supervision of this project. XL had the original idea for the
study. XL and LZ had access to all data in the study and were in
charge of ensuring the data’s integrity and accuracy during the
data analysis course. XL, LZ, JZ, YS, and YQ participated in
analyzing the data and writing the manuscript. All authors have
read, edited, and approved the final manuscript.

Funding

This study was supported in part by the grants from the
Certificate of China Postdoctoral Science Foundation Grant
(2021M693826 and 2021MD703830), the Hei Long Jiang
Postdoctoral Foundation (LBH-Z20176 and LBH-Z21187), the
Fundamental Research Funds for the Provincial Universities
(2020-KYYWE-1462 and 2021-KYYWF-0249), the Haiyan
Science Foundation of Harbin Medical University Cancer
Hospital (JJZD 2022-13), the Haiyan Youth Fund and Top-
Notch Youth Fund from Harbin Medical University Cancer

References

Ashburner, M., Ball, C. A, Blake, J. A, Botstein, D., Butler, H., Cherry, J]. M., et al.
(2000). Gene ontology: tool for the unification of biology. The gene ontology
consortium. Nat. Genet. 25 (1), 25-29. doi:10.1038/75556

Catania, C., Muthusamy, B., Spitaleri, G., Del Signore, E., and Pennell, N. A.
(2021). The new era of immune checkpoint inhibition and target therapy in early-
stage non-small cell lung cancer. A review of the literature. Clin. Lung Cancer 23,
108-115. doi:10.1016/j.cllc.2021.11.003

Chin, C. H,, Chen, S. H,, Wu, H. H,, Ho, C. W, Ko, M. T,, Lin, C. Y., et al.
(2014). cytoHubba: identifying hub objects and sub-networks from complex
interactome. BMC Syst. Biol. 8 (Suppl. 4), SI1. doi:10.1186/1752-0509-8-
S$4-S11

Cui, X.,, Wang, H., Wu, X,, Huo, K,, and Jing, X. (2021). Increased expression of
KPNA2 predicts unfavorable prognosis in ovarian cancer patients, possibly by
targeting KIF4A signaling. J. Ovarian Res. 14 (1), 71. doi:10.1186/s13048-021-
00818-9

da Gama Duarte, J., Woods, K., Andrews, M. C., and Behren, A. (2018). The good,
the (not so) bad and the ugly of immune homeostasis in melanoma. Immunol. Cell
Biol. 96 (5), 497-506. doi:10.1111/imcb.12001

Gonda, T. J., and Ramsay, R. G. (2015). Directly targeting transcriptional
dysregulation in cancer. Nat. Rev. Cancer 15 (11), 686-694. doi:10.1038/nrc4018

Frontiers in Genetics

14

10.3389/fgene.2022.956314

Hospital (JJQN 2021-09, and BJQN 2021-02), and the NSFC
(Grant Nos. 82103519 and 82072563).

Acknowledgments

We appreciate all of the professionals and patients who took
part in the study, as well as the authors for sharing their essential
research findings.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their
affiliated organizations, or those of the publisher, the
editors and the reviewers. Any product that may be
evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the
publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fgene.
2022.956314/full#supplementary-material

Han, Y., and Wang, X. (2020). The emerging roles of KPNA2 in cancer. Life Sci.
241, 117140. doi:10.1016/.1fs.2019.117140

Hinzelmann, S., Castelo, R., and Guinney, J. (2013). GSVA: gene set variation
analysis for microarray and RNA-seq data. BMC Bioinforma. 14, 7. doi:10.1186/
1471-2105-14-7

Hazawa, M., Sakai, K., Kobayashi, A., Yoshino, H., Iga, Y., Iwashima, Y., et al.
(2020). Disease-specific alteration of karyopherin-alpha subtype establishes feed-
forward oncogenic signaling in head and neck squamous cell carcinoma. Oncogene
39 (10), 2212-2223. doi:10.1038/s41388-019-1137-3

