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Abstract

The tumor microenvironment (TME) has emerged as a pivotal determinant of tumor
progression, immune evasion, and therapeutic response, making it a central focus in
modern oncology. Single-cell RNA sequencing (scRNA-seq) has revolutionized our
ability to dissect the cellular heterogeneity and dynamic interactions within the TME
at unprecedented resolution, enabling precise identification of cell types, functional
states, and intercellular communication networks. In this study, we conducted

a comprehensive bibliometric analysis of 187 publications of scRNA-seq in TME,
indexed in the Web of Science Core Collection from January 1999 to July 2024. Our
analysis reveals that China and the United States are the dominant contributors in
terms of publication volume and citation impact, with Peking University and Harvard
University leading institutional output. Keyword analysis revealed that the most
frequent terms were “tumor microenvironment, “single-cell RNA sequencing,”“gene
expression,”and “cancer”. Journals with highly cited articles mainly include Nature
Genetics, Cancer Research, Annual Review of Immunology, Nature Communications,
Science Translational Medicine, Genome Biology, Journal of Hepatology, and Nature
Cell Biology. Current studies primarily focus on using scRNA-seq to identify cell
types and subtypes within the TME, as well as to investigate cell-cell interactions
and communication. These findings offer valuable insights into advancing our
understanding of tumor genetics, immune evasion mechanisms, diagnostic and
prognostic biomarkers, and treatment resistance. While the field demonstrates

rapid growth, enhanced international collaboration remains an urgent unmet

need. Future research will likely to center on roles of immune and stromal cells
within the TME revealed by scRNA-seq, as well as the integration of scRNA-seq with
spatial transcriptomics and machine learning. It represents a promising direction for
developing novel tumor therapies.

Keywords Bibliometric analysis, Single-cell RNA sequencing, Tumor
microenvironment, Immunotherapy, Cancer immunity

1 Introduction

Tumors represent complex ecosystems composed of cells with diverse phenotypes, gen-
otypes, and epigenetic states [1]. The tumor microenvironment (TME) plays a pivotal
role in tumor initiation, progression, metastasis, and therapeutic response, catalyzing
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a paradigm shift from tumor-centric to TME strategies. Angiogenesis within the TME
supplies oxygen and nutrients essential for tumor growth and influences responses to
anti-cancer therapies. Vascular endothelial growth factor (VEGF) is a key mediator
that promotes the formation of a disorganized and primitive vascular network in vari-
ous tumor tissues [2]. Consequently, drugs targeting the VEGF signaling pathway, often
combined with cytotoxic agents, are clinically employed to suppress tumor neovascular-
ization and delay disease progression [3]. The therapeutic mechanism of tumor-infiltrat-
ing lymphocytes (TIL) therapy is grounded in a deep understanding of the TME [4]. The
extraction, expansion, and re-injection of TIL have demonstrated remarkable efficacy
in treating solid tumors [5]. Additionally, tumor-associated fibroblasts (TAFs), tumor-
associated macrophages (TAMs), and immune checkpoints such as CTLA-4, PD-1, and
PD-L1 are critical targets in cancer immunotherapy [6, 7]. TME is a general term for
the genesis and survival environment of tumor cells, consisting mainly of tumor cells,
non-tumor cells, extracellular matrix (ECM), vascular system, and soluble products [8,
9]. These components profoundly influence immune responses against tumors, the effi-
cacy of immunotherapies, and patient prognosis. Analyzing cell-cell communication
within the TME helps decipher the mechanisms underlying cancer progression and drug
resistance [10, 11]. The composition and functions of TME not only vary among differ-
ent individuals but also differ within regions of the same tumor and can even change in
development stages [12]. Such variability directly impacts biopsy strategies, diagnostic
accuracy, and treatment personalization [13]. Therefore, elucidating cellular phenotypes
within the TME is crucial for understanding the mechanisms of individualized disease
progression and response to immunotherapy.

Advances in cancer genomics have established bulk RNA sequencing (bulk RNA-seq)
and single-cell RNA sequencing (scRNA-seq) as vital tools in oncology research. How-
ever, bulk RNA-seq measures average gene expression across cell populations, masking
cellular heterogeneity [14]. In contrast, scRNA-seq enables high-resolution profiling of
gene expression at the single-cell level, providing a powerful approach for characteriz-
ing the heterogeneity of the TME. This technology has been instrumental in identify-
ing lineage-specific transcriptional programs in tumor and stromal cells, delineating the
precise cellular composition of the TME, and tracking dynamic transcriptional rewiring
during tumor initiation, progression, and treatment response. Research integrating TME
and scRNA-seq holds fundamental significance for improving clinical management and
personalized therapy in oncology. Although progress has been made, the field remains
complex, underscoring the need to systematically map research landscapes, identify key
challenges, and define emerging hotspots to guide future investigations.

Bibliometrics employs quantitative methods to analyze the research field of litera-
ture production and dissemination by mathematical statistics [15]. Through statistical
and network analyses of publications, it uncovers structural distributions, evolutionary
trajectories of research outputs, and inherent scholarly connections, thereby facilitat-
ing the identification of emerging trends and future research priorities [16]. With the
advancement of tumor biology and single-cell technologies, the application of scRNA-
seq in TME research has garnered increasing attention. However, no bibliometric study
has yet comprehensively explored the intersection of scRNA-seq in TME. Therefore,
this study aims to perform a bibliometric analysis of literature indexed in the Web of
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Science (WOS) Core Collection to systematically map the global progress, key research
hotspots, and evolutionary directions of scRNA-seq applications in TME research.

2 Methods
2.1 Data sources and search strategy
Data for this bibliometric analysis were obtained from the WOS Core Collection. WOS
is regarded as the most comprehensive source of scientific exploration and evaluation
for bibliometric analysis with broad subject coverage, citation index, and rich analysis
indicators [17, 18]. A comprehensive literature search was conducted to identify all pub-
lications related to scRNA-seq and TME, spanning the period from January 1999 to July
2024. Only original research articles and reviews published in English were included.
The search strategy is as follows: ((TS=(Tumor Microenvironments)) OR TS=(Cancer
Microenvironments)) AND  (((((TS=(Transcriptome Analyses, Single-Cell)) OR
TS=(Single Cell Gene Expression Analysis)) OR TS=(Single Cell Gene Expression Profil-
ing)) OR TS=(Single Cell Transcriptome Analysis)) OR TS=(Single Cell RNA Seq)) OR
TS=(ScRNA seq)). Two researchers independently screened the titles, abstracts, and
keywords of the retrieved records. Any discrepancies were resolved through discussion
or by consultation with a third researcher. Finally, a total of 187 articles were included
in our study. Retrieved publications are exported as Plain text files with Full Record and
Cited References. The process of data collection and analysis is shown in the flowchart

(Fig. 1).
Application of Single-cell RNA Sequencing in Tumor Microenvironments
Data source Publication Type
Web of Science Search strategy Regular articles
Core collection and reviews
> Number of publications:187 <
Literature Record
Download format : Plain.txt
Bibliometric analysis
VOSviewer Bibliometrix Hiscite CiteSpace

1.Contributing 1.Trends of publications 1.Highly cited literatures 1.Keyword frequency
institutions and their 2.Distribution and 2.Contributing countries 2.Citation bursts of
citations collaboration map of and their citations keywords
2.Collaborative network countries
of institutions 3.Core Sources
3.Cooperation network 4.The frequency
of authors distribution of scientific
4.Cooccurrence map of productivity
keywords

Fig. 1 Flowchart of literature selection for bibliometric analysis on scRNA-seq and TME
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2.2 Bibliometric analysis

