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Abstract

Purpose Omics technologies, such as genomics, transcriptomics, proteomics, and
radiomics, play an increasingly important role in the diagnosis and treatment of non-
small cell lung cancer (NSCLQ). It is, therefore, essential to unveil the research landscape
and future trends of relevant research. This study aims to explore the research fields
based on omics technologies in NSCLC, elucidating the research status, hotspots, and
trends from a bibliometric perspective.

Methods The Web of Science Core Collection was utilized to retrieve relevant
publications in omics technologies and their applications in NSCLC. By using the
bibliometric methods and tools (“bibliometrix”R package, VOSviewer, and CiteSpace),
data and visualized analyses for annual publication outputs, countries, institutions,
authors, journals, references, and keywords proceeded.

Results A total of 5,337 publications were involved in our analysis. These articles,
written by 32,286 authors, originated in 5,863 institutions from 82 countries and
were published in 797 journals. The Journal of Thoracic Oncology and Clinical Cancer
Research were representative journals in omics-based research in NSCLC. “Survival,’
"adenocarcinoma,“mutation,“epidermal growth factor receptor, “resistance,’and
‘chemotherapy” were the highest-frequency keywords. Liquid biopsy and deep
learning were also trending topics in omics-related research, according to keyword

clustering, trend topics, and citation burst analysis.

Conclusion Omics technologies, including genomics, transcriptomics, and
proteomics, were widely used in the diagnosis, prognosis, and treatment of NSCLC.
And innovative methods, including liquid biopsy and deep learning, demonstrate a
profound impact on advancing the understanding and treatment strategies for NSCLC
and warrant further investigation.

Keywords Bibliometric analysis, Non-small cell lung cancer, Omics, Visualized study

1 Introduction

Lung cancer continues to be the most common form of cancer and the primary cause
of cancer-related fatalities globally, with almost 2.5 million new diagnoses and 1.8 mil-
lion deaths in 2022 [1]. Non-small cell lung cancer (NSCLC), representing over 85% of
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all lung cancer cases, is a histological classification that includes lung adenocarcinomas,
squamous cell carcinomas, and other subtypes [2]. Enhancing survival rates and clinical
outcomes for NSCLC patients has remained a central goal in research. Surgery is gener-
ally considered the preferred treatment option for this condition. In contrast, adjuvant
therapy, such as radiotherapy and chemotherapy, can delay disease progression for inop-
erable patients with distant tumor metastasis or locally advanced tumors [3]. With an
in-depth understanding of molecular mechanisms underlying tumor initiation and pro-
gression, molecular targeted therapy has garnered significant attention from researchers.
Numerous therapeutic targets have been successfully identified and utilized, leading to
substantial improvements in the prognosis of patients with NSCLC [4]. Immune check-
point inhibitors (ICIs), targeting cytotoxic T lymphocyte associate protein-4 (CTLA-4)
or programmed death receptor 1 (PD-1)/programmed cell death ligand 1 (PD-L1) path-
ways, comprise an indispensable part of immunotherapy and are essential components
of first-line treatment for patients with advanced NSCLC without targetable mutations
[5]. However, there are significant differences in the therapeutic effect of various drugs
and treatment regimens in different patients [6]. Hence, it is necessary to devise the most
suitable treatment strategy for NSCLC patients at the earliest possible stage to optimize
therapeutic outcomes.

The application of omics technologies allows for a comprehensive and in-depth under-
standing of the carcinogenic mechanisms, thereby facilitating the discovery of thera-
peutic targets. Additionally, omics technologies enable the precise identification of
biomarkers to guide diagnosis or treatment, contributing to personalized therapy and
improving clinical outcomes. The concept of genomics was first proposed by Ameri-
can geneticist Roderick in 1986 [7]. When the Human Genome Project was completed
in 2003, the information contained in DNA sequences was deciphered. On this basis,
genomics has developed rapidly, enabling the precise identification of specific genomic
characteristics in NSCLC patients, thereby marking a giant breakthrough in precision
medicine for NSCLC. With the progress of high-throughput sequencing technology and
bioinformatics, omics technologies can now elaborately unveil the molecular character-
istics of NSCLC patients at multiple molecular levels, including DNA, RNA, proteins,
and metabolites. Omics technologies such as transcriptomics, proteomics, metabo-
lomics, and epigenomics have been successfully applied to identify biomarkers for
NSCLC [8]. Since Lambin introduced the concept of radiomics in 2012 [9], this field has
achieved significant advancements by leveraging high-throughput extraction of quanti-
tative imaging features from medical images. Omics technologies, including radiomics
and radiogenomics, have been widely applied in lung cancer research. The microbiome
represents another critical direction of research within the omics disciplines in the con-
text of genomics. Furthermore, multi-omics technology applied in NSCLC breaks the
limitations of single-level omics approaches and enables a better comprehension of the
mutual influence between different omics data on multiple scales [10], laying a founda-
tion for identifying high-risk individuals, accurate diagnosis, prognosis prediction, and
therapeutic effect prediction.