Hoadley, K. A., Yau, C,, Wolf, D. M., Cherniack, A. D., Tamborero, D., Ng, S.,
et al. (2014). Multiplatform analysis of 12 cancer types reveals molecular
classification within and across tissues of origin. Cell 158 (4), 929-944. doi:10.
1016/j.cell.2014.06.049

Holland, A. J., and Cleveland, D. W. (2009). Boveri revisited: chromosomal
instability, aneuploidy and tumorigenesis. Nat. Rev. Mol. Cell Biol. 10 (7), 478-487.
doi:10.1038/nrm2718

Hu, B, Cheng, J. W,, Hu, J. W, Li, H,, Ma, X. L,, Tang, W. G,, et al. (2019).
KPNA3 confers sorafenib resistance to advanced hepatocellular carcinoma via
TWIST regulated epithelial-mesenchymal transition. J. Cancer 10 (17), 3914-3925.
doi:10.7150/jca.31448

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fgene.2022.956314/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fgene.2022.956314/full#supplementary-material
https://doi.org/10.1038/75556
https://doi.org/10.1016/j.cllc.2021.11.003
https://doi.org/10.1186/1752-0509-8-S4-S11
https://doi.org/10.1186/1752-0509-8-S4-S11
https://doi.org/10.1186/s13048-021-00818-9
https://doi.org/10.1186/s13048-021-00818-9
https://doi.org/10.1111/imcb.12001
https://doi.org/10.1038/nrc4018
https://doi.org/10.1016/j.lfs.2019.117140
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1038/s41388-019-1137-3
https://doi.org/10.1016/j.cell.2014.06.049
https://doi.org/10.1016/j.cell.2014.06.049
https://doi.org/10.1038/nrm2718
https://doi.org/10.7150/jca.31448
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.956314

Lan et al.

Hu, R. H, Zhang, Z. T., Wei, H. X,, Ning, L., Ai, J. S., Li, W. H,, et al. (2020).
LncRNA ST7-AS1, by regulating miR-181b-5p/KPNA4 axis, promotes the
malignancy of lung adenocarcinoma. Cancer Cell Int. 20 (1), 568. doi:10.1186/
512935-020-01652-7

Kim, N. H., Yoshimaru, T., Chen, Y. A., Matsuo, T., Komatsu, M., Miyoshi, Y.,
et al. (2015). BIG3 inhibits the estrogen-dependent nuclear translocation of
PHB2 via multiple karyopherin-alpha proteins in breast cancer cells. PLoS One
10 (6), €0127707. doi:10.1371/journal.pone.0127707

Ko, E. C,, Raben, D., and Formenti, S. C. (2018). The integration of radiotherapy
with immunotherapy for the treatment of non-small cell lung cancer. Clin. Cancer
Res. 24 (23), 5792-5806. doi:10.1158/1078-0432.CCR-17-3620

Kops, G. J., Weaver, B. A., and Cleveland, D. W. (2005). On the road to cancer:
aneuploidy and the mitotic checkpoint. Nat. Rev. Cancer 5 (10), 773-785. doi:10.
1038/nrc1714

Lambert, M., Jambon, S., Depauw, S., and David-Cordonnier, M. H. (2018).
Targeting transcription factors for cancer treatment. Molecules 23 (6), E1479.
doi:10.3390/molecules23061479

Laurila, E., Vuorinen, E., Savinainen, K., Rauhala, H., and Kallioniemi, A. (2014).
KPNA?7, a nuclear transport receptor, promotes malignant properties of pancreatic
cancer cells in vitro. Exp. Cell Res. 322 (1), 159-167. doi:10.1016/j.yexcr.2013.11.014

Li, X, Yu, M,, and Yang, C. (2020). YY1-mediated overexpression of long
noncoding RNA MCMB3AP-ASI accelerates angiogenesis and progression in
lung cancer by targeting miR-340-5p/KPNA4 axis. J. Cell. Biochem. 121 (3),
2258-2267. doi:10.1002/jcb.29448