Using bibliometric software, we analyzed authors, countries, institutions, citation
counts, and keywords to gain a comprehensive understanding of current research
focuses and future directions in this field. We used VOSviewer software, leveraging
probability theory-based data standardization methods, to construct visual representa-
tions of keyword co-occurrence relationships, as well as collaborative networks among
authors, countries, and institutions. This approach effectively illustrates core research
themes and collaborative trends across different entities within the field [19]. The results
from VOSviewer are mainly presented by a co-occurrence diagram composed of nodes
and lines. Each node represents different countries, institutions, authors, or keywords,
with its size reflecting the number of related documents. The colors of the nodes denote
the relevance and importance of these entities, delineating distinct clusters. For the dis-
play of time-related co-occurrence relationships, node colors reflect different time peri-
ods. Lines connecting nodes illustrate the collaborative or co-occurrence relationships
related to publications [20]. CiteSpace is a web-based Java application for data analysis
and visualization [21]. It uses synergetic analysis theory to draw a series of visual maps,
analyze the literature in a specific field, and explore the development trend of related dis-
ciplines. Additionally, we utilized the “Bibliometrix” package in R and other tools such
as Hiscite for complementary data analysis. To ensure analytical accuracy, we performed
data cleaning to consolidate keywords with identical meanings, such as merging “single-
cell analysis” and “single-cell RNA sequencing” into the unified term “scRNA-seq”

3 Results

3.1 Characteristics and trends of publication

After screening, duplicate removal, and eligibility assessment according to the pre-
defined criteria, 187 articles were included in this bibliometric analysis. These articles
were contributed by 1721 authors across 454 institutions in 29 countries, published in
103 journals, and cited a total of 10,657 references from 1622 journals. The publication
time span of the included articles ranges from 1999 to 2024 (Fig. 2). In the initial stage of
the field, research progress was relatively slow, with only 2 articles published in 1999 and
2002, followed by no relevant publications until 2014. Notably, a substantial increase in
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Fig. 2 Annual publication trends of scRNA-seq in TME research (1999-2024)
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publications was observed between 2020 and 2021 and 2022-2023, reflecting the rapid
expansion of research interest in this field.

Citations of articles serve as a key metric for gauging the degree to which scientific
research papers are recognized and valued by peers, reflecting their influence within the
field. Table 1 presents the top 10 most-cited papers in this field. These articles were pub-
lished in high-impact scientific journals in this field, including Nature Genetics, Cancer
Research, Annual Review of Immunology, Nature Communications, Science Transla-
tional Medicine, Genome Biology, Journal of Hepatology, and Nature Cell Biology. Nota-
bly, the paper titled “Reference Component Analysis of Single-cell Transcripts of Cells
Elucidates in Human Colored Tumors’, co-authored by Li and colleagues from Singa-
pore, has garnered the highest number of citations. This study focuses on analyzing the
transcriptional heterogeneity of colorectal tumors and their microenvironment through
scRNA-seq of both colorectal tumors and matched normal mucosa, providing valuable
insights into abnormal cell states within tumors [22]. Among the top 10 cited articles, 4
studies have corresponding authors from the United States and 2 studies from China,
highlighting the significant contributions of these two countries to research in this field.

3.2 Analysis of countries and institutions

Researchers from 29 countries contributed to the 187 included articles. The top 10
countries by publication volume and their total citation counts are displayed in Fig. 3A.
The top five countries by publication volume are China (101), United States (59), Ger-
many (12), England (10), and Canada (9). The United States has the highest total citation
count among all countries, reflecting the high academic influence of its research out-
put. Despite the number of papers published in Singapore being 3, they have obtained
a high number of citations, and one of them is the most cited paper with 708 citations.
The country collaboration map was made by visualizing the outputs of the countries and
the cooperation between different countries related to scRNA-seq and TME (Fig. 3B).
In the country cooperation map, different colors of countries represent different out-
puts of articles. The darker of the color, the more output. China and the United States
are the dominant contributors to publication output in this field, with the highest fre-
quency of bilateral collaboration. In addition, researchers from the United States have
more exchanges and cooperation with researchers from other countries. However, over-
all international collaboration in the field remains limited, highlighting an urgent need to
strengthen international academic exchange and cooperation in this field.

The 187 articles in our collection were published by relevant researchers from 454
institutions. The publication volume and total citations of the top 10 research institu-
tions were summarized in Fig. 3C. The results indicate that Peking University (China)
and Harvard University (United States) have the highest publication volume and total
citation counts, playing a leading role in this field. Of the top 10 most productive institu-
tions, eight are represented by Peking Univ (10, 5.35%), Nanjing Med Univ (9, 4.81%),
and Southern Med Univ (8, 4.28%) from China. The other two institutions are Harvard
Univ (10, 5.35%) and MIT (5, 2.67%) from the United States. The institutions from China
and the United States are acting as major driving forces in this field of research. In the
co-occurrence diagram of institutions made by VOSviewer (Fig. 3D), it can be seen that
most of the institutions with stronger cooperative relations come from China and the
United States. Importantly, institutions with high publication volume typically have
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closer internal collaborative partnerships, with domestic collaboration being signifi-
cantly more common than international collaboration.

3.3 Analysis of journals and authors

The 187 included articles were published in 103 journals. Based on Bradford’s law, we
analyzed the concentration and dispersion of the included publications across jour-
nals. Bradford’s law categorizes journals into a high-output core area, moderately rel-
evant area, and peripheral area solely according to the number of included publications
[23, 24]. Based on the publication volume, there are 9 journals located in the core area,
namely Frontiers in Immunology, Frontiers in Oncology, Nature Communications, Can-
cers, Briefings in Bioinformatics, Genome Medicine, International Journal of Molecu-
lar Sciences, Analytical Chemistry, and Cancer Cell International. Table 2 presents the
detailed characteristics of journals in the Bradford high-output core area, with addi-
tional metrics of academic influence added to distinguish publication volume from
scientific impact. Most of these 9 journals are ranked in Q1 of the 2024 JCR category
quartile, with only one journal ranked in Q2. Two journals in the core area have 2024
impact factors greater than 10: Nature Communications (2024 IF=15.7) and Genome
Medicine (2024 IF =11.2). Notably, the Bradford core area ranking is based on publica-
tion volume, which does not align with the academic influence of journals. Nature Com-
munications (11 included publications) had a total of 418 citations from the included
papers, with an average of 38.0 citations per paper, which was significantly higher than
Frontiers in Immunology (15 included publications, 126 total citations, 8.4 average cita-
tions per paper) and Frontiers in Oncology (11 included publications, 106 total citations,
9.6 average citations per paper). This indicates that high-impact journals such as Nature
Communications, and Genome Medicine are the main platforms for landmark high-
quality research in this field.

A total of 1721 researchers participated in the research on scRNA-seq and TME.
According to the analysis results of VOSviewer, the top three authors who published
the most articles were Xianwen Ren, Zemin Zhang, and Lei Zhang, all of whom pub-
lished three articles. Authors who published only 1 article accounted for 93.0% of all
contributing authors, indicating that publication output in this field is still concentrated
among a small number of core researchers, and the field requires further exploration by
more investigators. Notably, Shyam Prabhakar from Singapore, despite only 2 included
publications, received a total of 1025 citations, with both articles published in Nature
Genetics (2024 IF =29.0), representing landmark foundational studies in the field. The
former article made a single-cell transcriptome analysis of tumor cells and stromal cells
related to tumor heterogeneity, identified the possible tumor mechanisms and identified
the genes that were out of tune [22]. The latter article explored the interaction between
tumor cells and TME by scRNA-seq technology. Tumor cells are at the center of a net-
work of tumorigenic cell interactions, and genetic changes in tumor cells may also trig-
ger the formation of a unique TME [25]. The author collaborative network constructed
by VOSviewer (Fig. 4) shows that among the 1721 contributing authors, stable, large-
scale collaborative networks are still relatively rare, with most collaborations limited to

small, internal research teams.
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Fig. 3 Country and institutional analysis of scRNA-seq in TME research. A Top 10 contributing countries by publi-
cation volume and total citations. B Global distribution and collaboration network of countries/regions. C Top 10
contributing institutions by publication volume and total citations. D Collaborative network of research institutions

