
Am J Clin Exp Immunol 2024;13(2):58-67
www.ajcei.us /ISSN:2164-7712/AJCEI0156730

https://doi.org/10.62347/ANLV4963

Original Article
Insight into NSCLC through novel  
analysis of gene interactions and characteristics

Eric Pan1, Yongsheng Bai2

1Debakey High School, Houston, TX 77030, USA; 2Next-Gen Intelligent Science Training, Ann Arbor, MI 48105, 
USA

Received March 21, 2024; Accepted April 23, 2024; Epub April 25, 2024; Published April 30, 2024

Abstract: Around 80 to 85% of all lung cancers are non-small cell lung cancer (NSCLC). Previous research has aimed 
at exploring the genetic basis of NSCLC through individual approaches, but studies have yet to investigate the re-
sults of combining them. Here we show that analyzing NSCLC genetics through three approaches simultaneously 
creates unique insights into our understanding of the disease. Through a combination of previous research and bio-
informatics tools, we determined 35 NSCLC candidate genes. We analyzed these genes in 3 different approaches. 
First, we found the gene fusions between these candidate genes. Second, we found the common superfamilies 
between genes. Finally, we identified mutational signatures that are possibly associated with NSCLC. Each approach 
has its individual, unique results. Fusion relationships identify specific gene fusion targets, common superfamilies 
identify possible avenues to determine novel target genes, and identifying NSCLC associated mutational signatures 
has diagnostic and prognostic benefits. Combining the approaches, we found that gene CD74 has significant fusion 
relationships, but it has no association with the other two approaches, suggesting that CD74 is associated with 
NSCLC mainly because of its fusion relationships. Targeting the gene fusions of CD74 may be an alternative NSCLC 
treatment. This genetic analysis has indeed created unique insight into NSCLC genes. Both the results from each of 
the approaches separately and combined allow pursuit of more effective treatment strategies for this cancer. The 
methodology presented can also apply to other cancers, creating insights that current analytical methods could not 
find.
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Introduction

In recent years, there have been many genetic 
innovations and advancements for non-small 
cell lung cancer (NSCLC) treatment. For exam-
ple, Guardant 360 is able to detect cell-free cir-
culating tumor DNA (ctDNA) in blood specimens 
of solid tumors and assess a targeted panel of 
eighty three genes as shown at https://www.
ncbi.nlm.nih.gov/gtr/tests/527948/methodol-
ogy/ (Guardant360 - Clinical test - NIH Genetic 
Testing Registry (GTR) - NCBI).

However, lung cancer remains the leading 
cause of cancer related deaths worldwide, and 
NSCLC consists of around 80 to 85% of all lung 
cancers as mentioned by American Cancer 
Society (Lung Cancer Statistics, How Common 
is Lung Cancer? https://www.cancer.org/can-
cer/types/lung-cancer/about/key-statistics.

html). Therefore, further analysis of the genet-
ics of NSCLC is essential for improved and alter-
native NSCLC treatment. 

Many researchers throughout the years have 
analyzed the genetics of NSCLC using various 
approaches. This research will focus on three 
unique approaches: gene fusions, common 
superfamilies, and mutational signatures. First, 
gene fusions are chromosomal rearrangements 
that form a hybrid gene from two initially  
independent genes, which could create novel 
promoter or enhancer regions, which would 
then cause dysregulation of gene expression 
[1]. Significant gene fusions, which are found  
to be oncogenic drivers in cancer, in NSCLC 
have been identified, such as ALK-ROS1  
gene fusions, and targeted treatment has sig-
nificantly improved the mortality rate of NSCLC 
[2]. 

http://www.ajcei.us
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The second approach will be common super-
families, which are based on protein domain 
identification. Protein domains are the basic 
units of proteins which have the ability to evolve 
and fold independently, and these domains 
have proven to be essential for protein classifi-
cation, structure, and biological function [3]. 
Furthermore, gene superfamilies are a set of 
conserved domain models that overlap in bio-
logical function, structure, or sequence [4]. 
Conserved domain models in the same super-
family are implied to have an evolutionary rela-
tionship with each other, suggesting similar 
annotation. Moreover, one superfamily can be 
associated with hundreds of genes, and one 
gene can be associated with multiple super- 
families.