Bibliometrics is a statistical method that employs mathematical and statistical meth-
ods to conduct quantitative and qualitative analyses of publications in specific fields
[11]. Extensively applied across diverse domains, bibliometric analysis is used to sum-
marize the progress within the research field, explore the contributions of countries,
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institutions, authors, and journals [12], and determine hotspots and research trends
through an overview of scientific literature and visualization of bibliometric data [11].
VOSviewer, CiteSpace, and bibliometrix packages are commonly used bibliometric
tools. The Omics approach has occupied a pivotal position in NSCLC research, with
numerous studies summarizing the progress of academic research [13, 14]. Liang, et al.
[15] carried out a bibliometric analysis on applying radiomics technology in lung cancer
and revealed the research status and hotspots based on a single omics. While previous
reviews and bibliometric studies have examined the application of omics technologies,
they have not systematically mapped the overall progress and research trends in omics-
based studies on NSCLC through bibliometric analysis. This study aims to fill that gap
by conducting a comprehensive bibliometric analysis of omics research in NSCLC,
assessing the current state of the field, identifying emerging hotspots, and highlighting
key trends to guide future research.

2 Materials and methods

2.1 Data collection and cleaning

A comprehensive search of the literature has been conducted on the Web of Science
(WoS) Core Collection up to October 9, 2024, using specific search terms like “carci-

» o« 2” « e«

noma, non-small-cell lung,” “omic*” “genome*,

w2«

transcriptome®;

= «

proteome®,” “metab-
olome*,” “epigenome*” and “radiomic*” The detailed search strategy is listed in Table
S1. Two authors (YZ and JC) performed the literature selection process collaboratively.
First, we excluded meeting abstracts, editorial material, proceeding papers, corrections,
letters, retracted publications, book chapters, data papers, and news items. Then, non-
English items were also excluded. Secondly, a further selection was conducted to include
literature limited to implicating omics technologies in NSCLC by examining the titles,
abstracts, and original text when necessary. Data was exported in plain text file format
on October 17, 2024, and it was comprised of publication year, countries, institutions,
authors, journals, keywords, and cited references. The absence of duplicates was con-
firmed upon inspection and removal of duplicate entries. Then, we combined regions
of certain countries, such as England, Scotland, Wales, and Northern Ireland, into the
UK column and Hong Kong into the China column, displayed separately in the exported
data. Keyword merging was conducted to address inconsistencies in singular and plural
keyword usage, as well as the presence of synonyms and abbreviations.

2.2 Data statistics and visualized analysis

During the process of data analysis and visualization, we utilized the bibliometrix pack-
age for R (version 4.4.1), VOSviewer (version 1.6.20), and CiteSpace (version 6.4.R1) as
our primary tools. Bibliometrix was employed to compute the annual publication out-
puts and number of citations. A trend topics map and a thematic evolution map were
also generated in bibliometrix using the author’s keywords. VOSviewer was used to
analyze countries, institutions, authors, journals, references, and keywords, primarily
involving their general information in the field. CiteSpace was used mainly for visual-
ized analysis of authors, references, and keywords. We used VOSviewer and CiteSpace
to analyze institutions’ and authors’ outputs and citation information to conduct visu-
alization charts. Subsequently, we created a cooperative relationship network of these
authors. Additionally, co-citation analysis and citation burst analysis on references were
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also performed by CiteSpace. CiteSpace was also utilized to conduct co-occurrence,
clustering, and citation burst analysis for keywords. A timeline chart of keyword cluster-
ing was also generated. In addition, information including Single Country Publications
(SCP) and Multiple Countries Publications (MCP) of countries, along with the Impact
Factor (IF) of journals in 2023, was directly obtained, analyzed, and exported from WoS.
The flowchart for this study has been provided in Fig. S1.