Table 2 Journals based on the publication volume of Bradford's law

Rank Journal Documents Citations JCR category Im-
quartile pact
(2024) factor

(2024)

1 Frontiers in Immunology 15 (8.0%) 126 Q1 59

2 Frontiers in Oncology 11 (5.9%) 106 Q2 33

3 Nature Communications 11 (5.9%) 418 Q1 15.7

4 Cancers 8 (4.3%) 65 Q2 44

5 Briefings in Bioinformatics 4(2.1%) 80 Q1 7.7

6 Genome Medicine 4(2.1%) 5 Q1 11.2

7 International Journal of Mo- 4(2.1%) 70 Q1 49

lecular Sciences
8 Analytical Chemistry 3(1.6%) 35 Q1 6.7
9 Cancer Cell International 3(1.6%) 5 Q1 6.0
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Fig. 4 The cooperation network of authors of scRNA-seq in TME research

3.4 Analysis of research hotspots and frontiers

Keyword analysis serves as an effective bibliometric approach to identify core themes

and knowledge structures within a scientific field. The node size represents the fre-

quency of keyword occurrence, and the color represents the time of occurrence in

CiteSpace’s keyword network analysis (Fig. 5A). The most frequent keywords related to

scRNA-seq and TME include tumor microenvironment, gene expression, expression,
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Fig.5 Keyword and research hotspot analysis. A Keyword frequency related to scRNA-seq and TME. The size of the
node represents the frequency of keyword occurrence, and the color represents the year of occurrence. B Cooc-
currence map of keywords. Nodes with different colors represent clusters with different connections. There are
four clusters focusing on different research topics in the figure. C Top 8 keywords with the strongest citation bursts.
The red part of the blue timeline indicates the duration of the burst keyword. D Cooccurrence map of keywords
indicates the period of the keywords

landscape, cancer, immunotherapy and single-cell RNA sequencing. These keywords
show the core topics and research contents in this field. To further investigate relation-
ships among keywords, we constructed a keyword cluster analysis map using VOS-
viewer (Fig. 5B). The five most frequent keywords were tumor microenvironment (59
occurrences), sCRNA-seq (58), expression (50), cancer (45), and gene expression (43).
A total of 54 keywords occurring more than five times were selected to generate the
keyword co-occurrence network. Nodes with the same color reflect research topics
with strong correlation. Our analysis mainly includes four research clusters, including
green, red, yellow and blue. The keywords of the green cluster are tumor microenviron-
ment, sScCRNA-seq, cancer, gene expression and T-cells, which indicate that the related
research of the cluster focuses on the analysis and identification of gene expression of
related cells in TME by using scRNA-seq technology to guide the prognosis characteris-
tics and drug resistance of patients with tumor. The main keywords included in the red
cluster are expression, immunotherapy, prognosis, resistance and survival. We believe
that the research focus of the red cluster is mainly to explore prognostic indicators based
on TME and the application of scRNA-seq in TME immune infiltration through the
analysis of scRNA-seq data. Biomarker, protein, gene, and identification in yellow cluster
are mainly used to analyze TME-related characteristics and identify genetic markers by
scRNA-seq. The topics presented by heterogeneity, cell, metastasis, and progression in
the blue clusters focus on the application of scRNA-seq in the TME and studies related
to tumor heterogeneity.

The analysis of keywords in the time dimension can reflect the research focus of the
research field in different time periods and the possible research direction in the future.
The burst detection of keywords is seen as an indicator of the advance of research
frontiers or emerging topics in a particular field over time to predict research trends.
CiteSpace is used to detect burst keywords. The blue line represents the timeline, and

Page 9 of 17
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the red part of the blue timeline represents the duration of the burst keywords (Fig. 5C).
The keyword with the longest duration of outbreak is messenger RNA, lasting from 1999
to 2020, and the keywords include single cell, survival, identification, proliferation, and
emergence in the latest years. Of these, proliferation has continued to this day. In this
VOSviewer map, color represents the time when keywords are concentrated, and the
deeper the color of lines and nodes, the farther away from the present time. Inversely,
the lighter the color of lines and nodes, the closer it is to the present time, and the more
novel the keyword theme displayed. Figure 5D shows the keyword analysis of the time
dimension displayed in VOSviewer. The keywords that appeared earlier include gene
expression, heterogeneity, metabolism, growth, inhibition, activity, angiogenesis, and
differentiation, which may be related to the application of early scRNA-seq in exploring
TME in tumor growth, metastasis, and differentiation and related mechanism research.
With the deepening of research on TME and the advancement of tumor immunotherapy
technology, keywords that appear recently are mainly machine learning, hepatocellular
carcinoma and lung adenocarcinoma.

4 Discussion

Our systematic bibliometric analysis of 187 studies focused on scRNA-seq in TME
research reveals that, following an initial period of slow development, annual publi-
cation output has grown substantially since 2020, driven by the expanded application
of scRNA-seq technologies and increasing research focus on the TME. China and the
United States dominate research output and serve as core collaborators internationally.
Among the top ten most productive institutions, eight are from China and the other two
are from the United States. The output of papers in this field is still concentrated among
authors who publish fewer articles. While the field continues to grow and deepen, close
international collaboration among authors, countries, and institutions remains lim-
ited, representing a key gap to be addressed in future research. Transitioning from this
macro-bibliometric landscape to specific research themes, it is evident that the applica-
tion of scRNA-seq in TME research advancing our understanding of tumor initiation,
progression, and metastasis, while facilitating clinical translation in biomarker discov-
ery, prognostic stratification, and therapeutic response prediction.

At the mechanistic level, scRNA-seq has provided unprecedented resolution into the
cellular heterogeneity of specific tumors. The keywords in the time dimension reveals
the progress of scRNA-seq in exploring specific tumors. Lung adenocarcinoma is the
most common type of lung cancer. The scRNA-seq has been used to explore mast cells,
sphingolipid metabolism, and inflammatory responses in the TME, revealing its value in
identifying biomarkers and clarifying TME complexity in lung adenocarcinoma [26-29].
Notably, recent integrative analyses have elevated the utility of scRNA-seq from descrip-
tive profiling to predictive modeling. For instance, a mitochondrial pathway signature
(MitoPS) derived from scRNA-seq and bulk transcriptomics has demonstrated supe-
rior performance in predicting immunotherapy response in lung adenocarcinoma. This
approach identified NDUFBI10 as a pivotal immune regulator, where its deficiency cor-
relates with increased CD8 + T cell infiltration and improved efficacy of immune check-
point inhibitors, offering a precise metabolic-based strategy for patient stratification
[30]. In hepatocellular carcinoma, scRNA-seq has elucidated the roles of T cells, hepa-
tocytes, epithelial cells, and monocytes in patient survival and immunotherapy response
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[31-34]. This insight is further supported by landmark pan-cancer studies, including
the work by Barkley et al., which systematically defined recurrent malignant cell states
across tumor types and revealed how these conserved states shape TME composition,
immune evasion, and treatment response [35]. In melanoma specifically, sScRNA-seq
has identified distinct microphthalmia-associated transcription factor (MITF)-high and
AXL receptor tyrosine kinase (AXL)-high cell populations, the latter of which is directly
linked to drug resistance and shaped by the surrounding TME [36]. Furthermore, the
persistence of the keyword “proliferation” in burst detection analysis underscores the
relevance of scRNA-seq in studying tumor cell replication and the influence of non-
tumor cells during carcinogenesis [37, 38].