Third, mutational signatures, a unique combi-
nation of mutation types caused by different 
mutational processes, have been found to be 
associated with certain cancers [1]. In particu-
lar, SBS4, caused by tobacco smoking, is well-
known for being associated with NSCLC [1]. 
Identifying mutational signatures associated 
with cancer has the ability to serve as a bio-
marker for cancer prognosis [5]. Moreover, 

mutational signature identification can also be 
predictors of therapy response in cancer [6].

Previous studies have analyzed each of these 
three approaches separately, but there has 
never been research that has attempted to 
analyze the genetics of NSCLC using these 
three avenues simultaneously. In this study, we 
implement a novel method in analyzing the 
genetics of NSCLC using three different ways: 
gene fusions, common superfamilies, and 
mutational signatures. By doing so, unique 
insight, like novel gene targets, into NSCLC may 
be gained, which could be used to pave the way 
for improved or novel NSCLC treatment.

Materials and methods

An overview of the materials and methods is 
illustrated (Figure 1).

Selecting input genes for NSCLC analysis

Previous research used the Louvain Algorithm 
to detect “communities” of miRNA-mRNA pairs, 
which they termed as clusters [7]. They identi-
fied numerous clusters for 15 different can-
cers, one of which included lung adenocarcino-

Figure 1. Methods Workflow. Bioinformatics tools used for corresponding steps in the method are illustrated with 
the tool’s logo. Each color represents a specific section of the materials and methods.
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ma (LUAD). Although we derived our data from 
Dai et al. it’s important to note that Dai et al. 
derived their data from The Cancer Genome 
Atlas (TCGA), so our research inadvertently 
employs TCGA. 

In addition, The Cancer Gene Census from 
COSMIC is a list of genes identified by the 
COSMIC database (COSMIC - Catalogue of 
Somatic Mutations in Cancer at https://cancer.
sanger.ac.uk/) that were found to be somati-
cally mutated and have a causal relationship 
with cancer [8]. Periodically updated with new 
genes, the Cancer Gene Census (n=743) is an 
important reference for this research. Further- 
more, COSMIC dubs a number of genes from 
the Cancer Gene Census as COSMIC Classic 
Genes (n=272), genes that are expertly curated 
from COSMIC, with an emphasis on genes that 
are not found in any other database. Therefore, 
considering COSMIC Classic Genes is an excit-
ing avenue of gene identification that may lead 
to novel results. 

There were 9 statistically significant (FDR<0.1) 
LUAD clusters identified from Dai et al. [7], and 
additionally, we also included another cluster 
that wasn’t identified to be statistically signifi-
cant by Dai et al. [9] but had a p-value of 9.2E-
3. The total number of the genes from the 10 
clusters was approximately 5000. We then 
compared these 5000 genes with the 743 
Cancer Gene Census genes identified from 
COSMIC. Only genes that were in both gene 
lists would be further considered for NSCLC 
analysis. As a result, we ended up with approxi-
mately 260 mutated LUAD genes for gene 
analysis. 

To further improve accuracy, we filtered these 
genes again using two different databases: 
COSMIC and DAVID [9, 10]. With COSMIC’s  
concern with somatically mutated genes and 
DAVID’s focus on gene annotation, these two 
databases’ functions complement each other, 
ensuring that there would be extremely high 
accuracy. Genes that were found to be impli-
cated in NSCLC from at least one of the two 
databases would undergo NSCLC analysis, 
which would ensure that all the genes would be 
significant in NSCLC. Of the approximately 260 
genes, COSMIC identified 15 genes associated 
with NSCLC and DAVID identified 26 genes 
associated with NSCLC. DAVID identified some 
genes associated with NSCLC which were not 

in the COSMIC Cancer Gene Census but were 
part of the clusters identified [7]. Therefore, 
these genes would also undergo NSCLC an- 
alysis.

Because of the rigorous filtering, we have iden-
tified 35 mutated NSCLC genes (one of the 
genes ALK was identified by both databases), 
some of which have not been found in any other 
database. Previously overlooked genes among 
these 35 may serve as novel gene targets for 
NSCLC.

Gene fusion analysis

We employed the COSMIC database in order to 
determine the gene fusions of the 35 genes. 
COSMIC manually curates its gene fusions  
from peer-reviewed publications. For each gene 
fusion published in the database, a compre-
hensive literature curation is available. Each of 
the 35 genes was examined for all of its gene 
fusions in the COSMIC database, and if a gene 
of the 35 had a gene fusion with another gene 
of the 35, then the fusion relationship was 
recorded. 

