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Abstract
Background  Spatial transcriptomics (ST) is a rapidly transforming cancer research by 
enabling spatially resolved gene expression profiling within intact tissues. However, the 
growth, structure, and thematic evolution of research on ST research in oncology have 
not been comprehensively mapped.

Objective  This study aims to map and analyze global research trends of ST in 
oncology, identifying key contributors, collaborations, thematic focus areas, and 
technological evolutions in the field.

Method  A bibliometric analysis was conducted using data extracted from Scopus 
database. VOSviewer tool was used to construct knowledge maps reflecting thematic 
clusters and intellectual clusters in ST-oncology research. Quantitative indicators were 
evaluated to identify historical evolution, key players, and research hotspots.

Results  The study identified 987 publications on ST in oncology. The annual growth 
of publications showed a significant surge over the past five years. China and the 
United States emerged as leading contributors with high levels of intra- and inter-
national collaboration. Key journals included Nature Communications and Frontiers in 
Immunology. Academic and research institutions based in China dominated the field. 
Co-occurrence mapping identified the following high-frequency keywords: “tumor 
microenvironment”, “single-cell RNA sequencing”, and spatial resolution suggesting 
strong emphasis on integrating spatial biology with precision oncology. Bibliographic 
coupling illustrated a clustering around barcoding technologies and immune-
oncology interfaces. The overlay visualization suggested a shift toward high resolution 
imaging, multi-omics integration, and AI-supported analytics.

Conclusion  ST-oncology research is expanding rapidly with clear shifts toward higher 
resolution and integrative analytical frameworks. These findings provide a structured 
overview of the field’s knowledge base and can inform researchers, funders, and 
stakeholders about leading about leading contributors and emerging directions.

Keywords  Spatial transcriptomics, Oncology, Tumor microenvironment, Precision 
oncology, Bibliometric analysis
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1  Introduction
The spatial dimension of gene expression is a fundamental component of biological 
understanding, particularly in complex diseases such as cancer [1, 2]. Spatial transcrip-
tomics (ST) represents a transformative leap in molecular profiling, enabling the high-
throughput mapping of transcriptomes across intact tissue sections while preserving 
their histological context [3–5]. This technology transcends the limitations of traditional 
transcriptomic approaches such as bulk RNA sequencing or single cell RNA which fail 
to retain spatial localization, thereby obscuring the architecture of tumor microenvi-
ronments. ST combines histological imaging with barcoded capture arrays or spatially 
indexed probes, allowing researchers to visualize and quantify gene expression within 
the morphological framework of a tissue. Pioneered in 2016 by Stahl et al. [6], and subse-
quently propelled by commercial platforms such as 10X Genomics Viscum, Nano String 
GeoMx DSP, and multiplexed techniques like “MERFISH” and “seq FISH”, ST has rapidly 
evolved from a proof of concept into a cornerstone of spatially resolved biology [6–9].

In oncology, ST has emerged as a particularly powerful tool. Tumors are inherently 
heterogeneous, composed of diverse cellular populations interacting within a dynamic 
microenvironment [10, 11]. Understanding these interactions requires more than 
molecular content, it demands spatial context. ST allows precise delineation of tumor, 
stroma interfaces, mapping of immune infiltration, identification of hypoxic niches, and 
detection of spatially restricted gene expression patterns associated with progression, 
resistance, and metastasis [12–14]. These insights are invaluable for uncovering novel 
therapeutic targets, enhancing biomarker discovery, and improving patient stratification 
strategies [15–17]. Clinically, ST contributes to the advancement of precision oncology 
by enabling the integration of spatial molecular data into diagnostic and therapeutic 
decision making [18]. The ability to track spatial patterns of gene expression enhances 
the prediction of treatment responses, informs combination therapy design, and may 
even guide real time therapeutic modulation [19]. Its integration with digital pathology, 
artificial intelligence, and other ‘omics technologies is paving the way for next-genera-
tion spatially guided medical interventions [20, 21].

Given its disruptive potential and rapidly expanding application in cancer research, ST 
represents a unique case for bibliometric investigation [22]. Bibliometric analysis serves 
as an essential tool to quantitatively and qualitatively map the global scientific output, 
thematic evolution, and collaborative networks in an investigated research field [23, 24]. 
Bibliometrics enables the systematic examination of publication trends, citation dynam-
ics, influential authors and institutions, and emerging research hotspots. Recent biblio-
metric studies in clinical oncology, including those addressing radiomics, image-guided 
surgery, and immunotherapy innovation illustrate the growing role of bibliometric 
analysis in evaluating translational impact and technological diffusion [25–28]. A recent 
global-scale bibliometric study examined the rapidly expanding literature on ChatGPT/
large language models in medicine illustrates how modern bibliometrics, augmented 
by machine learning, can move beyond descriptive counts to map translational readi-
ness, ethical challenges, and future research priorities in clinically relevant, fast-moving 
technologies [29]. In a comprehensive bibliometric “knowledge map” of thrombopoietin 
receptor agonists (TPO-RAs) research, the authors showed how bibliometric methods 
can detect saturation, reveal underexplored directions, and guide strategic prioritization 
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in therapeutics research, principles that are directly transferable to rapidly evolving 
oncology technologies such as spatial transcriptomics [30].

While general bibliometric analyses have been conducted across cancer biology, there 
is currently no comprehensive study mapping the scientific trajectory, institutional 
leadership, and thematic evolution of ST within the field of oncology [26, 31–33]. The 
current bibliometric analysis seeks to fill this gap by systematically charting the global 
research landscape, highlighting influential authors, research clusters, funding bodies, 
technological trends, and emerging thematic areas in ST in oncology. The academic and 
clinical significance of the present bibliometric study resides in its capacity to system-
atically contextualize an emerging and expanding scientific field. In rapidly accelerat-
ing research domain, bibliometric analysis functions as a meta-research framework that 
quantitatively captures scientific expansion, delineates dominant thematic trajectories, 
identifies intellectual turning points, and detects technological inflection phases. With-
out such analysis, stakeholders lack objective insight into thematic concentration, trans-
lational maturity, and emerging research gaps. Beyond its methodological relevance, ST 
is increasingly positioned as a translational platform rather than a purely exploratory 
technology. ST also represents a highly interdisciplinary domain, situated at the con-
vergence of molecular biology, oncology, computational science, artificial intelligence, 
digital pathology, and multi-omics integration. Network-based bibliometric techniques, 
such as co-occurrence analysis and bibliographic coupling, enable quantitative visual-
ization of these cross-disciplinary linkages in a manner not achievable through conven-
tional reviews. Finally, bibliometric benchmarking provides insight into institutional and 
geopolitical leadership. Such analysis informs global oncology capacity building, identi-
fies emerging research hubs, and clarifies international collaboration dynamics.