The power of scRNA-seq is most prominently displayed in deconstructing the mul-
ticomponent nature of the TME. TME is composed not only of tumor cells but also
immune cells and stromal cells, which have a significant impact on tumorigenesis,
pathogenesis, progression, and metastasis. Tumor-infiltrating immune cells are involved
in complex interactions during tumor development. Immune cells not only have anti-
tumor effects but also play a role in promoting tumor through different phenotypes or
secreting cytokines. TAMs and tumor-associated neutrophils (TANs) are key compo-
nents of the TME and affect tumor progression by directly regulating tumor cell pro-
liferation or interfering with the pro-tumor or anti-tumor immune responses of other
immune cells [38, 39]. Macrophages include M1-type macrophages and M2-type macro-
phages. A large number of activated macrophages infiltrate tumor stroma and are called
TAMs. M1 macrophages have anti-tumor effects, while M2 macrophages promote the
proliferation and invasion of tumor cells. TAMs can impair the tumor-killing capacity
of T cells and NK cells, and also foster tumorigenic inflammation by generating inflam-
matory T helper subsets such as T follicular helper cells [40]. Similarly, TANs can be
categorized into anti-tumor neutrophils (N1) and pro-tumor neutrophils (N2) subsets
[41], functioning through chemotaxis, phagocytosis, degranulation, and neutrophil
extracellular trap formation [42, 43]. Neutrophils promote tumor progression through
multiple mechanisms: (a) inducing VEGF overexpression to stimulate angiogenesis [44];
(b) interacting with immune cells to suppress anti-tumor responses, such as by induc-
ing T cell apoptosis [45]; and (c) releasing enzymes that stabilize integrins and facilitate
cancer migration and invasion [46]. Additionally, neutrophils recruit other immune cells
like Tregs via chemokine secretion, which may either inhibit or promote tumor growth
depending on TME polarization [47]. A major future challenge lies in developing thera-
pies that selectively inhibit the pro-tumor functions of immune cells while preserving
their anti-tumor capacity, which highlights the complexity and importance of scRNA-
seq for the study of cell subsets.

Beyond the immune landscape, stromal components represent another critical fron-
tier elucidated by single-cell technologies. Through scRNA-seq of stromal cells such as
fibroblasts, endothelial cells, smooth muscle cells and epithelial cells in the TME, the
researchers further elucidate the TME to provide substantial help for tumor clinical
treatment. Notably, TAFs modulate anti-tumor immunity through the secretion of cyto-
kines, growth factors, chemokines, and exosomes. Their immunosuppressive mecha-
nisms include: (a) inducing abnormal polarization or trans-differentiation of immune
cells into pro-tumorigenic subtypes; (b) enhancing the recruitment, infiltration, and acti-
vation of immunosuppressive cells; and (c) impairing the cytotoxic activity and cytokine
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production of natural killer cells and cytotoxic T lymphocytes [48—50]. Additionally,
TAFs remodel the ECM via production of fibronectin, collagen, and other components,
further shaping the TME [51-53]. Emerging therapeutic approaches targeting stromal
cells involve depleting specific stromal subsets through surface markers or blocking their
activation and effector functions [54]. Fibrotic progression can also be blocked by limit-
ing the remodeling of ECM, including therapies that target fibrotic activation signaling
pathways and their fibrotic products [55]. Therapeutics that neutralize stromal-derived
immunosuppressive signals may help restrain tumor growth and improve survival. Thus,
the application of scRNA-seq in TME stromal cells represents a promising direction for
developing novel tumor therapies.

While scRNA-seq excels at defining cellular identity, its inherent limitation has neces-
sitated the integration of multi-dimensional technologies. The scRNA-seq improves our
understanding of cell subsets, but the spatial information of cells in the original tissue
environment is destroyed during the process of single-cell extraction of the dissociated
tissue [56, 57]. However, spatial information in the primordial tissue environment is crit-
ical to understanding cell-cell interactions [58]. The combination of scRNA-seq and spa-
tial transcriptome can improve the understanding of TME. ScCRNA-seq is used to detect
the types and subtypes of cells in TME. Through the knowledge of ligand-receptor
complex, scRNA-seq can also understand the interaction and communication between
cells, so as to master the development, differentiation and inflammation process of cells
[59, 60]. To accurately model these interactions, advanced tools like CellChat provide a
framework that accounts for the multi-subunit structure of receptors and the influence
of various cofactors [61]. Furthermore, the expansion of databases like CellPhoneDB v5
now allows for the inclusion of non-peptidic signals, such as hormones and neurotrans-
mitters, offering a more comprehensive map of the signaling landscape within the TME
[59]. Spatial transcriptome can detect cell composition and original gene expression in
different regions, directly obtain differential gene expression information in different
functional regions, and conduct a more comprehensive synthesis of gene expression,
spatial location and histological information. The integration of scRNA-seq and spatial
transcriptome data will improve the understanding of cell type identification and cor-
responding functional properties of the TME, and gradually clarify the physical loca-
tion of each component [62]. For example, tissue samples from patients with esophageal
squamous cell carcinoma were used to identify different cell subpopulations using
scRNA-seq. The spatial transcriptomics method based on microarray was used to char-
acterize the spatial landscape of the expression data by an array of spots [63]. Data from
scRNA-seq combined with spatial transcriptomics defined cutaneous squamous cell car-
cinoma tumor and stromal cell subpopulations, the spatial niches in which they interact,
and their communication gene networks involved in cancer [64]. The combination of
scRNA-seq and spatial transcriptomes applied to the exploration of the TME is a novel
approach to dynamically and multidimensional understanding of the molecular mecha-
nisms of disease and the development of new classes of spatial biomarkers. The portfolio
provides a powerful resource for diagnosing disease, monitoring disease progression and
treatment effects, and discovering new classes of space-targeted drugs [65].

To navigate the massive datasets generated by such multimodal approaches, the field
is increasingly turning towards computational intelligence. With the rapid develop-
ment of artificial intelligence, machine learning in the field of medicine is also providing
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more information for medical practice. Machine learning is the application of multidis-
ciplinary theory to use computers to simulate human learning behaviors and activities
to acquire knowledge and skills, constantly update and rebuild the knowledge frame-
work, and improve system performance [66]. Intercellular communication is mainly
mediated by physical intercellular contact, shared ECM and secreted diffusion signaling
molecules. Inference of intercellular communication helps to understand the molecular
mechanism of tumor progression and metastasis, and provides guidance for anticancer
drug design and tumor targeted therapy. Recent advances in scRNA-seq have enabled
the analysis of intercellular signals from gene expression in single-cell datasets [67—-69].
Sun et al. [70] combined machine learning algorithms with scRNA-seq datasets to vali-
date the role of key genes in hepatocellular carcinoma progression. Liu et al. [71] evalu-
ated the TME characteristics of hepatocellular carcinoma through a combination of
single-cell level and machine learning to provide prognostic prediction and rational
treatment for patients. Liao et al. [72] used machine learning to analyze immune cells in
the TME by integrating scRNA-seq data for potential drug targets. Based on scRNA-seq
data, researchers can also apply alternative machine learning methods to build a tumor
risk assessment system that comprehensively evaluates the tumor immune microenvi-
ronment, tumor mutation load, and tumor immune checkpoints, thereby providing
new and reliable biomarkers for tumor treatment and prognosis [73]. Furthermore, the
integration of scRNA-seq with advanced computational frameworks has evolved from
static profiling to a more dynamic and integrated paradigm. For instance, by employ-
ing an optimized dynamic network biomarker (DNB) method, researchers have deci-
phered high-resolution heterogeneity in differentiated thyroid cancer, identifying Stage
IT as a critical transition point and pinpointing the ASPH gene as a key regulator driving
malignancy [74]. This systems-biology approach demonstrates the power of network-
based algorithms in identifying precision biomarkers that are often overlooked by con-
ventional analysis. Collectively, the launch of the 10X Genomics Chromium platform,
a high-throughput droplet-based scRNA-seq technology, has dramatically lowered the
technical threshold and accelerated the explosive growth of scRNA-seq applications in
TME research [75]. To effectively support such computationally intensive research and
the integration of massive multi-omics datasets, large-scale international collaborative
projects such as the Human Tumor Atlas Network (HTAN) are now leading the stan-
dardization of multi-omics single-cell profiling of the TME, providing a unified, open-
access resource for integrating scRNA-seq, spatial transcriptomics, and other omics
data across tumor types [76]. Besides, innovative infrastructure like cloud-based GWAS
platforms has been developed [77]. These platforms enable sub-second data acquisition
and seamless cross-database analysis. The synergy between high-resolution algorithmic
models and scalable computational platforms is becoming essential for translating com-
plex single-cell landscapes into actionable clinical insights in precision oncology. These
greatly promote the clinical translation of single-cell TME research. We highlight the
urgent need for enhanced international cooperation, standardized analytical frame-
works, and integrated multi-omics approaches to fully realize the translational potential
of scRNA-seq in precision oncology. This bibliometric review provides a timely and sys-
tematic roadmap for researchers, funding agencies, and policymakers seeking to navi-
gate and accelerate progress in this rapidly evolving domain.
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However, this bibliometric analysis has several limitations. First, studies were only
retrieved from the WOS Core Collection, which may lead to incomplete coverage of
relevant studies published in other databases or non-English sources. In addition, due
to the lag in database indexing, some recently published high-quality studies may not
have been included. Finally, by focusing on general trends in scRNA-seq applications in
the TME, this review does not fully capture heterogeneity among distinct cancer types
or specific experimental designs. Despite these limitations, this study provides a reli-
able and systematic overview of the field, and the findings remain informative for future
research directions.