However, this gene fusion analysis has some-
thing that is unique. Many researchers have 
considered gene fusions as simply a relation-
ship between two genes, but we believe that 
gene fusions may represent a network of gene 
interaction. For example, if ROS1 had a gene 
fusion with CD74, and CD74 was also found to 
have a gene fusion with NRG1, then it is possi-
ble that NRG1 and ROS1 may be associated 
with each other through gene fusions. There- 
fore, in our gene fusion analysis we considered 
the gene fusions as connections among a net-
work of nodes, displaying relationships that 
wouldn’t be possible by only analyzing gene 
fusions as pairs.

Common gene superfamily analysis

For our common gene superfamily analysis, we 
used a bioinformatics tool known as CD-Batch 
Search [4, 11]. In contrast to Conserved 
Domain Search, CD-Batch Search has the 
remarkable ability to analyze multiple protein 
sequences at once. It uses the BLAST sequence 
of proteins and compares the BLAST sequence 
with conserved domain models that have been 
collected from a number of source databases, 
such as NCBI-curated domains, SMART, and 
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Pfam. BLAST inputs are then processed to 
identify conserved domains within proteins, 
and it can also identify the gene superfamilies 
of a protein. CD-Batch Search offers both a 
concise graphical display and a table that dis-
plays all the results. 

We obtained our BLAST sequence from the 
NCBI database, specifically the NCBI Reference 
Sequences [12]. Once CD-Batch Search identi-
fied the gene superfamilies of each protein, we 
analyzed and compared all the genes to deter-
mine which ones share a gene superfamily. A 
superfamily that contains two or more of the 35 
genes is termed as a common superfamily. 

Usually, the conserved domain, a domain that 
remains constant between proteins, is the 
main comparison between genes. However, 
analysis of the common gene superfamilies 
may yield unique insight into NSCLC because 
common gene superfamilies encompass a set 
of protein domains that have overlapping anno-
tation. Common superfamilies are a broader 
analysis than conserved domains, which may 
present a unique perspective into molecular 
evolution that has not been previously con- 
sidered.

each mutational signature. COSMIC provides 
the relative frequency for each of the 96 DNA 
mutations for all the single base substitution 
(SBS) mutational signatures. Whichever three 
mutational signatures have the highest relative 
frequency of a DNA mutation was termed as 
the “top three” mutational signatures. This was 
done for all 96 possible SBS DNA mutations, 
and the results will be our “annotation table”, 
which will be referenced later. 

On another note, using both COSMIC and 
CBioPortal, we identified the SBS DNA muta-
tions for each of the 35 candidate genes. 
COSMIC, a somatic mutation cancer database, 
can identify amino acid substitutions for a cer-
tain gene. However, CbioPortal [13-15], a can-
cer genomics database, has the additional  
feature of focusing only on NSCLC amino acid 
mutations, so we also used CBioPortal to iden-
tify the amino acid substitutions for each of the 
35 candidate genes. Only amino acid substitu-
tions that were present in both databases were 
employed for the mutational signature analysis. 
Then, using Transvar [16], a multi-way annota-
tor on genetic elements, and UCSC Genome 
Browser [17, https://genome.ucsc.edu/index.
html], a visualization of the human genome, we 

Figure 2. Equation for calculating the relative frequency of a mutational signature within one cluster.

Figure 3. Methodology of mutational signature analysis.

Mutational signature analysis

The goal of this mutational 
signature analysis is to identi-
fy mutational signatures that 
are possibly associated with 
NSCLC. First, we identified the 
top three mutational signa-
tures that were most likely 
associated with each of the 
96 possible DNA mutations, 
considering only the pyrimi-
dines of the Watson-Crick 
pairs [10, COSMIC - Catalogue 
of Somatic Mutations in Can- 
cer at https://cancer.sanger.
ac.uk/]. We based our top 
three mutational signatures 
for each DNA mutation based 
on the relative frequency val-
ues of the DNA mutation in 
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converted these amino acid substitutions into 
DNA mutations. 