The novelty of this study lies in its targeted scope. By isolating literature at the inter-
section of ST and oncology, this analysis offers the first in depth quantitative and the-
matic mapping of how this field is shaping cancer research. It provides strategic insights 
for researchers, funding agencies, and policymakers by revealing which cancer types 
have been most studied, which spatial platforms are gaining traction, and what biologi-
cal processes are most often investigated through this lens. Ultimately, this work aims 
to serve as a foundational reference for scholars and clinicians navigating the evolving 
frontier of ST in cancer. By illuminating past trends and current directions, it also points 
toward the future where spatially resolved molecular insights will likely become integral 
to both basic cancer biology and the personalized medicine paradigm.

2  Methodology
This study employed a retrospective bibliometric design to systematically analyze the 
global scientific output related to ST in oncology. The current study adheres to the pre-
liminary guideline for reporting bibliometric reviews of biomedical literature (BIBLIO) 
to ensure that the findings are both credible and in alignment with emerging standards 
in bibliometric research [34].

2.1  Data source and justification

The Scopus database (Elsevier) was selected as the sole source of data for this biblio-
metric study. Scopus offers comprehensive indexing of scientific literature across disci-
plines, covering over 25,000 peer-reviewed journals and highly inclusive of PubMed and 
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Medline databases [35, 36]. It also provides robust citation metrics and facilitates high-
precision Boolean searches and metadata exports compatible with leading bibliometric 
tools. Given its superior breadth and utility in bibliometric research, Scopus is widely 
accepted as a valid standalone platform particularly in emerging fields such as ST where 
publication volume remains within a manageable scale [37–39].

2.2  Search strategy

A comprehensive and structured search was conducted in April 2025. The complete 
search query used in the present study is shown below:

Keywords related to ST: TITLE-ABS (“spatial transcriptomics” OR “spatially resolved 
transcriptomics” OR “spatial gene expression” OR “spatial RNA-seq” OR “spatial RNA 
sequencing” OR “spatial transcriptome profiling” OR “in situ transcriptomics” OR “in 
situ sequencing” OR “seqFISH” OR “MERFISH” OR “Slide-seq” OR “Stereo-seq” OR 
“HDST” OR “Visium” OR “spatial omics” OR “tissue transcriptomics” OR “spatial sin-
gle-cell transcriptomics” OR “spatial multi-omics” OR “tomo-seq” OR “laser capture 
microdissection RNA-seq” OR “LCM RNA-seq” OR “smFISH” OR “GeoMx DSP” OR 
“DBiT-seq” OR “Seq-Scope” OR “ZipSeq” OR “ISS transcriptomics” OR “molecular car-
tography” OR “spatial transcriptomic*”).

Keywords related to oncology: TITLE-ABS (sarcoma OR cancer OR oncology OR car-
cinoma OR sarcoma OR malignancy OR malignancies OR metastasis OR metastatic OR 
“glioblastoma” OR “lymphoma” OR “multiple myeloma” OR “leukemia” OR tumor OR 
“breast cancer” OR “lung cancer” OR “colorectal cancer” OR “prostate cancer” OR “pan-
creatic cancer” OR “gastric cancer” OR “liver cancer” OR “esophageal cancer” OR “cervi-
cal cancer” OR “ovarian cancer” OR “endometrial cancer” OR “thyroid cancer” OR “renal 
cell carcinoma” OR “bladder cancer” OR “melanoma” OR “non-small cell lung cancer” 
OR “small cell lung cancer” OR “acute lymphoblastic leukemia” OR “acute myeloid 
leukemia” OR “chronic lymphocytic leukemia” OR “chronic myeloid leukemia” OR 
“multiple myeloma” OR “Hodgkin lymphoma” OR “non-Hodgkin lymphoma” OR “naso-
pharyngeal carcinoma” OR “oropharyngeal cancer” OR “laryngeal cancer” OR “salivary 
gland cancer” OR “oral squamous cell carcinoma” OR “basal cell carcinoma” OR “squa-
mous cell carcinoma” OR “anaplastic thyroid carcinoma” OR “medullary thyroid can-
cer” OR “neuroblastoma” OR “retinoblastoma” OR “Ewing sarcoma” OR “osteosarcoma” 
OR “chondrosarcoma” OR “mesothelioma” OR “glioblastoma” OR “astrocytoma” OR 
“oligodendroglioma” OR “meningioma” OR “medulloblastoma” OR “pituitary adenoma” 
OR “Wilms tumor” OR “testicular cancer” OR “vaginal cancer” OR “vulvar cancer” OR 
“penile cancer” OR “anal cancer” OR “bile duct cancer” OR “cholangiocarcinoma” OR 
“gallbladder cancer” OR “small bowel cancer” OR “appendiceal cancer” OR “peritoneal 
cancer” OR “uterine sarcoma” OR “gestational trophoblastic disease” OR “Kaposi sar-
coma” OR “cutaneous T-cell lymphoma” OR “Merkel cell carcinoma” OR “carcinoid 
tumor” OR “neuroendocrine tumor” OR “pheochromocytoma” OR “paraganglioma” 
OR “Burkitt lymphoma” OR “plasmacytoma” OR “mycosis fungoides” OR “sarcoma” 
OR “desmoplastic small round cell tumor” OR “hemangiosarcoma” OR “rhabdomyosar-
coma” OR “adenoid cystic carcinoma” OR “clear cell carcinoma” OR “mucinous adeno-
carcinoma” OR “signet ring cell carcinoma” OR “large cell carcinoma” OR “inflammatory 
breast cancer” OR “triple negative breast cancer” OR tumor* OR metastasis OR meta-
static) OR SRCTITLE(cancer OR onco* OR malignan* OR tumor or neoplasm*).
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The final query was restricted to publications up to December 31 st, 2024 and docu-
ments published in peer-reviewed scientific journals. No language or document type 
restrictions were used in the search query. However, the search query was restricted to 
documents containing the term “spatial transcriptomics” in any part of the record. Data 
export and analysis were carried out in the same day (June 26, 2025) to avoid any cita-
tion errors related to time of analysis. The full dataset of retrieved documents is found in 
Supplement 1.