5 Conclusions

This study provides a comprehensive, systematic bibliometric overview of the global
research landscape at the intersection of scRNA-seq and TME research. Current
research efforts primarily utilize scRNA-seq to characterize cellular heterogeneity and
cell-cell interaction networks within the TME, offering critical insights into tumor biol-
ogy and treatment response mechanisms. While the field has experienced rapid and
sustained growth over the past 5 years, enhanced international collaboration between
research teams, institutions, and countries remains an urgent unmet need. Future
research will likely focus on defining the functional roles of immune and stromal cell
subsets within the TME by scRNA-seq, as well as the integration of scRNA-seq with spa-
tial transcriptomics and advanced machine learning frameworks. These directions rep-
resent a promising avenue for developing novel precision tumor therapies and advancing
the clinical translation of single-cell oncology research.

Author contributions

Jing Ma and Tingting Chen contributed to the conception, data interpretation, and drafted the manuscript. Kefei Shen,
Mengru Fang, and Lu Yang contributed to performing the literature retrieval, data interpretation, and Figure. Yanyan
Zhang, and Longfei Guo revised the manuscript and coordinated the whole work. All authors contributed to the
manuscript and approved the submitted version.

Funding
The study was supported by the Natural Science Foundation of Gansu Province (25JRRA872), and Gansu Provincial
Hospital (21GSSYC-6, 24GSSYC-8, RC-2025-3-2).

Data availability
No datasets were generated or analysed during the current study.

Declarations

Ethics approval and consent to participate
All data used in this study were downloaded from public databases. Therefore, no ethical approval was required.

Consent for publication
Not applicable.

Institutional review board statement
Not applicable

Competing interests
The authors declare no competing interests.

Received: 11 November 2025 / Accepted: 20 April 2026
Published online: 24 April 2026

References

1. Patel AP, Tirosh I, Trombetta JJ, Shalek AK, Gillespie SM, Wakimoto H, Cahill DP, Nahed BV, Curry WT, Martuza RL, et al.
Single-cell RNA-seq highlights intratumoral heterogeneity in primary glioblastoma. Science. 2014;344(6190):1396-401.
https://doi.org/10.1126/science.1254257.


https://doi.org/10.1126/science.1254257

Ma et al. Discover Oncology (2026) 17:864

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

CaoY, Langer R, Ferrara N. Targeting angiogenesis in oncology, ophthalmology and beyond. Nat Rev Drug Discov.
2023;22:476-95. https://doi.org/10.1038/541573-023-00671-z.

Casanovas O, Cancer. Limitations of therapies exposed. Nature. 2012;484:44-6. https://doi.org/10.1038/484044a.
Roma-Rodrigues C, Mendes R, Baptista PV, Fernandes AR. Targeting tumor microenvironment for cancer therapy. lJMS.
2019;20:840. https://doi.org/10.3390/ijms20040840.

Reardon S. First cell therapy for solid tumours heads to the clinic: what it means for cancer treatment. Nature. 2024.
https://doi.org/10.1038/d41586-41024-00673-w.

Jin MZ, Jin WL. The updated landscape of tumor microenvironment and drug repurposing. Signal Transduct Target Ther.
2020;5:166. https://doi.org/10.1038/541392-020-00280-x.

Mantovani A, Marchesi F, Malesci A, Laghi L, Allavena P. Tumour-associated macrophages as treatment targets in oncology.
Nat Rev Clin Oncol. 2017;14:399-416. https://doi.org/10.1038/nrclinonc.2016.217.

Peng YM, Luo XM, Chen JY. Research Progress and new immunotherapy strategies of tumor microenvironment metabo-
lism. Sichuan Da Xue Xue Bao Yi Xue Ban. 2023;54:505-9. https://doi.org/10.12182/20230560502.

Jahanban-Esfahlan R, Seidi K, Banimohamad-Shotorbani B, Jahanban-Esfahlan A, Yousefi B. Combination of nanotechnol-
ogy with vascular targeting agents for effective cancer therapy. J Cell Physiol. 2018;233:2982-92. https://doi.org/10.1002/j
€p.26051.

LiuS, Zhang Y, Peng J, Shang X. An improved hierarchical variational autoencoder for cell-cell communication estimation
using single-cell RNA-seq data. Brief Funct Genomics. 2024;23:118-27. https://doi.org/10.1093/bfgp/elac056.

Barcellos-Hoff MH, Lyden D, Wang TC. The evolution of the cancer niche during multistage carcinogenesis. Nat Rev Cancer.

2013;13:511-8. https://doi.org/10.1038/nrc3536.

de Visser KE, Joyce JA. The evolving tumor microenvironment: from cancer initiation to metastatic outgrowth. Cancer Cell.
2023;41:374-403. https://doi.org/10.1016/j.ccell.2023.02.016.

Lv S, Tao L, Liao H, Huang Z, Lu Y. Comprehensive analysis of single-cell RNA-seq and bulk RNA-seq revealed the heteroge-
neity and convergence of the immune microenvironment in renal cell carcinoma. Funct Integr Genom. 2023;23. https://d
01.org/10.1007/510142-023-01113-0.

Tan Z, Chen X, Zuo J, Fu S, Wang H, Wang J. Comprehensive analysis of scRNA-Seq and bulk RNA-Seq reveals dynamic
changes in the tumor immune microenvironment of bladder cancer and establishes a prognostic model. J Translational
Med. 2023;21. https://doi.org/10.1186/512967-023-04056-z.

Donthu N, Kumar S, Mukherjee D, Pandey N, Lim WM. How to conduct a bibliometric analysis: an overview and guidelines.
JBus Res. 2021;133:285-96. https://doi.org/10.1016/j.jbusres.2021.04.070.

Cobo MJ, Lopez-Herrera AG, Herrera-Viedma E, Herrera F. Science mapping software tools: review, analysis, and coopera-
tive study among tools. J Am Soc Inf Sci. 2011;62:1382-402. https://doi.org/10.1002/asi.21525.

Perez-Cabezas V, Ruiz-Molinero C, Carmona-Barrientos |, Herrera-Viedma E, Cobo MJ, Moral-Munoz JA. Highly cited papers
in rheumatology: identification and conceptual analysis. Scientometrics. 2018;116:555-68. https://doi.org/10.1007/51119
2-018-2712-z.

Di Zeo-Sénchez DE, Sdnchez-Nufez P, Stephens C, Lucena MI. Characterizing highly cited papers in mass cytometry
through H-classics. Biology. 2021;10:104. https://doi.org/10.3390/biology 10020104,

van Eck NJ, Waltman L. Software survey: VOSviewer, a computer program for bibliometric mapping. Scientometrics.
2010;84:523-38. https://doi.org/10.1007/511192-009-0146-3.