Using our “annotation table”, which identified 
the top three mutational signatures for all pos-
sible 96 DNA mutations, we were able to con-
nect the 35 NSCLC candidate genes with the 
mutational signatures via the DNA mutations. It 
is important to note that the 35 NSCLC candi-
date genes were dispersed throughout their 
clusters, previously identified from Dai et al. 
[7]. We implemented a formula to determine 

the mutational signatures that had the highest 
relative frequency for each cluster (Figure 2). 
For example, hypothetically, in cluster 7, there 
were 4 SBS DNA mutations identified, so there 
would be 12 total mutational signatures in clus-
ter 7. Since 4 of the 12 mutational signatures in 
cluster 7 were “signature 3”, then the relative 
frequency of “signature 3” in cluster 7 is 33% 
(Figure 3). The 5 most prevalent mutational sig-
natures based off of the relative frequency 
throughout the clusters were identified, sug-
gesting that they may be associated with 
NSCLC.

Combining analyses

Each of the three approaches contributes 
important insight into the genetics of NSCLC, 
and in order to analyze the genetics of NSCLC 
in a more holistic approach, we identified cer-
tain patterns that were present throughout the 
three approaches. Specifically, certain genes 
throughout the three approaches exhibited 
unusual characteristics that made them possi-
ble gene targets for NSCLC. 

Moreover, this holistic approach has also iden-
tified possible ways to target these NSCLC 
genes, something that is not present in pre- 
vious research. The combination of diverse 
approaches to form overall conclusions pro-
vides a more comprehensive, holistic analysis 
of the genetics of NSCLC.

Results

Identification of NSCLC candidate genes

We filtered down the approximately 5000 origi-
nal genes, dispersed throughout 10 clusters, 
identified by Dai et al. [7] using the Cancer 
Gene Census, COSMIC, and DAVID. Of these 
approximately 5000 original genes, 35 genes 
were identified to be associated with NSCLC 
(Table 1). Moreover, 14 of the 35 genes are 
found to be in the COSMIC Classic Genes, sug-
gesting that these genes may be potentially 
overlooked yet significant NSCLC genes.

Gene fusion analysis results

Although some genes have no fusion relation-
ships, there are numerous gene fusions th- 
roughout the 35 candidate genes. This is one 
way that the NSCLC genes interact with each 

Table 1. The 35 NSCLC candidate genes with 
their associated cluster
Cluster Gene
1 EGFR
1 ERBB4
1 KIF5B
2 PIK3R3
2 PLCG2
2 PRKCB
2 STK4
5 KEAP1
5 PTPN13
5 SLC34A2
7 ALK
7 CDK6
7 BRAF
7 FOXO3
7 STAT3
7 STAT5B
7 NRG1
7 CD74
7 ROS1
10 CCND1
10 RB1
10 PIK3R2
11 EML4
12 JAK3
12 MET
12 RET
12 TP63
14 TPM3
18 CDKN2A
18 LRIG3
18 BAK1
18 E2F1
18 E2F2
18 E2F3
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other. ALK and ROS1 have the most fusion rela-
tionships, suggesting that ALK and ROS1 play a 
particularly important role in NSCLC through 

One similar characteristic that many NSCLC 
genes have between each other within and 
between clusters is superfamilies, which are 

Figure 4. Fusion relationships throughout the candidate genes. A blue arrow 
represents a gene fusion between the two genes (CD74-NTRK1 gene fusion 
not shown). Each color represents a certain cluster identified from [7]. Genes 
are shown to be within a certain cluster by distinguishing them with a certain 
color.

fusion relationships. ALK, a 
1620 amino acid tyrosine 
kinase receptor, and ROS1, 
another tyrosine kinase re- 
ceptor, are genes that are 
widely recognized for playing 
a critical role in NSCLC [18]. 
By targeting these two genes, 
one cuts off NSCLC gene 
interaction, which is a possi-
ble NSCLC treatment for some 
patients, something which is 
verified from this research.

It is important to not disre-
gard the other NSCLC candi-
date genes and their fusion 
relationships. For example, 
gene NTRK1, which is another 
receptor tyrosine kinase that 
plays an essential role in the 
development of the nervous 
system, has four fusion rela-
tionships, which demonstra- 
tes a possibility that other 
NSCLC gene fusion targets 
could also be important in  
the context of fusion relation-
ships [18, 19]. CD74 is also a 
gene of interest because it is 
implicated in NSCLC from 
many pieces of literature [20, 
21]. Therefore, paying atten-
tion to which genes CD74 
fuses with is important as this 
could be the basis of an alter-
native method to inhibit or 
treat NSCLC for patients with 
CD74 positive lung cancer. 
Nevertheless, we believe that 
every single identified gene 
fusion is possibly significant 
in NSCLC (Figure 4). While 
there are some well-known 
ones, such as ALK-KIF5B, 
there are some gene fusions 
present in the figure that were 
previously overlooked.