2.3  Validation and quality check

To ensure the validity and accuracy of the retrieved dataset, a validation and qual-
ity check process was undertaken. To validate the search results both prolific journals 
and prolific authors were checked for their alignment with the field, and found to be 
relevant to the topic being investigated. Moreover, a review of the top most cited articles 
by two independent volunteers in the field of biomedical sciences revealed that all were 
directly related to ST in oncology providing strong evidence of the accuracy and validity 
of the search strategy. The exclusion of articles with keywords such as ST ecology or ST 
plants minimized false negative results. Finally, the use of title-abstract in search strategy 
minimized the incidence of false-negative results while keeping the false-positive results 
to the minimum because of the recent emergence and uniqueness of the topic. These 
measures collectively ensured that the final dataset accurately represented the research 
landscape and minimized methodological biases, reinforcing the credibility and compre-
hensiveness of the current bibliometric analysis.

2.4  Data export and preprocessing

All retrieved records were exported from Scopus in.csv format. Extracted metadata 
included article titles, abstracts, author names, institutional affiliations, journal names, 
keywords, citation counts, and funding sources. The dataset was cleaned, organized, and 
standardized using Microsoft Excel and R Studio prior to analysis.

2.5  VOSviewer mapping

Visual bibliometric analyses were performed using VOSviewer (version 1.6.20) [40, 41]. 
Four main types of network maps were constructed and presented in the current man-
uscript. In VOSviewer maps, nodes represent items (e.g. keywords, terms, countries) 
where larger nodes represent greater importance or higher frequency. Links between 
nodes represent relationships where thicker links represent stronger relationships. Dis-
tance between nodes represent relatedness where closer nodes represent stronger relat-
edness while farther nodes represent weaker or no relationship. Nodes colour represents 
clusters where nodes with similar colour represent a cluster. A cluster represents a group 
of items that are more strongly connected to each other than to others.

2.5.1  Author keywords co-occurrence map

Keyword co-occurrence map was generated for keywords with a minimum occurrence 
of at least five times, meaning that the keyword was mentioned in at least five papers, to 
reveal the hot topics in the field.
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2.5.2  Overlay visualization (temporal map)

Overlay visualization maps were created to display the temporal dynamics of keyword 
emergence and evolution. Earlier research topics appeared in dark colors (blue/green), 
while more recent topics appeared in bright colors (yellow/orange)/This allowed identi-
fication of emerging trends and shifts in research priorities over time.

2.5.3  Co-occurrence maps of terms in titles/abstracts

This type of map visualizes the intellectual structure of a research field by identifying 
frequently occurring terms and their relationships. Clusters of related terms are color-
coded revealing measure research themes or topics within the dataset. This method 
offers a powerful way to explore emerging trends, research focus areas, and the concep-
tual organization of the scientific literature. In the current study, the top 500 frequent 
terms in titles/abstracts of the retrieved articles were mapped.

2.5.4  Bibliographic coupling map

Bibliographic coupling maps show how journals or documents are related based on the 
number of shared references, if two sources cite the same reference, they are considered 
coupled. This reflects shared research focus or methodology.

2.6  Ethical considerations

This study was based solely on the analysis of publicly accessible bibliographic data. No 
human subjects, clinical data, or confidential information were involved. As such, ethical 
approval was not required.

3  Results
3.1  Growth of publications and citations

Based on the search methodology, 987 articles were published. The earliest publications 
in the field of ST in oncology were observed in 2016, marking the initial emergence of 
interest in this domain. From just 2 publications recorded in 2016 reaching 513 in 2024. 
Over this nine-yea period, the growth has been exceptionally rapid and exponential. 
The AAGR from 2016 to 2024 is estimated at approximately 3,175%, underscoring the 
explosive rise in research activity in this field. If this growth trend continues at a simi-
lar rate, projections suggest that the number of publications in 2025 could potentially 
exceed 1,000 publications, further cementing ST as a rapidly expanding and influential 
area in oncology research. In terms of scholarly impact, the total number of citations 
accumulated by these articles was 30,719. The highest number citations received by a 
single article was 2,011, indicating significant influence within the scientific community. 
On average, each article received approximately 31.1 citations, reflecting a strong cita-
tion performance and growing interest in ST-related oncology research. The H-index of 
the retrieved articles was 81. Table 1 shows the growth of publications and citations with 
time.

3.2  Authorship analysis and prolific institutions

A total of 7,262 author names were identified across the analyzed articles on ST in 
oncology. Each article was authored by an average of 11.4 authors. There were nine sin-
gle-authored articles (0.9%) and 795 (80.5%) articles with five or more authors. There 
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were 459 (46.5%) articles with 10 or more authors highlighting the collaborative and 
multidisciplinary nature of research in this field. Lundeberg, Joakim (n = 16 articles) (The 
Royal Institute of Technology, Stockholm, Sweden) seems to be the most prolific in the 
field, followed by Heiland, Dieter Henrik (n = 13 articles) (Friedrich-Alexander-Univer-
sität Erlangen-Nürnberg, Erlangen, Germany). However, the top five prolific institutions 
in the field were based in China: The Ministry of Education of the People’s Republic of 
China, followed by Shanghai Jiao Tong University School of Medicine, Chinese Academy 
of Medical Sciences & Peking Union Medical College, Fudan University, and Chinese 
Academy of Sciences.

3.3  Prolific journals

An analysis of the retrieved articles on ST revealed that the publications were dissemi-
nated across 309 scientific journals, reflecting the interdisciplinary nature and wide-
ranging impact of the field. Table  2 represents the top five prolific journals. Among 
these, Nature Communications stands out as the most prolific journal, having published 
81 articles indicating its prominent role in advancing and broadcasting cutting-edge 
research at the intersection of molecular biology and oncology. Frontiers in Immunology 
follows with 33 articles, which highlights the increasing relevance of ST in tumor immu-
nology-particularly in the context of spatially resolved immune profiling. Other notable 
journals include Cancers (22 articles), Briefings in Bioinformatics (21), Bioinformatics 

Table 1  Growth of publications and citations on spatial transcriptomics in oncology (2016–2024)
Year Number of publications (%) Number of citations (%)
2016 2 (0.2) 7 (0.0)

2017 3 (0.3) 40 (0.1)

2018 5 (0.5) 94 (0.3)

2019 7 (0.7) 125 (0.4)

2020 20 (2.0) 444 (1.4)

2021 38 (3.9) 1221 (4.0)

2022 145 (14.7) 2948 (9.6)

2023 254 (25.7) 6070 (19.8)

2024 513 (52.0) 11,940 (39.0)

7736 (25.3)*

 Total 987 (100%) 30,625 (100%)
*citations were calculated up to the date of analysis in 2025

Table 2  Most prolific journals publishing on spatial transcriptomics in oncology
Rank Journal Name Number of 

publications
(%)