3 Results

Seven thousand eight hundred thirty publications were retrieved from the WoS Core
Collection until October 9, 2024. A total of 5,337 papers were included in our biblio-
metric analysis (4,897 articles and 440 review articles). While 1,347 items in other pub-
lication types or not written in English were excluded, so were the 1,146 papers not
pertinent to omics technologies and their application in NSCLC (Fig. S1).

3.1 Annual publication outputs

A total of 5,337 papers related to omics technologies in NSCLC were included in this
study from 2008 to 2024. Figure 1 illustrates the trends in the growth of publication out-
puts and the average number of citations per paper per year. The outputs demonstrated
a slow increase before 2014, during the initial development stage of omics-related
research in NSCLC. The period from 2015 to 2019 has witnessed a steady development
in the fields of omics technologies in NSCLC. Then, the number of publications expe-
rienced rapid growth from 2020 to 2022, culminating in a peak of 774 papers in 2022,
a 18-fold increase compared to 2008. Although the number of publications declined in
the past two years, the annual publication outputs remained roughly equivalent to 2021.
Notably, 2024 witnessed the publication of 578 papers up until October 9. Regarding
citations, these studies collectively received 169,229 citations, with the average number
of citations per paper per year peaking in 2015 at 8.05. This was primarily from the arti-
cle “Mutational landscape determines sensitivity to PD-1 blockade in non-small cell lung
cancer;, published in Science, with a citation of 6,167 times, accounting for 38.4% of the
total citations in 2015.
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Fig. 1 Annual output and citation information of publications on omics technologies in NSCLC from 2008 to 2024.
Citations represent the number of average citations per paper per year
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3.2 Analysis of countries

Eighty-two countries contributed to the publication of these publications in total, with
China (count=2,531, 47.42%) and the USA (count=1,639, 30.71%) being the two lead-
ing countries in terms of the number of publications, followed by Italy (count=325,
6.09%), Japan (count = 258, 4.83%), and Germany (count =243, 4.55%). Among the top 10
most productive countries, China produced the largest amount of literature, followed by
the USA, possessing the highest count of citations on average, reaching 56.78. Detailed
information about the most productive countries is provided in Fig. 2.

Based on the analysis of international collaboration, the UK (83.92%), Canada
(73.91%), and France (70.22%) exhibited the highest proportions of MCP among the
top 10 most productive countries (Fig. 2). Regarding the number of published papers,
the USA had a relatively higher frequency participating in international collaborative
studies. Using VOSviewer, we derived the collaboration data among 40 countries with
a minimum publication output of 10 and created a collaboration network to illustrate
the collaborations among these countries (Fig. 2). Each node represented a country, and
the different colors represented the years. The line connecting the nodes represented the
co-occurrence between countries, while the thickest one between China and the USA
indicated the highest degree of cooperation.

3.3 Analysis of institutions

A total of 5,863 institutions have contributed to applying omics technologies in NSCLC.
Figure 3 illustrates the number of publications and citations of each institution ranked
in the top 10 by outputs. The UTMD Anderson Cancer Center (count = 178, cita-
tion = 13,422) stood out with the highest number of publications, followed by Shang-
hai Jiao Tong University (count=174, citation=4,330) and Nanjing Medical University
(count = 168, citation = 4,884).

3.4 Analysis of authors

Thirty-two thousand two hundred eighty-six authors published papers on omics-based
research in NSCLC. Among them, the authors with the highest output were Christiani,
David C (count =46, citation =997) and Wang, Jing (count =37, citation =2,341). Minna,
John D (count =32, citation = 3,495) and Wistuba, Ignacio I (count =32, citation =4,959)
were tied for third place. The detailed information of the top 10 authors with the larg-
est number of publications was visualized in Fig. 3. A visualized analysis of author col-
laboration was also conducted using CiteSpace. Six central authors possess a centrality
exceeding 0.1: Wang, Jing (centrality =0.19), Behrens, Carmen (centrality=0.15), Awad,
Mark M (centrality =0.14), Minna, John D (centrality=0.12), Gibbons, Don L (central-
ity=0.11), and Soria, Jean Charles (centrality =0.1).