Love, M. 1., Huber, W., and Anders, S. (2014). Moderated estimation of fold
change and dispersion for RNA-seq data with DESeq2. Genome Biol. 15 (12), 550.
doi:10.1186/513059-014-0550-8

Miyamoto, Y., Sasaki, M., Miyata, H., Monobe, Y., Nagai, M., Otani, M., et al.
(2020). Genetic loss of importin a4 causes abnormal sperm morphology and
impacts on male fertility in mouse. FASEB J. 34 (12), 16224-16242. doi:10.1096/
1j.202000768RR

Majem, B., Nadal, E., and Munoz-Pinedo, C. (2020). Exploiting metabolic
vulnerabilities of Non small cell lung carcinoma. Semin. Cell Dev. Biol. 98,
54-62. doi:10.1016/j.semcdb.2019.06.004

Mayakonda, A., Lin, D. C,, Assenov, Y., Plass, C., and Koeffler, H. P. (2018).
Maftools: efficient and comprehensive analysis of somatic variants in cancer.
Genome Res. 28 (11), 1747-1756. doi:10.1101/gr.239244.118

McGranahan, N., Rosenthal, R., Hiley, C. T., Rowan, A. J., Watkins, T. B. K,,
Wilson, G. A, et al. (2017). Allele-specific HLA loss and immune escape in lung
cancer evolution. Cell 171 (6), 1259-1271. doi:10.1016/j.cell.2017.10.001

Miyamoto, Y., Yamada, K., and Yoneda, Y. (2016). Importin a: a key molecule in
nuclear transport and non-transport functions. J. Biochem. 160 (2), 69-75. doi:10.
1093/jb/mvw036

Myat, A. B., Ogawa, T., Kadota-Watanabe, C., and Moriyama, K. (2018). Nuclear
import of transcriptional corepressor BCOR occurs through interaction with
karyopherin alpha expressed in human periodontal ligament. Biochem. Biophys.
Res. Commun. 507 (1-4), 67-73. doi:10.1016/j.bbrc.2018.10.158

Newman, A. M,, Liy, C. L., Green, M. R,, Gentles, A. J., Feng, W., Xu, Y., et al.
(2015). Robust enumeration of cell subsets from tissue expression profiles. Nat.
Methods 12 (5), 453-457. doi:10.1038/nmeth.3337

Ogata, H., Goto, S., Sato, K., Fujibuchi, W., Bono, H., Kanehisa, M., et al. (1999).
KEGG: kyoto Encyclopedia of genes and Genomes. Nucleic Acids Res. 27 (1), 29-34.
doi:10.1093/nar/27.1.29

Oostdyk, L. T., McConnell, M. J., and Paschal, B. M. (2019). Characterization of
the Importin-beta binding domain in nuclear import receptor KPNA7. Biochem. ].
476 (21), 3413-3434. doi:10.1042/BCJ20190717

Pines, J. (2006). Mitosis: a matter of getting rid of the right protein at the right
time. Trends Cell Biol. 16 (1), 55-63. doi:10.1016/j.tcb.2005.11.006

Schvartzman, J. M., Sotillo, R., and Benezra, R. (2010). Mitotic chromosomal
instability and cancer: mouse modelling of the human disease. Nat. Rev. Cancer 10
(2), 102-115. doi:10.1038/nrc2781

Frontiers in Genetics

15

10.3389/fgene.2022.956314

Sever, R., and Brugge, J. S. (2015). Signal transduction in cancer. Cold Spring
Harb. Perspect. Med. 5 (4), a006098. doi:10.1101/cshperspect.a006098

Siegel, R. L., Miller, K. D., Fuchs, H. E., and Jemal, A. (2022). Cancer statistics,
2022. CA. Cancer J. Clin. 72 (1), 7-33. do0i:10.3322/caac.21708

Suarez-Farinas, M., Lowes, M. A., Zaba, L. C,, and Krueger, J. G. (2010).
Evaluation of the psoriasis transcriptome across different studies by gene set
enrichment analysis (GSEA). PLoS One 5 (4), €10247. doi:10.1371/journal.pone.
0010247