SJR* Subject Area#

1st Nature Communications 81 (8.2) 4.761 Biochemistry, Biology, Genetics, 
Chemistry, and Physics,

2nd Frontiers in Immunology 33 (3.3) 1.941 Immunology, Microbiology, Medicine

3rd Cancers 22 (2.2) 1.462 Biochemistry, Medicine, Oncology

4th Briefings in Bioinformatics 21 (2.1) 2.390 Biochemistry, Computer Sciences

5th Bioinformatics 19 (1.9) 2.451 Biochemistry, Biology, Computer 
Science, Mathematics

5th Journal of Translational 
Medicine

19 (1.9) 1.997 Biochemistry, Biology, Genetics, 
Medicine

*SJR: Scimago Journal Ranking. Used as a measure of quality. Obtained from www.scimagojr.com

#Information regarding subject areas of the journals were obtained from www.scimagojr.com

http://www.scimagojr.com
http://www.scimagojr.com
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(19), and the Journal of Translational Medicine (19). These journals collectively span 
diverse domains such as cancer biology, computational methods, and translational 
medicine, demonstrating the broad applicability and scientific interest in ST. The con-
centration of publications in both high-impact multidisciplinary journals and special-
ized outlets underlines the transformative role of ST in oncology, as well as the growing 
demand for spatially informed molecular insights across both basic and clinical cancer 
research.

3.4  Prolific countries and research collaboration

The analysis of the most prolific countries in ST in oncology reflects strong global con-
centration of output. China leads with 406 (41.1%) publications, followed closely by the 
United States with 362 (36.7%) publications. The United Kingdom (8.2%), Germany 
(7.9%), and Australia (3.7%) contribute notably, but to a lesser extent. This distribution 
highlights the major role of China and the United States in advancing research on ST 
in oncology while the European countries and Australia played a less prominent role. 
Table  3 shows the research output from the most prolific countries and the extent of 
inter and intra- country research collaboration for each prolific country. The analysis of 
research collaboration patterns reveals notable differences in the collaborative behavior 
of the most prolific countries. China, despite leading in total publications, demonstrates 
a predominantly domestic research approach, with 77.8% of the output resulting from 
intra-country collaboration and only 22.2% involving international partners. In contrast, 
the United States, while similarly prolific shows a more balanced profile with nearly 
half of its publications (47.5%) co-authored with international researchers reflecting its 
strong global research ties. The United Kingdom, Germany, and Australia exhibited a 
strong international research partnership in its publication.

3.5  Highly cited articles

Table 4 lists the top five cited articles. The most cited publication, authored by Stahl et 
al. (2016) and published in Science (2,011 citations), represents a landmark in the field 
[6]. This study introduced the original ST method, enabling the high-throughput visual-
ization and quantification of gene expression across tissue sections while preserving spa-
tial context. Building on this platform, Vickovic et al. (2019) advanced the technology by 
presenting a high-definition version of ST in Nature Methods (706 citations) [42]. This 
work significantly improved the resolution and molecular capture efficiency, allowing 
researchers to examine cellular- and subcellular-level gene expression patterns within 
tumor tissues. Among disease-focused applications, Wu et al. (2021) provided a com-
prehensive atlas of human breast cancer using integrated single-cell RNA sequencing 

Table 3  Most prolific countries and research collaboration profile
Rank Country Number of publica-

tions (%)
Number of publications 
with international research 
collaboration (%)

Number of publi-
cations with intra-
country research 
collaboration (%)

1st China 406 (41.1) 90 (22.2) 316 (77.8)

2nd United States 362 (36.7) 172 (47.5) 190 (52.5)

3rd United Kingdom 81 (8.2) 63 (77.8) 18 (22.2)

4th Germany 78 (7.9) 71 (91.0) 7 (9.0)

5th Australia 37 (3.7) 22 (59.5) 15 (40.5)
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and spatial transcriptomics [43]. Published in Nature Genetics (758 citations), this study 
illuminated the spatial organization of diverse immune, stromal, and malignant cell 
populations within tumors. It revealed critical insights into how spatially distinct niches 
contribute to disease progression and therapeutic response, offering a model for simi-
lar spatially resolved cancer atlases. Similarly, Moncada et al. (2020) demonstrated the 
power of combining microarray-based spatial transcriptomics with single cell sequenc-
ing in Nature Biotechnology (620 citations) [44]. Focusing on pancreatic ductal adeno-
carcinoma, the authors uncovered spatial gene expression domains, cellular interactions, 
and histopathological correlates within one of the most challenging tumor types. Their 
integrative framework underscored the utility of ST in resolving complex tissue het-
erogeneity that traditional approaches may overlook. Complementing these original 
research articles, Rao et al. (2021) published a conceptual synthesis in Nature (789 cita-
tions), exploring how ST can be used to decipher tissue architecture [3]. The review 
emphasized the transformative potential regulatory networks, tumor-microenvironment 
communication, and context-specific gene programs. This article provided a unifying 
perspective on how ST technologies intersect with cancer biology and future diagnostic 
and therapeutic strategies.

3.6  Keywords co-occurrence map

Figure 1 is the VOSviewer co-occurrence map of author keywords with minimum occur-
rence of 10 (n = 41 author keywords). At the center of the map lies the keyword “spa-
tial transcriptomics”, forming the central axis around which a variety of cancer-specific, 
methodological, and conceptual terms revolve. Prominently linked to the central key-
word “spatial transcriptomics” are terms such as “tumor microenvironment”, “immune 
microenvironment”, “cancer-associated fibroblasts”, and “tertiary lymphoid structures”. 
The map also reveals a strong association between ST and various cancer types, includ-
ing “breast cancer”, “pancreatic cancer”, “colorectal cancer”, “glioblastoma”, “glioma”, 
“gastric cancer”, “hepatocellular carcinoma”, “prostate cancer”, and “melanoma”. This 
indicates the broad application of ST across solid tumors, where it is used to uncover 
spatially distinct subpopulations, characterize tumor heterogeneity, and identify site 
specific biomarkers relevant for diagnosis, prognosis, and treatment stratification. On 
the technological front, keywords such as “RNA-seq”, “single-cell”, “multi-omics”, “digi-
tal spatial profiling”, and “spatial proteomics” underscore the integrative nature of ST. 