3.5 Analysis of journals

Clinical Cancer Research (citation=11,674) and Journal of Thoracic Oncology (cita-
tion=7,129) were the most cited journals among the total of 797 journals. Despite only
containing two papers, Science was cited 6,996 times and ranked third in the most cited
journals, earning it the distinction of holding the highest average number of citations
per paper. The most productive journal was Frontiers in Oncology (count=217). Addi-
tionally, the Journal of Thoracic Oncology (count=135) and Clinical Cancer Research
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Fig. 2 Visualization maps on publications by different countries. A Publications and citations contribution of the
top 10 most productive countries; B the annual variation trends in the cumulative number of publications among
the top five countries; C collaboration status of the top 10 most productive countries; D collaboration network of
the top 40 most productive countries by time. SCP single country publications; MCP multiple countries publica-
tions; UK United Kingdom; USA United States of America

(count=131) were also highly productive journals, ranking in the top 5 in terms of the
number of publications. The IF is a crucial metric for assessing the academic influence
of a journal and its publications. Among the top 10 most frequently cited journals, Sci-
ence held the highest IF of 44.8, followed by Journal of Clinical Oncology (IF =42.1) and
Journal of Thoracic Oncology (IF=21.1). The information on the most cited journals is

shown in Fig. 4.
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Fig. 3 Visualization maps on institutions and authors. A The top 10 most productive institutions; B the top 10
most productive authors; C the collaboration network of authors. The node size represents the authors’ publica-
tion output. The nodes with purple rings represent the central authors, with the centrality reaching 0.1. The colors
represent the years from 2008 to 2024

3.6 Highly cited publications and co-cited references

All 5,337 papers were cited 169,229 times. Table 1 lists the top 10 most cited papers,
their publication years, total citation counts, countries, number of collaborative institu-
tions, and source journals. Notably, the first five papers in this list were cited over 1,500
times. All 10 papers were authored in collaborations involving multiple institutions, with
7 in collaborations across multiple countries.

A total of 134,181 references were cited within these studies. Among the top 15 refer-
ences with the strongest citation bursts among these references, the three most recent
references that emerged were as follows: “Global Cancer Statistics 2020: GLOBOCAN
Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries”
(strength =94.72), published in CA: A Cancer Journal for Clinicians in 2021; “Radiomics:
Images Are More than Pictures, They Are Data” (strength =30.85), published in Radiol-
ogy in 2016; and “Pembrolizumab versus Chemotherapy for PD-L1-Positive Non-Small-
Cell Lung Cancer” (strength =42.57), published in New England Journal of Medicine in

2016. The information on data citation burst analysis is available in Fig. S2.
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Table 1 The top 10 most cited papers

Rank Year Total Country Number of Journal Refer-
citations institutions ences
1 2015 6167 USA, Netherlands 9 Science [16]
2 2017 1600 USA 3 Molecular Cancer [17]
Therapeutics
2016 1569 USA, China 6 Genome Biology [18]
4 2017 1564 UK, Denmark, USA, Hun- 39 New England Journal of ~ [19]
gary, Germany, Belgium Medicine
5 2012 1529 USA, Netherlands 7 Magnetic Resonance [20]
Imaging
6 2012 1430 USA, South Korea, 14 Cell 21]
Germany
7 2013 1382 Hungary, Poland, 6 Plos One [22]
Germany
2018 1060 USA, Israel, China 19 Cancer Discovery [23]
2018 1034 USA 7 Journal of Clinical [24]
Oncology
10 2012 909 USA 5 Cell [25]