Tsoi, H., Man, E. P., Leung, M. H., Mok, K. C., Chau, K. M., Wong, L. S,, et al.
(2021). KPNALI regulates nuclear import of NCOR2 splice variant BQ323636.1 to
confer tamoxifen resistance in breast cancer. Clin. Transl. Med. 11 (10), e554.
doi:10.1002/ctm?2.554

Wang, C. I, Chien, K. Y., Wang, C. L, Liu, H. P., Cheng, C. C,, Chang, Y. S, et al.
(2012). Quantitative proteomics reveals regulation of karyopherin subunit alpha-2
(KPNA2) and its potential novel cargo proteins in nonsmall cell lung cancer. Mol.
Cell. Proteomics 11 (11), 1105-1122. doi:10.1074/mcp.M111.016592

Wang, C. L, Wang, C. L., Wang, C. W,, Chen, C. D., Wu, C. C, Liang, Y., et al.
(2011). Importin subunit alpha-2 is identified as a potential biomarker for non-
small cell lung cancer by integration of the cancer cell secretome and tissue
transcriptome. Int. J. Cancer 128 (10), 2364-2372. doi:10.1002/ijc.25568

Wang, H,, Tao, T., Yan, W., Feng, Y., Wang, Y., Cai, ], et al. (2015). Upregulation
of miR-181s reverses mesenchymal transition by targeting KPNA4 in glioblastoma.
Sci. Rep. 5, 13072. doi:10.1038/srep13072

Wang, H,, Xiao, R., and Yang, B. (2021). MiR-101-3p suppresses progression of
cervical squamous cell carcinoma by targeting and down-regulating KPNA2.
Technol.  Cancer  Res.  Treat. 20, 15330338211055948. doi:10.1177/
15330338211055948

Warrick, J. I, Sjodahl, G., Kaag, M., Raman, J. D., Merrill, S., Shuman, L., et al.
(2019). Intratumoral heterogeneity of bladder cancer by molecular subtypes and
histologic variants. Eur. Urol. 75 (1), 18-22. doi:10.1016/j.eururo.2018.09.003

Wu, J,, Li, L., Zhang, H., Zhao, Y., Zhang, H., Wu, S,, et al. (2021). A risk model
developed based on tumor microenvironment predicts overall survival and
associates with tumor immunity of patients with lung adenocarcinoma.
Oncogene 40 (26), 4413-4424. doi:10.1038/s41388-021-01853-y

Wu, X, Roth, J. A,, Zhao, H,, Luo, S., Zheng, Y. L., Chiang, S., et al. (2005). Cell
cycle checkpoints, DNA damage/repair, and lung cancer risk. Cancer Res. 65 (1),
349-357. doi:10.1158/0008-5472.349.65.1

Xu, M, Liang, H.,, Li, K., Zhu, S., Yao, Z.,, Xu, R,, et al. (2021). Value of KPNA4 as a
diagnostic and prognostic biomarker for hepatocellular carcinoma. Aging 13 (4),
5263-5283. doi:10.18632/aging.202447

Yang, F., Li, S., Cheng, Y., Li, J., and Han, X. (2020). Karyopherin a 2 promotes
proliferation, migration and invasion through activating NF-kB/p65 signaling
pathways in melanoma cells. Life Sci. 252, 117611. doi:10.1016/j.1fs.2020.117611

Yang, J., Lu, C., Wei, J., Guo, Y., Liu, W., Luo, L., et al. (2017). Inhibition of
KPNA4 attenuates prostate cancer metastasis. Oncogene 36 (20), 2868-2878. doi:10.
1038/0nc.2016.440

Yin, N,, Liu, Y., Khoor, A., Wang, X., Thompson, E. A., Leitges, M., et al. (2019).
Protein kinase ct and wnt/B-catenin signaling: Alternative pathways to kras/trp53-
driven lung adenocarcinoma. Cancer Cell 36 (2), 692-693. €7. doi:10.1016/j.ccell.
2019.11.007