Table 4  Top five cited articles on spatial transcriptomics in oncology
Rank Title Year Source title Cited 

by
Docu-
ment Type

Cita-
tions 
per 
year

1st Visualization and analysis of gene expression in 
tissue sections by spatial transcriptomics

2016 Science 2011 Review 223.7

2nd Exploring tissue architecture using spatial 
transcriptomics

2021 Nature 789 Review 197.5

3rd A single-cell and spatially resolved atlas of 
human breast cancers

2021 Nature Genetics 758 Article 189.5

4th High-definition spatial transcriptomics for in situ 
tissue profiling

2019 Nature Methods 706 Article 117.7

5th Integrating microarray-based spatial transcrip-
tomics and single-cell RNA-seq reveals tissue ar-
chitecture in pancreatic ductal adenocarcinomas

2020 Nature 
Biotechnology

620 Article 124.0
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These terms reflect the growing trend of combining ST with single-cell sequencing and 
multi-omics technologies to achieve a multidimensional understanding of the tumor 
microenvironment. Additionally, the presence of “machine learning”, “deep learning”, 
“bioinformatics”, and “genomics” emphasizes the reliance on computational methods 
to analyze and interpret the complex, high dimensional data generated through spatial 
profiling. Conceptual terms like heterogeneity, tumor heterogeneity, prognosis, precision 
medicine, immune checkpoint inhibitors, and biomarkers reveal the clinical and transla-
tional implications of ST. Other terms such as gene expression, transcriptomics, microen-
vironment, spatially resolved transcriptomics, and immune checkpoint inhibitors reaffirm 
the interdisciplinary nature of the field, integrating molecular biology, cancer immunol-
ogy, and computational sciences.

3.7  Overlay visualization map

Figure 2 is an overly visualization map of the 41 most frequent author keywords. The 
map provides the temporal evolution of research in the field. At the center of the net-
work, the keywords spatial transcriptomic, tumor microenvironment, and breast can-
cer dominate, indicating their foundational role in early ST technology research. These 
terms appear in darker shades ranging from deep green to blue signifying their prom-
inence in studies published primarily around 2022 and early 2023. This early body of 
work laid the groundwork for using ST to investigate intertumoral heterogeneity, spatial 
immune architecture, and the microenvironmental influences that shape tumor progres-
sion, particularly in breast cancer, one of the first malignancies extensively profiled using 
ST. As the field matured, there was a notable integration of advanced technologies and 
analytical approaches, reflected by terms such as RNA-seq, multi-omics, machine learn-
ing, deep learning, genomics, and bioinformatics. These keywords, shown in moderate 
green and teal colors, highlight the methodological expansion of ST to include com-
putational pipelines and integrative platforms capable of handling high-dimensional, 

Fig. 1  Network visualization map of author keywords co-occurrences showing research hotspots as large nodes. 
Only author keywords with a minimum occurrence of 10 (n = 41) were mapped (Figure made by author)
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spatially resolved datasets. These tools have been critical in interpreting the complex 
spatial landscapes of gene expression within tumors. In contrast, keywords appearing 
in bright yellow to light green tones represent emerging and current research themes, 
particularly from mid to late 2023. These include cancer-associated fibroblasts, gastric 
cancer, glioma, prognosis, precision medicine, and immune checkpoint inhibitors. Their 
recent appearance reflects a growing interest in translating ST insights into clinically 
actionable knowledge. For example, mapping cancer-associated fibroblast distributions 
or immune checkpoint expression within spatial contexts may offer novel avenues for 
targeted therapy and biomarker development. Additionally, keywords such as spatial 
proteomics, digital spatial profiling, and spatially resolved transcriptomics point to a 
recent technological diversification. These approaches extend the capabilities of tradi-
tional ST by enabling spatial analysis of proteins and integrating multiple molecular lay-
ers, enhancing the resolution and clinical relevance of tissue profiling. Disease specific 
terms such as pancreatic cancer, colorectal cancer, glioblastoma, melanoma, and hepato-
cellular carcinoma further demonstrate the broadening application of ST beyond breast 
cancer. These keywords are closely linked with concepts like tumor heterogeneity, bio-
markers, and prognosis, indicating an intensified focus on uncovering spatially defined 
molecular features that can guide therapeutic decisions.

3.8  Co-occurrence map of frequent terms in titles/abstracts

Figure 3 presents a comprehensive visualization of 500 frequently occurring terms in the 
abstracts of the retrieved articles. It reveals three major thematic research clusters that 
highlight the multidimensional nature of this rapidly advancing field, centered around 
the term “transcriptomic,” which acts as the conceptual hub connecting biological, tech-
nological, and spatial domains. The first cluster, visualized in red, is primarily focused 
on the tumor microenvironment and immune-related transcriptomic signatures. It 
encompasses key terms such as “macrophage,” “immune checkpoint inhibitor,” and 
“tumor growth,” reflecting the widespread use of ST to dissect the spatial organization 

Fig. 2  Overlay visualization map of author keywords co-occurrences showing the temporal evolution of keywords 
in the retrieved literature. Only author keywords with a minimum occurrence of 10 (n = 41) were mapped. Yellow 
nodes represent most recently published topics. (Figure made by author)
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and functional states of immune cells within tumors. This cluster underscores the 
application of ST in elucidating mechanisms of therapy resistance, tumor progression, 
and immune evasion, particularly in the context of immunotherapies targeting PD-1/
PD-L1 and other checkpoint pathways. The second cluster, represented in green, centers 
of spatial resolution, imaging integration, and spatial gene expression profiling. Terms 
like “gene expression, “spatial context,” “resolution”, and “accuracy” highlight the techni-
cal aspects of capturing gene expression patterns across tissue architecture. This cluster 
emphasizes how ST enables high-resolution spatial mapping of transcriptional activity, 
facilitating the correlation of molecular data with histological and anatomical features. 
Such integration is pivotal for understanding intratumoral heterogeneity, tumor-stroma 
interactions, and the localization of distinct cellular populations within the tumor 
niche. The third cluster, shown in blue, reflects the technological and methodological 
innovations driving the field. Terms such as “technology”, “review”, “spatial omic”, and 
“progress” point to the continuous development and refinement of ST platforms and 
analytical approaches. This includes advancements in next-generation sequencing, 
spatial barcoding, and multi-omics integration, as well as the emergence of computa-
tional tools that enhance data accuracy, reproducibility, and interpretability. Together, 
these clusters form and interconnected network that defines the current landscape of 
ST in oncology. The centrality of “transcriptomic” signifies the foundational role of gene 
expression profiling, while the tight linkages between immune biology, spatial analytics, 
and technological progress illustrate the interdisciplinary nature of the field. Ultimately, 
the map demonstrates how ST is transforming cancer research by enabling spatially 
resolved molecular insights, leading to more precise diagnostics, prognostics, and thera-
peutic strategies tailored to the spatial complexity of tumors.