3.7 Analysis of keywords
CiteSpace extracted 692 keywords for analysis, creating a network visualization map of

» o«

keywords (Fig. 5). The nodes of keywords such as “survival,” “adenocarcinoma,” “muta-
tion,” “epidermal growth factor receptor,” “resistance,” and “chemotherapy” possessed
the larger size, which indicated that these keywords appeared more frequently in the
research results, with their occurrence frequency peaking mostly between 2020 and
2022. There were 21 nodes with purple rings around them, representing the 21 central
keywords, including “classification” (centrality=0.18), “prognostic signature” (central-
ity =0.18), and “smoking” (centrality=0.17). A total of 20 clusters were formed through
the keyword clustering analysis. The LLR algorithm was employed to generate labels

for these clusters. The keyword citation burst analysis revealed that the three keywords
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Fig. 5 Analysis of all keywords in the application of the omics technologies in NSCLC. A Network visualization of
keywords; B annual fluctuations in publications for the top 20 high-frequency keywords; C the timeline chart of
keyword clustering; D the top 20 keywords with the strongest citation bursts

” «

with the highest burst strength were “mass spectrometry,” “protein,” and “identification”
Additionally, the latest burst keywords identified in the analysis include “deep learn-
ing, “tumor microenvironment,” “T cells,” “immunotherapy,” and “immune checkpoint
inhibitors”

Additionally, we generated a trend topics map in the bibliometric package using the
author’s keywords. As shown in Fig. 6, the lines in the trend topics map indicating “gut
Traditional Chinese Medicine,” “18F-FDG PET/CT, “deep learning,” and

“network pharmacology” commence in 2022 and conclude in 2024, suggesting that these

» o«

microbes,

topics were prominent since 2022 in this research domain. Similarly, “radiomics” and
“CT” received the attention of researchers between 2020 and 2023. Furthermore, we
divided the data into two distinct periods to create a thematic evolution map (Fig. 6),
aiming to depict the evolution trajectory of each stage within the omics disciplines in
NSCLC research. Between 2022 and 2024, research in NSCLC primarily focused on
immunotherapy, EGFR, and ALK. This diagram also revealed an evolution from topics
such as “biomarkers,” “next-generation sequencing,” and “adenocarcinoma” to an empha-
sis on “immunotherapy” Developing biomarkers for immunotherapy became a key area

of exploration within omics technologies applied to NSCLC.

4 Discussion

This study conducted a bibliometric analysis to elucidate the present research landscape
on omics technologies in NSCLC, including genomics, transcriptomics, proteomics,
and radiomics, to illustrate the research hotspots and trends in these research fields.
The results indicated that omics approaches were mainly used in diagnosing, prognos-
ing, and treating NSCLC. At the same time, radiotherapy, chemotherapy, targeted ther-
apy, and immunotherapy were the major applications of omics-based research from the
therapeutic aspect of NSCLC. The results also emphasized that liquid biopsy and deep
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Fig. 6 Visualized analysis of author’s keywords. A Trend topics map from 2008 to 2024; B thematic evolution by
time. The nodes represent different topics, and the edges between nodes represent the flowing data. The time
segmentation point was established in 2021

learning are pivotal tools for future development and play an essential role in omics-
related research and clinical applications.

Based on the publication trend from 2008 to 2024, the application of omics tech-
nologies in NSCLC has consistently remained a focal point of research, with a steady
increase in the number of publications as of October 9, 2024. In line with previous stud-
ies on radiomics [15], the top 10 most productive countries, mostly in East Asia, North
America, and Western Europe, hold relatively high Human Development Index (HDI).
Epidemiological studies have shown that the incidence and mortality rates of lung can-
cer are higher in East Asia, North America, and Europe, especially in countries with
higher levels of economic development, as assessed by the HDI [1, 2]. This phenomenon
explains that these countries allocate greater attention and investment to the research
fields based on omics technologies in NSCLC, leading to a higher output of relevant
publications. The Journal of Thoracic Oncology and Clinical Cancer Research rank in the
top 10 regarding the number of papers published and total citations received, with an
average citation per paper exceeding 50, suggesting them as the representative journals.
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The most cited papers are mainly published in top journals, and multiple countries and
institutions co-author most of these papers. Collaboration across multiple countries and
institutions, involving a wider range of study participants from various nations, regions,
and ethnic backgrounds, can significantly enhance the reliability and generalization
of research findings. Furthermore, such collaboration between multiple countries and
institutions typically provides access to more research resources and expertise, thereby
improving academic research.