Shah SHH, Lei S, Ali M, Doronin D, Hussain ST. Prosumption: bibliometric analysis using HistCite and VOSviewer. Kyber-
netes. 2019. https://doi.org/10.1108/k-12-2018-0696

Chen C. Searching for intellectual turning points: progressive knowledge domai n visualization. Proc Nat Acad Sci.
2004;101:5303-5310. https://doi.org/10.1073/pnas.0307513100

Li H, Courtois ET, Sengupta D, Tan Y, Chen KH, Goh JJL, Kong SL, Chua C, Hon LK, Tan WS, et al. Reference compo-

nent analysis of single-cell transcriptomes elucidates cellular heterogeneity in human colorectal tumors. Nat Genet.
2017,49:708-18. https://doi.org/10.1038/ng.3818.

Brookes BC. Sources of information on specific subjects by S.C. Bradford. J Inform Sci. 1985;10:173-5. https://doi.org/10.11
77/016555158501000406.

Heine MH. Bradford ranking conventions and their application to a growing literature. J Doc. 1998;54:303-31. https://doi.o
rg/10.1108/EUM0000000007173.

Lee H-O, Hong Y, Etlioglu HE, Cho YB, Pomella V, Van den Bosch B, Vanhecke J, Verbandt S, Hong H, Min J-W, et al. Lineage-
dependent gene expression programs influence the immune landscape of colorectal cancer. Nat Genet. 2020;52:594-603.
https://doi.org/10.1038/541588-020-0636-z.

FanT, Lu J, Niu D, Zhang Y, Wang B, Zhang B, Zhang Z, He X, Peng N, Li B, et al. Immune and non-immune cell subtypes
identify novel targets for prognostic and therapeutic strategy: a study based on intratumoral heterogenicity analysis of
multicenter scRNA-seq datasets in lung adenocarcinoma. Front Immunol. 2022;13:1046121. https://doi.org/10.3389/fimm
u.2022.1046121.

Zhang P, Liu J, Pei S, Wu D, Xie J, Liu J, Li J. Mast cell marker gene signature: prognosis and immunotherapy response
prediction in lung adenocarcinoma through integrated scRNA-seq and bulk RNA-seq. Front Immunol. 2023;14:1189520.
https://doi.org/10.3389/fimmu.2023.1189520.

Zhang P, Pei S, Gong Z, Feng Y, Zhang X, Yang F, Wang W. By integrating single-cell RNA-seq and bulk RNA-seq in sphin-
golipid metabolism, CACYBP was identified as a potential therapeutic target in lung adenocarcinoma. Front Immunol.
2023;14:1115272. https://doi.org/10.3389/fimmu.2023.1115272.

Gu Y, Bian C,Wang H, Fu C, Xue W, Zhang W, Mu G, Xia Y, Wei K, Wang J. Inflammation-based lung adenocarcinoma
molecular subtype identification and construction of an inflammation-related signature with bulk and single-cell RNA-seq
data. Aging. 2024;16:8822-42. https://doi.org/10.18632/aging.205840.

Zhang P, Zhang M, Liu J, Zhou Z, Zhang L, Luo P, Zhang Z. Mitochondrial Pathway Signature (MitoPS) predicts immuno-
therapy respon se and reveals NDUFB10 as a key immune regulator in lung adenocarcinom a. J Immunother Cancer 13,
€012069, https://doi.org/10.1136/jitc-2025-012069

ChiH, Zhao S, Yang J, Gao X, Peng G, Zhang J, Xie X, Song G, Xu K, Xia Z, et al. T-cell exhaustion signatures characterize

the immune landscape and predict HCC prognosis via integrating single-cell RNA-seq and bulk RNA-sequencing. Front
Immunol. 2023;14:1137025. https://doi.org/10.3389/fimmu.2023.1137025.

Page 15 of 17


https://doi.org/10.1038/s41573-023-00671-z
https://doi.org/10.1038/484044a
https://doi.org/10.3390/ijms20040840
https://doi.org/10.1038/d41586-41024-00673-w
https://doi.org/10.1038/s41392-020-00280-x
https://doi.org/10.1038/nrclinonc.2016.217
https://doi.org/10.12182/20230560502
https://doi.org/10.1002/jcp.26051
https://doi.org/10.1002/jcp.26051
https://doi.org/10.1093/bfgp/elac056
https://doi.org/10.1038/nrc3536
https://doi.org/10.1016/j.ccell.2023.02.016
https://doi.org/10.1007/s10142-023-01113-0
https://doi.org/10.1007/s10142-023-01113-0
https://doi.org/10.1186/s12967-023-04056-z
https://doi.org/10.1016/j.jbusres.2021.04.070
https://doi.org/10.1002/asi.21525
https://doi.org/10.1007/s11192-018-2712-z
https://doi.org/10.1007/s11192-018-2712-z
https://doi.org/10.3390/biology10020104
https://doi.org/10.1007/s11192-009-0146-3
https://doi.org/10.1108/k-12-2018-0696
https://doi.org/10.1073/pnas.0307513100
https://doi.org/10.1038/ng.3818
https://doi.org/10.1177/016555158501000406
https://doi.org/10.1177/016555158501000406
https://doi.org/10.1108/EUM0000000007173
https://doi.org/10.1108/EUM0000000007173
https://doi.org/10.1038/s41588-020-0636-z
https://doi.org/10.3389/fimmu.2022.1046121
https://doi.org/10.3389/fimmu.2022.1046121
https://doi.org/10.3389/fimmu.2023.1189520
https://doi.org/10.3389/fimmu.2023.1115272
https://doi.org/10.18632/aging.205840
https://doi.org/10.1136/jitc-2025-012069
https://doi.org/10.3389/fimmu.2023.1137025

Ma et al. Discover Oncology (2026) 17:864

32.

33.

34.

35.

36.

37.

38.
39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

Yang D, Zhou 'Y, Zhang Y, Su 'Y, Shen J, Yu B, Zhao K, Ding Y. Comprehensive analysis of scRNA-Seq and bulk RNA-Seq data
reveals dynamic changes in tumor-associated neutrophils in the tumor microenvironment of hepatocellular carcinoma
and leads to the establishment of a neutrophil-related prognostic model. Cancer Immunol Immunother. 2023;72:4323-35.
https://doi.org/10.1007/500262-023-03567-4.

Swain AK, Pandey P, Sera R, Yadav P. Single-cell transcriptome analysis identifies novel biomarkers involved in major liver
cancer subtypes. Funct Integr Genomics. 2023;23:235. https://doi.org/10.1007/510142-023-01156-3.

Cao L, Liu M, Ma X, Rong P, Zhang J, Wang W. Comprehensive scRNA-seq analysis and identification of CD8_+T cell related
gene markers for predicting prognosis and drug resistance of hepatocellular carcinoma. Curr Med Chem. 2024;31:2414-
30. https://doi.org/10.2174/0109298673274578231030065454.

Barkley D, Moncada R, Pour M, Liberman DA, Dryg |, Werba G, Wang W, Baron M, Rao A, Xia B, et al. Cancer cell states recur
across tumor types and form specific interactions with the tumor microenvironment. Nat Genet. 2022;54:1192-201.
https://doi.org/10.1038/541588-022-01141-9.

Tirosh |, 1zar B, Prakadan SM, Wadsworth MH 2nd;, Treacy D, Trombetta JJ, Rotem A, Rodman C, Lian C, Murphy G et al. Dis-
secting the multicellular ecosystem of metastatic melanoma by single-cell RNA-seq. Science. 2016;352:189-96. https://doi
.0rg/10.1126/science.aad0501

Arner EN, Rathmell JC. Metabolic programming and immune suppression in the tumor microenvironment. Cancer Cell.
2023;41:421-33. https://doi.org/10.1016/j.ccell.2023.01.009.