Fig. 3  Network visualization map of the top frequent terms in titles/abstracts (n = 500). Each cluster represented 
a research theme
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3.9  Bibliographic coupling (share similar reference list)

Figure 4 is the bibliographic coupling map of journals, based on a minimum threshold 
of five publications (n = 52 journals). The green cluster included journals such as Nature 
Communications, Frontiers in Immunology, Nature Methods, and Scientific Reports that 
commonly publish work at the intersection of technology development and biological 
application, highlighting their roles as central platforms for disseminating research on 
novel ST tools, high-resolution imaging techniques, and their deployment in cancer sys-
tems biology. The red cluster included journals such as Cancer Cell, Cancer Research, 
and Clinical Cancer Research that represent the translational oncology and clinical 
application domain of ST. These journals focus on applying spatial gene expression data 
to understand therapeutic response, resistance mechanisms, and immune evasion in 
solid tumors.

4  Discussion
The current bibliometric study sought to systematically explore the landscape surround-
ing scientific literature on ST in oncology.

With the exponential rise in research output, the study highlights not only the rapid 
adoption of ST technologies, but also their deepening relevance in cancer biology. The 
remarkable growth of ST research in oncology mirrors the field transformative potential 
and reflects both technological maturation and clinical demand. Since the foundational 
work by Stahl et al. (2016) [6], ST technologies have diversified into multiple platform 
classes, including array-based capture (e.g., 10x Visium), in situ sequencing approaches 
(e.g., MERFISH, seqFISH), and high-resolution imaging-based transcriptomics [5, 45–
48]. This technological diversification has catalyzed rapid adoption in oncology, particu-
larly in TME research, where spatial context is indispensable for understanding immune 
infiltration, stromal compartmentalization, and clonal heterogeneity [44, 49]. The bib-
liometric surge therefore mirrors the shift from bulk RNA sequencing toward spatially 

Fig. 4  Bibliographic coupling of journals with a minimum publication of five (n = 52). Nodes with similar color 
represent journals that are bibliographically coupled

 



Page 14 of 20Sweileh Discover Oncology          (2026) 17:731 

resolved, systems-level oncology. Importantly, this expansion is not purely methodologi-
cal—it reflects a conceptual reorientation of cancer biology toward spatial ecology and 
tumor ecosystem modeling [50].

The analysis unveiled key contributing countries, leading journals, highly cited pub-
lications, and evolving thematic clusters. The central findings in visualization maps 
emphasized the growing prominence of ST in mapping tumor heterogeneity, tumor 
microenvironment, immune infiltration, and therapy resistance, with extensive applica-
tions across a wide range of cancers. Overlay map revealed a clear temporal shift, from 
foundational research in breast cancer and ST technology to more recent emphasis on 
immune checkpoint modulation, spatial proteomics, and prognosis. Visualization maps 
revealed that this field is anchored at the intersection of molecular biology, computa-
tional analysis, and translational oncology, reflecting its potential to revolutionize preci-
sion medicine.

One of the main co-occurring terms in the retrieved literature was TME, a heterog-
enous and dynamic milieu comprising immune cells, stromal elements, vasculature, and 
cancer cells [51]. ST enables spatial mapping of TME components, and their interactions, 
shedding light on critical processes, such as immune evasion, angiogenesis, hypoxia, 
and stromal remodeling [52, 53]. The co-localization of immune checkpoint expression, 
tertiary lymphoid structures, and cancer-associated fibroblasts can be captured at high 
resolution, allowing for precise characterization of immune-inflamed versus immune-
excluded tumors [54, 55]. These spatial insights are essential for understanding why cer-
tain tumors respond to immunotherapy while other do not [56–59]. Additionally, ST 
helps reveal how spatial niches within the TME support stemness, metastasis, or resis-
tance, offering a roadmap for targeting TME in a spatially tailored manner. As cancer 
therapies increasingly aim to remodel the TME, ST stands as an indispensable tool for 
guiding and monitoring therapeutic efficacy [54, 56, 60].

Co-occurrence map of author keywords showed that ST has been widely applied 
across a range of malignancies with breast cancer, glioblastoma, colorectal cancer, pan-
creatic cancer, melanoma, and hepatocellular carcinoma being among the most studied. 
In breast cancer, ST has illuminated spatial gradients in immune infiltration and hor-
mone receptor signaling leading to refined subtyping and treatment stratification [16, 
61–64]. In glioblastoma, ST has mapped hypoxic niches and infiltrative tumor fronts, 
revealing molecular determinants of invasiveness and treatment resistance [65–68]. 
Studies in pancreatic ductal adenocarcinoma have identified spatial gene expression 
domains linked to stromal interactions, and immune evasion, critical for a cancer known 
for its dense desmoplastic stroma [44, 69–71]. These disease specific applications not 
only validate the versatility of ST, but also showcase its utility in uncovering novel spatial 
biomarkers and therapeutic targets unique to each cancer type.

By enabling the spatially resolved profiling of gene expression, ST bridges the gap 
between the histopathology and molecular biology, leading to more tumor classifica-
tion and risk assessment. It supports precision oncology by guiding therapy based on 
the spatial context of biomarkers and signaling pathway. For example, ST can identify 
patients likely to benefit from immune checkpoint inhibitors by mapping spatial pat-
terns of immune activation and suppression [21, 56, 65, 72, 73]. It also contributes to 
therapy development by revealing spatially distinct resistance mechanism and informing 
combination strategies tailored to microenvironment architecture [21, 65]. Moreover, as 
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ST is integrated with AI-driven digital pathology, multi-omics platform, and single cell 
technologies, it will drive next-generation clinical tools for real time decision support 
and personalized intervention [74]. Ultimately, ST stands not only as a research tool, but 
as a clinical asset, relapsing the future of oncology toward spatially informed precision 
medicine.

4.1  Future technologies

At the technical level, the evolution of ST will be driven by efforts to overcome the 
persistent trade-off between spatial resolution and transcriptomic breadth. Emerging 
platforms aim to achieve true single-cell or subcellular resolution while maintaining 
transcriptome-wide coverage [75, 76]. Parallel developments in three-dimensional spa-
tial reconstruction and serial section integration promise to better capture tumor archi-
tecture beyond two-dimensional sampling [77]. A second major frontier involves multi 
– omics integration, combining ST with spatial proteomics, epigenomics, and metabolo-
mics to construct comprehensive tumor ecosystem maps [78]. Such integration is essen-
tial for resolving functional states rather than merely transcriptional signatures. Finally, 
artificial intelligence (AI) and machine learning will further accelerate this transforma-
tion. Deep – learning algorithms for image segmentation, cell-type deconvolution, and 
spatial pattern recognition are increasingly integrated into ST workflows [79, 80]. AI-
assisted analytics are expected to reduce subjectivity in histomorphometric alignment 
and enable scalable, automated spatial interpretation.