Genomics, transcriptomics, proteomics, and metabolomics have greatly advanced
our knowledge of NSCLC. These omics technologies serve as crucial tools for elucidat-
ing the mechanisms of initiation and progression in NSCLC, identifying therapeutic
targets or drug resistance, and enhancing the accuracy of diagnosis, prognosis predic-
tion, and therapeutic prediction. Keyword co-occurrence and clustering analysis indi-
cate that genomic alterations, including gene mutation and gene fusion, are the hotspots
in omics-based research in NSCLC. Although significant progress has been made
in detecting genomic alterations in NSCLC, with several key driver genes identified,
including EGFR, ALK, KRAS, TP53, and ROSI [25, 26], additional and full-scale investi-
gation of gene alterations still make sense, exploring the biological characterization and
novel therapeutic targets in lung cancer [21]. And it is crucial for understanding the car-
cinogenic mechanisms and further guiding personalized diagnosis and treatment. Gene
fusions can result from structural rearrangements or the cis-splicing and trans-splicing
of pre-mRNAs [27]. These alterations have also been realized as important drivers of
cancer, while fusion transcripts have been confirmed as promising therapeutic targets
[27]. Since some fusions may be omitted by DNA-based detection, using comprehensive
panel tests and analyzing both DNA and RNA samples will facilitate the discovery of
rare novel fusions [28].

The application of epigenomics in NSCLC primarily concentrates on DNA methyla-
tion, histone modifications, and the regulation of non-coding RNAs. Keyword clustering
analysis shows that DNA methylation is a significant focus of attention for researchers.
Methylation markers are valuable in identifying high-risk individuals, facilitating early
diagnosis, predicting treatment response, and optimizing prognosis prediction [29].
Notably, the diagnostic value of plasma methylation markers in occult lymph node (LN)
metastasis has been confirmed in NSCLC, contributing to the preoperative judgment of
LN status and the enhancement of treatment strategies [30]. Specific methylation pro-
files can also represent targets for therapeutic intervention, with drugs discovered and
developed, such as decitabine and azacytidine, playing a significant role in the precision
treatment of NSCLC [31]. The timeline chart of keyword clustering indicates that the
radiomics application emerged relatively later than other omics technologies. Radiomics
can provide supplementary information on tumor heterogeneity at the whole tumor
level in a non-invasive and repeatable way [9], making it a promising tool for improving
the efficacy of diagnosis, prognosis prediction, and therapeutic prediction in NSCLC.
Previous research has shown that radiomics features are significantly associated with
outcome (overall survival, progression-free survival, and recurrence) and tumor biologi-
cal characteristics (genomic or pathological features and signaling pathways) in NSCLC
[32].

Citation and keyword analysis indicated that relevant applications mainly focus on
radiotherapy, chemotherapy, targeted therapy, and immunotherapy, roughly in accord
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with the previous study [15]. Targeted therapy primarily acts on specific molecular
targets or signal pathway, inhibiting tumor cells’ growth or proliferation and inducing
apoptosis, for therapeutic purposes. The application of omics technologies enables the
discovery of novel therapeutic targets for targeted therapy. EGFR mutations and ALK
rearrangements are well-characterized oncogenic drivers. Tyrosine kinase inhibitors for
EGFR and ALK alterations have improved progression-free survival compared with che-
motherapy [33, 34]. In addition, oncogenes such as BRAF, MET, ALK, ROS1, RET, and
NTRK have also been successfully identified; targeted therapies for these oncogenes are
available and have become the first-line therapy for advanced NSCLC with actionable
oncogenic alterations [5]. However, the occurrence of primary or acquired resistance is
a major limitation of targeted therapy, and comprehensive molecular profiling and suffi-
cient characterization of tumor heterogeneity make great sense in identifying and moni-
toring drug resistance.