Common gene superfamily 
analysis results

Figure 5. Peach colored boxes are superfamilies. The other boxes are genes. 
Lines show that a gene is part of that superfamily. Each color represents a 
certain cluster identified from [7]. Genes are shown to be within a certain 
cluster by distinguishing them with a certain color.
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usually represented with the prefix cl-. Genes 
can have multiple superfamilies, and if genes 
share a superfamily, they could be evolution-
arily related to each other [4]. If a particular 
superfamily has many genes which are associ-
ated with NSCLC, focusing on the genes in 
those superfamilies may lead to identification 
of novel gene targets. 

One can see that superfamily cl21453 is a  
particularly prevalent superfamily throughout 
many of the NSCLC candidate genes (Figure  
5). Another superfamily cl15255 is also quite 
prevalent. Since many of the NSCLC candidate 
genes are within these two superfamilies, 
investigating the hundreds of genes within 
those superfamilies could lead to the identifica-
tion of multiple, novel gene targets of NSCLC 
treatment.

In addition, if there is a specific gene that is sig-
nificant in NSCLC, then along with targeting the 
fusion relationships, it could also be possible to 
consider the superfamily that it contains as 
well. Because a common superfamily consists 
of multiple conserved domains of overlapping 
annotation, genes in the same superfamily also 
may have similar structure and/or function, 
which may suggest vulnerability to similar treat-
ments [11]. 

Overall, the common superfamilies between 
NSCLC genes are an important characteristic 
that should be considered. In conjunction with 
the results from gene fusions and mutational 
signatures, some NSCLC target genes and 
alternative treatments may be identified.

Mutational signature analysis results

The prevalence of the mutational signatures 
throughout the NSCLC candidate genes was 

Nevertheless, SBS39 and SBS86 are the  
most prevalent mutational signatures through-
out the NSCLC candidate genes, implying that 
SBS39 and SBS86 are associated with NSCLC 
(Figure 6).

Results of the combined analyses

By analyzing patterns and characteristics of  
the 35 candidate genes throughout the three 
approaches, we found two main conclusions. 
First of all, the characteristics of ALK and ROS1 
throughout the three approaches implicate 
them in NSCLC. ALK and ROS1 have the most 
fusion relationships out of all NSCLC candidate 
genes, with both well-known (ALK-EML4) and 
obscure (ROS1-LRIG3) ones. They both share 
the protein kinase superfamily cl21453. ALK is 
associated with two prevalent NSCLC mutation-
al signatures (SBS39 and SBS86), and ROS1 is 
also associated with two (SBS7b and SBS17). 
Through gene fusions, superfamilies, and 
mutational signatures, ALK and ROS1 are par-
ticularly important genes in NSCLC, suggesting 
that these genes can act as gene targets for 
NSCLC. The importance of ALK and ROS1 in 
the pathogenesis of NSCLC is quite well known 
[2]. However, this is important because it dem-
onstrates that the application of this novel 
method for analyzing the genetics of NSCLC is 
valid. The conclusion gained by this novel meth-
od matches those of previous research.

In addition to ALK and ROS1, we also found 
that CD74 exhibited some unusual characteris-
tics throughout the three analyses. Gene CD74 
is presented on the surface of antigen-present-
ing cells as a membrane protein. In addition, 
inside the endoplasmic reticulum, CD74, plays 
a role in the formation of major histocompatibil-
ity class II molecules [20]. Furthermore, CD74 

Figure 6. Heatmap of the 5 mutational signatures that are found to be as-
sociated with NSCLC. SBS39 and SBS86 are found to be the most prevalent.