Yu, G, Wang, L. G, Han, Y., and He, Q. Y. (2012). clusterProfiler: an R package
for comparing biological themes among gene clusters. OMICS 16 (5), 284-287.
doi:10.1089/0mi.2011.0118

Zhang, M., Luo, H., and Hui, L. (2019). MiR-3619-5p hampers proliferation
and cisplatin resistance in cutaneous squamous-cell carcinoma via KPNA4.
Biochem. Biophys. Res. Commun. 513 (2), 419-425. doi:10.1016/j.bbrc.2019.
03.203

Zheng, Y. L., Kosti, O., Loffredo, C. A., Bowman, E., Mechanic, L., Perlmutter, D.,
et al. (2010). Elevated lung cancer risk is associated with deficiencies in cell cycle
checkpoints: genotype and phenotype analyses from a case-control study. Int.
J. Cancer 126 (9), 2199-2210. doi:10.1002/ijc.24771

frontiersin.org


https://doi.org/10.1186/s12935-020-01652-7
https://doi.org/10.1186/s12935-020-01652-7
https://doi.org/10.1371/journal.pone.0127707
https://doi.org/10.1158/1078-0432.CCR-17-3620
https://doi.org/10.1038/nrc1714
https://doi.org/10.1038/nrc1714
https://doi.org/10.3390/molecules23061479
https://doi.org/10.1016/j.yexcr.2013.11.014
https://doi.org/10.1002/jcb.29448
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1096/fj.202000768RR
https://doi.org/10.1096/fj.202000768RR
https://doi.org/10.1016/j.semcdb.2019.06.004
https://doi.org/10.1101/gr.239244.118
https://doi.org/10.1016/j.cell.2017.10.001
https://doi.org/10.1093/jb/mvw036
https://doi.org/10.1093/jb/mvw036
https://doi.org/10.1016/j.bbrc.2018.10.158
https://doi.org/10.1038/nmeth.3337
https://doi.org/10.1093/nar/27.1.29
https://doi.org/10.1042/BCJ20190717
https://doi.org/10.1016/j.tcb.2005.11.006
https://doi.org/10.1038/nrc2781
https://doi.org/10.1101/cshperspect.a006098
https://doi.org/10.3322/caac.21708
https://doi.org/10.1371/journal.pone.0010247
https://doi.org/10.1371/journal.pone.0010247
https://doi.org/10.1002/ctm2.554
https://doi.org/10.1074/mcp.M111.016592
https://doi.org/10.1002/ijc.25568
https://doi.org/10.1038/srep13072
https://doi.org/10.1177/15330338211055948
https://doi.org/10.1177/15330338211055948
https://doi.org/10.1016/j.eururo.2018.09.003
https://doi.org/10.1038/s41388-021-01853-y
https://doi.org/10.1158/0008-5472.349.65.1
https://doi.org/10.18632/aging.202447
https://doi.org/10.1016/j.lfs.2020.117611
https://doi.org/10.1038/onc.2016.440
https://doi.org/10.1038/onc.2016.440
https://doi.org/10.1016/j.ccell.2019.11.007
https://doi.org/10.1016/j.ccell.2019.11.007
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1016/j.bbrc.2019.03.203
https://doi.org/10.1016/j.bbrc.2019.03.203
https://doi.org/10.1002/ijc.24771
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.956314

	Comprehensive analysis of karyopherin alpha family expression in lung adenocarcinoma: Association with prognostic value and ...
	Introduction
	Materials and methods
	Data acquisition and pretreatment
	Differential expression analyses
	Establishment of the prognostic model
	Construct functional enrichment analysis and regulatory network
	Analysis of immune cell infiltration
	Statistical analysis

	Results
	Aberration of the KPNA family in TCGA-LUAD
	Creation of prognostic model based on the KPNA family
	Comparison of tumor mutation burden and microsatellite instability utilizing risk score
	Differential expression analysis and functional enrichment analysis of high-and low-risk groups
	Analysis of immune infiltration in the high-and low-risk groups

	Discussion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	Supplementary material
	References