Arneth B. Tumor Microenvironment. Med (Kaunas). 2019;56(15). https://doi.org/10.3390/medicina56010015.

Di Ceglie |, Carnevale S, Rigatelli A, Grieco G, Molisso P, Jaillon S. Immune cell networking in solid tumors: focus on macro-
phages and neutrophils. Front Immunol. 2024;15. https://doi.org/10.3389/fimmu.2024.1341390.

Chen M-M, Xiao X, Lao X-M, Wei Y, Liu R-X, Zeng Q-H, Wang J-C, Ouyang F-Z, Chen D-P, Chan K-W, et al. Polarization of
tissue-resident TFH-Like cells in human hepatoma bridges innate monocyte inflammation and M2b macrophage polariza-
tion. Cancer Discov. 2016;6:1182-95. https://doi.org/10.1158/2159-8290.cd-16-0329.

Fridlender ZG, Sun J, Kim S, Kapoor V, Cheng G, Ling L, Worthen GS, Albelda SM. Polarization of tumor-associated neutro-
phil phenotype by TGF-beta: N1 versus N2 TAN. Cancer Cell. 2009;16:183-94. https://doi.org/10.1016/j.ccr.2009.06.017.
Zha C,Meng X, LiL, Mi S, Qian D, Li Z, Wu P, Hu S, Zhao S, Cai J, et al. Neutrophil extracellular traps mediate the crosstalk
between glioma progression and the tumor microenvironment via the HM GB1/RAGE/IL-8 axis. Cancer Biol Med.
2020;17:154-68. https://doi.org/10.20892/j.issn.2095-3941.2019.0353.

Mayadas TN, Cullere X, Lowell CA. The multifaceted functions of neutrophils. Annu Rev Pathol. 2014;9:181-218. https://doi.
org/10.1146/annurev-pathol-020712-164023.

Jablonska J, Leschner S, Westphal K, Lienenklaus S, Weiss S. Neutrophils responsive to endogenous IFN-3 regulate tumor
angiogenesis and growth in a mouse tumor model. J Clin Invest. 2010;120:1151-64. https://doi.org/10.1172/jci37223.
Lecot P, Sarabi M, Pereira Abrantes M, Mussard J, Koenderman L, Caux C, Bendriss-Vermare N, Michallet M-C. Neutrophil
heterogeneity in cancer: from biology to therapies. Front Immunol. 2019;10:2155. https://doi.org/10.3389/fimmu.2019.021
55.

Que H, FuQ LanT, Tian X, Wei X. Tumor-associated neutrophils and neutrophil-targeted cancer therapies. Biochim et
Biophys Acta (BBA) - Rev Cancer. 2022;1877(5):188762. https://doi.org/10.1016/j.bbcan.2022.188762.

Beauvillain C, Delneste Y, Scotet M, Peres A, Gascan H, Guermonprez P, Barnaba V, Jeannin P. Neutrophils efficiently cross-
prime naive T cells in vivo. Blood. 2007;110:2965-73. https://doi.org/10.1182/blood-2006-12-063826.

Thommen DS, Schumacher TN. T cell dysfunction in cancer. Cancer Cell. 2018;33:547-62. https://doi.org/10.1016/j.ccell.20
18.03.012.

Sobierajska K, Ciszewski WM, Sacewicz-Hofman I, Niewiarowska J. Endothelial cells in the tumor microenvironment. Adv
Exp Med Biol. 2020;1234:71-86. https://doi.org/10.1007/978-3-030-37184-5_6.

Korneev KV, Atretkhany K-SN, Drutskaya MS, Grivennikov SI, Kuprash DV, Nedospasov SA. TLR-signaling and proinflamma-
tory cytokines as drivers of tumorigenesis. Cytokine. 2017;89:127-35. https://doi.org/10.1016/j.cyt0.2016.01.021.

Mao X, Xu J, Wang W, Liang C, Hua J, Liu J, Zhang B, Meng Q, Yu X, Shi S. Crosstalk between cancer-associated fibroblasts
and immune cells in the tumor microenvironment: new findings and future perspectives. Mol Cancer. 2021;20:131.
https://doi.org/10.1186/512943-021-01428-1.

Harper J, Sainson RCA. Regulation of the anti-tumour immune response by cancer-associated fibroblasts. Semin Cancer
Biol. 2014,25:69-77. https://doi.org/10.1016/j.semcancer.2013.12.005.

Levental KR, Yu H, Kass L, Lakins JN, Egeblad M, Erler JT, Fong SFT, Csiszar K, Giaccia A, Weninger W, et al. Matrix crosslinking
forces tumor progression by enhancing integrin signaling. Cell. 2009;139:891-906. https://doi.org/10.1016/j.cell.2009.10.02
7.

Nurmik M, Ullmann P, Rodriguez F, Haan S, Letellier E. In search of definitions: cancer-associated fibroblasts and their mark-
ers. Int J Cancer. 2020;146:895-905. https://doi.org/10.1002/ijc.32193.

Salmon H, Franciszkiewicz K, Damotte D, Dieu-Nosjean M-C, Validire P, Trautmann A, Mami-Chouaib F, Donnadieu E. Matrix
architecture defines the preferential localization and migration of T cells into the stroma of human lung tumors. J Clin
Invest. 2012;122:899-910. https://doi.org/10.1172/JCl45817.

Tang F, Barbacioru C, Wang Y, Nordman E, Lee C, Xu N, Wang X, Bodeau J, Tuch BB, Siddiqui A, et al. mRNA-Seq whole-
transcriptome analysis of a single cell. Nat Methods. 2009;6:377-82. https://doi.org/10.1038/nmeth.1315.

Gyllborg D, Langseth CM, Qian X, Choi E, Salas SM, Hilscher MM, Lein ES, Nilsson M. Hybridization-based in situ sequenc-
ing (HyblSS) for spatially resolved transcriptomics in human and mouse brain tissue. Nucleic Acids Res. 2020;48:¢112.
https://doi.org/10.1093/nar/gkaa792.

Du J,Yang Y-C, An Z-J, Zhang M-H, Fu X-H, Huang Z-F, Yuan'Y, Hou J. Advances in spatial transcriptomics and related data
analysis strategies. J Transl Med. 2023;21. https://doi.org/10.1186/512967-023-04150-2.

Efremova M, Vento-Tormo M, Teichmann SA, Vento-Tormo R. CellPhoneDB: inferring cell-cell communication from com-
bined expression of multi-subunit ligand-receptor complexes. Nat Protoc. 2020;15:1484-506. https://doi.org/10.1038/541
596-020-0292-x.

Browaeys R, Saelens W, Saeys Y. NicheNet: modeling intercellular communication by linking ligands to target genes. Nat
Methods. 2019;17:159-62. https://doi.org/10.1038/541592-019-0667-5.

Jin'S, Plikus MV, Nie Q. CellChat for systematic analysis of cell-cell communication from single-cell transcriptomics. Nat
Protoc. 2025;20:180-219. https://doi.org/10.1038/541596-024-01045-4.