Regarding immunotherapy, relevant studies based on omics technologies mainly con-
centrated on ICIs. Determining which patients will benefit from treatment is critical,
given the potential for severe side effects and high costs [5]. PD-L1 protein expression,
detected through immunohistochemistry, is the most widely used predictive biomarker
for ICIs in clinical trials. However, its reliability is limited due to its inducibility and tem-
poral and spatial heterogeneity [35]. Therefore, the extensive exploration of biomarkers
across a wide range of omics technologies is still ongoing [16, 17, 24, 36, 37]. In addi-
tion, omics technologies have been applied to facilitate a comprehensive characteriza-
tion of molecular features and cellular compositions in the tumor microenvironment
(TME) [18]. Indeed, single-cell analysis has been integrated with omics technologies,
such as genomics, epigenomics, transcriptomics, and proteomics [38, 39], offering a
higher resolution way to investigate the TME. These applications grant insights into the
mechanisms of anti-tumor immune response and tumor immune escape, thereby driv-
ing the improvement of immunotherapy strategies and treatment response rate [23].
Omics technologies also possess significant application value for radiotherapy and che-
motherapy of NSCLC. Omics biomarkers hold great promise in predicting the efficacy
and toxicity of radiotherapy or chemotherapy [40—42]. Research has demonstrated that
radiomics features, single nucleotide polymorphisms, epigenomic features, and specific
proteins or peptides can be biomarkers for predicting radiotherapy toxicity [40]. Fur-
thermore, omics biomarkers are associated with chemotherapy resistance [41]. An inten-
sive exploration of these biomarkers is significant for better patient selection, enhancing
treatment efficacy, and minimizing toxicities [5].

The development and application of omics technologies in diagnosing, prognosing,
and treating NSCLC depend on the progression of related technologies. The analysis of
keyword clusters and the timeline chart of keyword clustering demonstrates that liquid
biopsy has been a hot topic in omics-based research applied to NSCLC. Liquid biopsy
mainly investigates circulating tumor cells, circulating tumor DNA (ctDNA), and extra-
cellular vesicles from liquid samples, including blood, pleural effusion, cerebrospinal
fluid, saliva, and urine [43]. This approach enables the non-invasive detection of molec-
ular characteristics in patients with NSCLC and facilitates the dynamic monitoring of
specific diagnostic, prognostic, or therapeutic markers. Notably, ctDNA has consider-
able sensitivity in detecting actionable gene fusions and genomic rearrangements in
various cancer types [44] and has exhibited potential as a powerful tool for identifying
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postoperative molecular residual disease [45]. Citation burst analysis of keywords and
trend topics map indicate that deep learning continues to gain attention in recent years,
consistent with previous research results [15]. Deep learning, a subset of artificial intel-
ligence based on neural network structure, stands out in discovering intricate structures
of high-dimensional data [46] and is thus applicable to the processing and analysis of
medical imaging data. Significantly, deep learning can integrate imaging scans at mul-
tiple time points, improving clinical outcomes’ prediction ability [47]. Moreover, deep
learning enables the analysis of large-scale omics data, enhancing multi-omics research
by effectively capturing nonlinearities and complex relationships within the data [48].
It has been developed to address common challenges, such as missing modalities in
samples and the integration of imaging-based omics data with molecular omics data,
demonstrating its advantages in multi-omics research [49]. Further advancements and
optimization of deep learning technology are essential for driving progress in omics-
based NSCLC research.

There are some limitations in our study. Firstly, since the retrieve was confined to the
WoS Core Collection, and only the papers written in English were included, the litera-
ture’s coverage may not be comprehensive enough. Further studies may necessitate inte-
grating data extracted from additional databases, such as PubMed and Scopus. Secondly,
the citation data did not exclude self-citations, which may cause some biases. Addition-
ally, our analysis was limited to the keywords and citations, without incorporating a full-
text analysis, potentially resulting in omitting some important information only reflected
in the text.

5 Conclusions

Omics technologies have significantly shaped the landscape of NSCLC research, offer-
ing valuable insights into diagnosis, prognosis, and treatment. This bibliometric analy-
sis highlights the continuous evolution of omics-based studies, with contributions from
genomics, transcriptomics, proteomics, and radiomics, for example. Emerging trends,
such as liquid biopsy and deep learning, underscore the shift toward more precise and
personalized approaches in NSCLC management. However, radiotherapy, chemo-
therapy, targeted therapy, and immunotherapy are the main directions of omics-based
research related to the treatment of NSCLC. While advancements in omics technologies
continue to enhance our understanding of tumor biology, further research is needed to
address existing challenges and optimize their clinical applications. Moving forward, the
more disparate disciplines’ involvement and technological innovations will be critical in
driving the next phase of omics research in NSCLC.
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