4.2  Clinical translation

At the clinical application level, ST holds transformative potential for precision oncol-
ogy. Spatial mapping of tumor immune interactions may refine immunotherapy response 
prediction and resistance profiling [50]. Intraoperative spatial molecular guidance repre-
sents a promising avenue, where real-time or near – real – time spatial profiling could 
assist margin delineation and surgical navigation. Additionally, longitudinal spatial mon-
itoring through repeated sampling may enable dynamic tracking of clonal evolution and 
therapy – induced remodeling of the tumor microenvironment [81]. However, for ST to 
transition into routine clinical workflows, improvements in cost efficiency, reproducibil-
ity, and turnaround time remain critical.

4.3  Policy, standardization, and regulatory integration

Beyond technological and clinical innovation, sustainable integration of ST into oncol-
ogy requires coordinated policy level advancements. Standard data formats, interoper-
able computational pipelines, and harmonized quality-control benchmarks are essential 
to ensure reproducibility across platforms [78]. Data sharing initiatives and cross-insti-
tutional repositories will facilitate validation and comparative analyses, while regulatory 
frameworks must evolve to define clinically actionable thresholds and validation path-
ways for spatial biomarkers. Without such standardization, translational enthusiasm 
may outpace regulatory readiness, limiting clinical adoption. Thus, the future of ST in 
oncology will depend not only on technological sophistication but also on coordinated 
ecosystem level alignment among researchers, clinicians, industry stakeholders and reg-
ulatory bodies.
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4.4  ST technologies drawbacks and limitations

Despite its transformative potential, ST faces a fundamental technological constraint: 
the trade-off between spatial resolution and transcriptomic breadth. Array-based plat-
forms (e.g., Visium) provide whole-transcriptome coverage but at a spot resolution of 
55–100 μm, meaning each capture spot contains multiple cells, limiting true single-cell 
resolution [6, 82–86]. Conversely, imaging-based methods such as MERFISH and seq-
FISH achieve near single-cell or subcellular resolution but typically rely on predefined 
gene panels, thereby restricting transcriptome breadth [75, 76]. This inherent trade-off 
between spatial resolution and transcriptomics throughput substantially shapes emerg-
ing research directions and methodological preferences within the field. Studies empha-
sizing TME architecture often favor high-resolution imaging methods, whereas tumor 
subtype stratification studies tend to use broader, lower-resolution array platforms [77, 
87, 88]. The bibliometric clustering observed in our analysis likely reflects this method-
ological bifurcation. Importantly, no current platform fully reconciles spatial resolution, 
transcriptome depth, cost efficiency, and scalability simultaneously. Thus, technological 
constraints partially explain thematic fragmentation within the field.

High-resolution ST platforms often rely on pre-selected gene panels that enhance sen-
sitivity and spatial precision, but these panels restrict analyses to selected transcripts, 
potentially overlooking rare drivers, low-abundance regulators, or non-coding RNAs 
that may critically influence tumor progression and therapeutic resistance [75, 76]. To 
overcome this limitation, many studies integrate ST with single-cell RNA sequencing 
(scRNA-seq), expanding transcriptome coverage and promoting multimodal “multi-
omics” strategies [44, 78]. Spatial annotation presents further methodological chal-
lenges, as aligning transcriptomic signals with histological images relies on manual or 
semi-automated segmentation and morphometric interpretation, introducing subjectiv-
ity, particularly in heterogeneous tumor regions [79]. Although computational deconvo-
lution tools such as cell2location and SPOTlight attempt to resolve mixed-cell signals, 
they depend on reference datasets and modeling assumptions that may propagate uncer-
tainty [80, 89]. Additionally, ST captures only two-dimensional snapshots of intrinsically 
heterogeneous three-dimensional tumors, with variability arising from sampling and 
tissue processing [81], while emerging 3D reconstruction methods remain technically 
demanding [77]. Despite promising applications in immunotherapy stratification and 
resistance mapping, clinical translation is still constrained by cost, analytical complex-
ity, lack of standardized workflows, and evolving regulatory frameworks. The observed 
research clustering can be explained by the technological and translational limitations, 
which reflect platform diversification, multimodal integration, and the growing reliance 
on AI-assisted spatial analytics in oncology.

4.5  Limitations of the current analysis

The current study demonstrated several strengths including comprehensiveness and 
integration of visualization maps to elucidate evolution, dominant topics, and research 
themes dominating the field of ST in oncology. However, the study is not without limi-
tations. First, it relies solely on Scopus database, therefore certain publications on the 
topic might be missed given that certain journals are not indexed in Scopus. Second, the 
study lacks clinical outcome data, which limits its translational interpretability. Thirdly, 
the field of ST is rapidly evolving and the static nature of bibliometric snapshots might 
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not fully capture real time technological breakthroughs or shifts in clinical applicability. 
Future studies might benefit from the integration of biological metadata with real world 
clinical outcomes.

5  Conclusion
In conclusion, ST represents a paradigm shift in oncology, one that bridges molecular 
biology with spatial histology, enabling a more complete, context-aware understand-
ing of cancer. As the technology matures and becomes clinically accessible, it holds 
the promise to more precision oncology, from a molecular to a spatially informed era. 
Finally, as ST advances, the integration into oncology promises to transform public 
health by enabling spatially informed cancer diagnostics, individualized therapy plan-
ning, and more equitable access to precision medicine. This evolution aligns with 
broader societal goals to reduce cancer burden, and improve clinical outcomes through 
innovation and scientific collaboration.

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1007/s12672-026-04937-x.

Supplementary Material 1.

Acknowledgements
The authors acknowledge the use of AI in language editing only. No results or data were obtained or generated by any 
type of AI.

Author contributions
M. S started the idea, did the analysis, and wrote the manuscript.

Funding
No funding was received to assist with the preparation of this manuscript.

Data availability
All data, including the search query, are available and can be provided upon personal request from the authors.

Declarations

Ethics approval and consent to participate
Not applicable. No IRB was required for the current study since all data were obtained from Scopus database and no 
patients or human subjects were involved directly in the study. Not applicable. No humans or animals or any biological 
samples were involved in the current study and therefore no consent to participate were collected.