determined based on the re- 
lative frequency. Essentially, 
how frequently a mutational 
signature was associated with 
NSCLC genes. 5 mutational 
signatures were identified as 
possibly being associated 
with NSCLC: SBS39, SBS86, 
SBS45, SBS7b, and SBS17.  
It is important to note that 
SBS45 is a possible sequenc-
ing artifact, suggesting that  
it plays no notable role in  
the pathology of NSCLC [8]. 
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has already been identified as an important 
gene in the pathology of NSCLC [22]. However, 
our research presents unique insight into the 
processes of CD74 in NSCLC. CD74 has fusion 
relationships with NRG1, ROS1, and NTRK1, 
which are all significant genes in NSCLC. How- 
ever, CD74 has no common superfamilies with 
any other NSCLC candidate genes. Despite 
extensive investigation into CBioPortal and 
COSMIC, no significant CD74 mutations or 
NSCLC associated mutational signatures were 
found in NSCLC. Our research shows the only 
characteristic of CD74 that causes it to be 
associated with NSCLC is the fusion relation-
ships. Based on our multi-pronged approach to 
NSCLC, CD74 is dependent on its fusion rela-
tionships to play a role in NSCLC. Targeting 
CD74 gene fusions in CD74 positive individuals 
may impair CD74’s effects. This may be an 
alternative approach to NSCLC treatment.

Discussion

Because of the rigorous standards we used  
to identify the 35 mutated NSCLC candidate 
genes, we believe that these 35 genes may be 
possible NSCLC gene targets, and since we 
used the COSMIC Classic Genes list, some of 
the 35 candidate genes may have been over-
looked by previous research, suggesting possi-
ble alternative NSCLC treatment.

Identification of significant gene fusions are 
essential because if these significant fusion 
relationships are disabled, then that could  
possibly impair the progression of NSCLC. 
Additionally, if a specific gene is implicated in 
NSCLC, then targeting this gene through fusion 
relationships may be a possible approach. 
Overall, this gene fusion approach identifies 
specific gene fusions that may be important in 
the pathogenesis of NSCLC, suggesting alter-
native treatment of NSCLC.

The common gene superfamilies are also an 
important aspect of NSCLC. The identification 
of common gene superfamilies among the  
35 NSCLC candidate genes highlights the  
similarities in biological function, structure, or 
sequence between these genes. These find-
ings set the backbone for possible identifica-
tion of future novel gene targets for NSCLC. 
Additionally, since many of the NSCLC candi-
date genes are within two specific superfami-
lies, our results suggest that analyzing the 

genes in superfamily cl21453 and cl15255 
could be a possible reservoir of new novel 
NSCLC gene targets.

Identifying mutational signatures associated 
with NSCLC can provide both therapeutic and 
prognostic benefits [23]. Mutational signatures 
are particularly valuable because of their pos-
sible role as biomarkers for predictors of drug 
or therapy response [23]. For example, pres-
ence of mutational signatures in patients has 
been associated with poly (ADP)-ribose poly-
merase (PARP) inhibitor sensitivity [23]. The 
identification of mutational signatures associ-
ated with NSCLC can thus advance the field of 
personalized medicine for NSCLC treatment, 
among other things [6].

While common superfamily analysis is a rela-
tively under-investigated field of study, there 
have been numerous studies of gene fusions 
and mutational signatures. Previous mutation-
al signature analyses have typically sequenced 
tumor DNA samples and then performed mu- 
tational signature profiling using COSMIC’s 
SigProfiler Tools. We believe our research is the 
first attempt at utilizing an “annotation table” 
and employing several different databases and 
bioinformatics tools to identify NSCLC associ-
ated mutational signatures. Our usage of the 
COSMIC Classic Gene list for our gene fusion 
analysis possibly allows us to identify novel, 
previously overlooked NSCLC gene targets. 
Finally, combining the results from the three 
approaches both validated our novel method 
and identified a possible alternative NSCLC 
treatment. Compared to other studies, our uni- 
que methods of analyzing each of the three 
approaches and combining them bring unique 
insight into the genetics of NSCLC. 

Conclusion

We believe that our research introduces a novel 
way to analyze the genetics of NSCLC. Next, we 
plan to apply this novel method to other can-
cers, such as glioblastoma, melanoma, or pan-
creatic cancer. Additionally, we believe that 
analyzing more approaches may also provide 
more unique insight into NSCLC. For example, 
using Timer, a bioinformatics tool, we can find 
the association between immune infiltration 
and gene expression. With this approach, some 
of the 35 NSCLC candidate genes may be found 
to play a significant role in immune infiltration.
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By utilizing various bioinformatics tools and 
databases and considering all the three app- 
roaches simultaneously, we provide a more 
comprehensive and holistic way to analyze the 
genetics of NSCLC. This will likely contribute to 
improved or alternative NSCLC treatments, and 
its applicability to a various range of cancers 
and the possible addition of more approaches 
highlights the potential of this novel method.
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