Page 16 of 17


https://doi.org/10.1007/s00262-023-03567-4
https://doi.org/10.1007/s10142-023-01156-3
https://doi.org/10.2174/0109298673274578231030065454
https://doi.org/10.1038/s41588-022-01141-9
https://doi.org/10.1126/science.aad0501
https://doi.org/10.1126/science.aad0501
https://doi.org/10.1016/j.ccell.2023.01.009
https://doi.org/10.3390/medicina56010015
https://doi.org/10.3389/fimmu.2024.1341390
https://doi.org/10.1158/2159-8290.cd-16-0329
https://doi.org/10.1016/j.ccr.2009.06.017
https://doi.org/10.20892/j.issn.2095-3941.2019.0353
https://doi.org/10.1146/annurev-pathol-020712-164023
https://doi.org/10.1146/annurev-pathol-020712-164023
https://doi.org/10.1172/jci37223
https://doi.org/10.3389/fimmu.2019.02155
https://doi.org/10.3389/fimmu.2019.02155
https://doi.org/10.1016/j.bbcan.2022.188762
https://doi.org/10.1182/blood-2006-12-063826
https://doi.org/10.1016/j.ccell.2018.03.012
https://doi.org/10.1016/j.ccell.2018.03.012
https://doi.org/10.1007/978-3-030-37184-5_6
https://doi.org/10.1016/j.cyto.2016.01.021
https://doi.org/10.1186/s12943-021-01428-1
https://doi.org/10.1016/j.semcancer.2013.12.005
https://doi.org/10.1016/j.cell.2009.10.027
https://doi.org/10.1016/j.cell.2009.10.027
https://doi.org/10.1002/ijc.32193
https://doi.org/10.1172/JCI45817
https://doi.org/10.1038/nmeth.1315
https://doi.org/10.1093/nar/gkaa792
https://doi.org/10.1186/s12967-023-04150-2
https://doi.org/10.1038/s41596-020-0292-x
https://doi.org/10.1038/s41596-020-0292-x
https://doi.org/10.1038/s41592-019-0667-5
https://doi.org/10.1038/s41596-024-01045-4

Ma et al. Discover Oncology (2026) 17:864

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

Elhanani O, Ben-Uri R, Keren L. Spatial profiling technologies illuminate the tumor microenvironment. Cancer Cell.
2023;41:404-20. https://doi.org/10.1016/j.ccell.2023.01.010.

Guo W, Zhou B, Yang Z, Liu X, Huai Q, Guo L, Xue X, Tan F, Li Y, Xue Q, et al. Integrating microarray-based spatial transcrip-
tomics and single-cell R. EBioMedicine. 2022;84:104281. https://doi.org/10.1016/j.ebiom.2022.104281.

JiAL, Rubin AJ, Thrane K, Jiang S, Reynolds DL, Meyers RM, Guo MG, George BM, Mollbrink A, Bergenstrahle J, et al. Multi-
modal analysis of composition and spatial architecture in human Squamous cell carcinoma. Cell. 2020;182:497-e514422.
https://doi.org/10.1016/j.cell.2020.05.039.

Zhang L, Chen D, Song D, Liu X, Zhang Y, Xu X, Wang X. Clinical and translational values of spatial transcriptomics. Sig
Transduct Target Ther. 2022;7. https://doi.org/10.1038/541392-022-00960-w.

Deo RC. Machine learning in medicine. Circulation. 2015;132:1920-30. https://doi.org/10.1161/circulationaha.115.001593.
Armingol E, Officer A, Harismendy O, Lewis NE. Deciphering cell-cell interactions and communication from gene expres-
sion. Nat Rev Genet. 2020;22:71-88. https://doi.org/10.1038/541576-020-00292-x.

Karnoub AE, Dash AB, Vo AP, Sullivan A, Brooks MW, Bell GW, Richardson AL, Polyak K, Tubo R, Weinberg RA. Mesenchymal
stem cells within tumour stroma promote breast cancer metastasis. Nature, 2007;449:557-63. https://doi.org/10.1038/nat
ure06188.

Yuan D, Tao Y, Chen G, Shi T. Systematic expression analysis of ligand-receptor pairs reveals import ant cell-to-cell interac-
tions inside glioma. Cell Commun Signal. 2019;17:48. https://doi.org/10.1186/512964-019-0363-1.

Sun W, Wang J, Wang Z, Xu M, Lin Q, Sun P, Yuan Y. Combining WGCNA and machine learning to construct basement
membrane-re lated gene index helps to predict the prognosis and tumor microenviron ment of HCC patients and verifies
the carcinogenesis of key gene CTSA. Front Immunol. 2023;14. https://doi.org/10.3389/fimmu.2023.1185916.

LiuY, LiH, Zeng T, Wang Y, Zhang H, Wan Y, Shi Z, Cao R, Tang H. Integrated bulk and single-cell transcriptomes reveal
pyroptotic signa ture in prognosis and therapeutic options of hepatocellular carcinoma by combining deep learning. Brief
Bioinform. 2023;25. https://doi.org/10.1093/bib/bbad487.

LiaoY, Rao Z, Huang S, Zhao D. Protocol to analyze immune cells in the tumor microenvironment by transcriptome using
machine learning. STAR protocols. 2024;5:102684. https://doi.org/10.1016/j.xpro.2023.102684.

Yang L, Huang Z, Deng Y, Zhang X, Lv Z, Huang H, Sun Q, Liu H, Liang H, He B, et al. Characterization of the m6A/m1A/
m5C/m7G-related regulators on the prog nosis and immune microenvironment of glioma by integrated analysis of
scRNA-seq and bulk RNA-seq data. J Gene Med. 2024;26. https://doi.org/10.1002/jgm.3666.

Zhang H, Zhang G, Xu P, Yu F, Li L, Huang R, Zhang P, Kadier K, Wang Y, Gu Q, et al. Optimized dynamic network biomarker
deciphers a high-resolution hetero geneity within thyroid cancer molecular subtypes. Med Res. 2025;1:10-31. https://doi.
0rg/10.1002/mdr2.70004.

Zheng GX, Terry JM, Belgrader P, Ryvkin P, Bent ZW, Wilson R, Ziraldo SB, Wheeler TD, McDermott GP, Zhu J, et al. Massively
parallel digital transcriptional profiling of single cells. Nat Commun. 2017;8:14049. https.//doi.org/10.1038/ncomms14049.
Rozenblatt-Rosen O, Regev A, Oberdoerffer P, Nawy T, Hupalowska A, Rood JE, Ashenberg O, Cerami E, Coffey RJ, Demir

E, et al. The human tumor atlas network: charting tumor transitions across space and time at single-cell resolution. Cell.
2020;181:236-49. https://doi.org/10.1016/j.cell.2020.03.053.

Ke X, Li K, Jiang A, Zhang Y, Wang Q, Li Z, Zhang J, Hajd A, ShiW, Kahlert U, et al. Cloud-based GWAS platform: an innova-
tive solution for efficient acquisition and analysis of genomic data. Med Res. 2025;1:397-411. https://doi.org/10.1002/mdr
2.70040.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Page 17 of 17


https://doi.org/10.1016/j.ccell.2023.01.010
https://doi.org/10.1016/j.ebiom.2022.104281
https://doi.org/10.1016/j.cell.2020.05.039
https://doi.org/10.1038/s41392-022-00960-w
https://doi.org/10.1161/circulationaha.115.001593
https://doi.org/10.1038/s41576-020-00292-x
https://doi.org/10.1038/nature06188
https://doi.org/10.1038/nature06188
https://doi.org/10.1186/s12964-019-0363-1
https://doi.org/10.3389/fimmu.2023.1185916
https://doi.org/10.1093/bib/bbad487
https://doi.org/10.1016/j.xpro.2023.102684
https://doi.org/10.1002/jgm.3666
https://doi.org/10.1002/mdr2.70004
https://doi.org/10.1002/mdr2.70004
https://doi.org/10.1038/ncomms14049
https://doi.org/10.1016/j.cell.2020.03.053
https://doi.org/10.1002/mdr2.70040
https://doi.org/10.1002/mdr2.70040

	﻿Bibliometric analysis of single-cell RNA sequencing in tumor microenvironment
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿2﻿ ﻿Methods
	﻿2.1﻿ ﻿Data sources and search strategy
	﻿2.2﻿ ﻿Bibliometric analysis

	﻿3﻿ ﻿Results
	﻿3.1﻿ ﻿Characteristics and trends of publication
	﻿3.2﻿ ﻿Analysis of countries and institutions
	﻿3.3﻿ ﻿Analysis of journals and authors
	﻿3.4﻿ ﻿Analysis of research hotspots and frontiers

	﻿4﻿ ﻿Discussion
	﻿5﻿ ﻿Conclusions
	﻿References