Consent for publication
Not applicable. This study did not involve any individual person’s data in any form (including individual’s details, Figures, 
Diagrams, Videos, Images) and therefor consent to publish was not required.

Competing interests
The author has no competing interests to declare that are relevant to the content of this article.

Received: 26 December 2025 / Accepted: 1 April 2026

References
1.	 Chen Y, Qian W, Lin L, Cai L, Yin K, Jiang S, et al. Mapping gene expression in the spatial dimension. Small Methods. 

2021;5(11):e2100722. https://doi.org/10.1002/smtd.202100722. Epub 20210917.
2.	 Martin KC, Ephrussi A. mRNA localization: gene expression in the spatial dimension. Cell. 2009;136(4):719–30. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​

g​/​1​0​.​1​0​1​6​/​j​.​c​e​l​l​.​2​0​0​9​.​0​1​.​0​4​4​​​​​.​​​
3.	 Rao A, Barkley D, França GS, Yanai I. Exploring tissue architecture using spatial transcriptomics. Nature. 2021;596(7871):211–

20. https://doi.org/10.1038/s41586-021-03634-9.
4.	 Robles-Remacho A, Sanchez-Martin RM, Diaz-Mochon JJ. Spatial transcriptomics: emerging technologies in tissue gene 

expression profiling. Anal Chem. 2023;95(42):15450–60. https://doi.org/10.1021/acs.analchem.3c02029.
5.	 Wang Y, Liu B, Zhao G, Lee Y, Buzdin A, Mu X, et al. Spatial transcriptomics: technologies, applications and experimental 

considerations. Genomics. 2023;115(5):110671. https://doi.org/10.1016/j.ygeno.2023.110671.

https://doi.org/10.1007/s12672-026-04937-x
https://doi.org/10.1002/smtd.202100722
https://doi.org/10.1016/j.cell.2009.01.044
https://doi.org/10.1016/j.cell.2009.01.044
https://doi.org/10.1038/s41586-021-03634-9
https://doi.org/10.1021/acs.analchem.3c02029
https://doi.org/10.1016/j.ygeno.2023.110671


Page 18 of 20Sweileh Discover Oncology          (2026) 17:731 

6.	 Ståhl PL, Salmén F, Vickovic S, Lundmark A, Navarro JF, Magnusson J, et al. Visualization and analysis of gene expression in 
tissue sections by spatial transcriptomics. Science. 2016;353(6294):78–82. https://doi.org/10.1126/science.aaf2403.

7.	 Rodriques SG, Stickels RR, Goeva A, Martin CA, Murray E, Vanderburg CR, et al. Slide-seq: a scalable technology for measur-
ing genome-wide expression at high spatial resolution. Science. 2019;363(6434):1463–7. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​1​2​6​/​s​c​i​e​n​c​e​.​a​
a​w​1​2​1​9​​​​​.​​​

8.	 Stickels RR, Murray E, Kumar P, Li J, Marshall JL, Di Bella DJ, et al. Highly sensitive spatial transcriptomics at near-cellular 
resolution with slide-seqV2. Nat Biotechnol. 2021;39(3):313–9. https://doi.org/10.1038/s41587-020-0739-1.

9.	 Srivatsan SR, McFaline-Figueroa JL, Ramani V, Saunders L, Cao J, Packer J, et al. Massively multiplex chemical transcrip-
tomics at single-cell resolution. Science. 2020;367(6473):45–51. https://doi.org/10.1126/science.aax6234.

10.	 Li Q, Zhang X, Ke R. Spatial transcriptomics for tumor heterogeneity analysis. Front Genet. 2022;13:906158. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​
1​0​.​3​3​8​9​/​f​g​e​n​e​.​2​0​2​2​.​9​0​6​1​5​8​​​​​.​​​

11.	 Wang F, Long J, Li L, Wu ZX, Da TT, Wang XQ, et al. Single-cell and spatial transcriptome analysis reveals the cellular hetero-
geneity of liver metastatic colorectal cancer. Sci Adv. 2023;9(24):eadf5464. https://doi.org/10.1126/sciadv.adf5464.

12.	 Chen J, Larsson L, Swarbrick A, Lundeberg J. Spatial landscapes of cancers: insights and opportunities. Nat Rev Clin Oncol. 
2024;21(9):660–74. https://doi.org/10.1038/s41571-024-00926-7.

13.	 Chu X, Tian Y, Lv C. Decoding the spatiotemporal heterogeneity of tumor-associated macrophages. Mol Cancer. 
2024;23(1):150. https://doi.org/10.1186/s12943-024-02064-1.

14.	 Walsh LA, Quail DF. Decoding the tumor microenvironment with spatial technologies. Nat Immunol. 2023;24(12):1982–93. 
https://doi.org/10.1038/s41590-023-01678-9.

15.	 Zhang L, Chen D, Song D, Liu X, Zhang Y, Xu X, et al. Clinical and translational values of spatial transcriptomics. Signal 
Transduct Target Ther. 2022;7(1):111. https://doi.org/10.1038/s41392-022-00960-w.

16.	 Zhang Y, Gong S, Liu X. Spatial transcriptomics: a new frontier in accurate localization of breast cancer diagnosis and treat-
ment. Front Immunol. 2024;15:1483595. Epub 20241008. doi: 10.3389/fimmu.2024.1483595. PubMed PMID: 39439806; 
PubMed Central PMCID: PMC11493667.

17.	 Yoosuf N, Navarro JF, Salmén F, Ståhl PL, Daub CO. Identification and transfer of spatial transcriptomics signatures for 
cancer diagnosis. Breast Cancer Res. 2020;22(1):6. https://doi.org/10.1186/s13058-019-1242-9.

18.	 Jiménez-Santos MJ, García-Martín S, Rubio-Fernández M, Gómez-López G, Al-Shahrour F. Spatial transcriptomics in breast 
cancer reveals tumour microenvironment-driven drug responses and clonal therapeutic heterogeneity. NAR Cancer. 
2024;6(4):zcae046. https://doi.org/10.1093/narcan/zcae046.

19.	 Ren L, Huang D, Liu H, Ning L, Cai P, Yu X, et al. Applications of single‑cell omics and spatial transcriptomics technologies 
in gastric cancer (Review). Oncol Lett. 2024;27(4):152. https://doi.org/10.3892/ol.2024.14285.

20.	 Choi SW, Kim JH, Hong J, Kwon M. Mapping immunotherapy potential: spatial transcriptomics in the unraveling of tumor-
immune microenvironments in head and neck squamous cell carcinoma. Front Immunol. 2025;16:1568590. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​
g​/​1​0​.​3​3​8​9​/​f​i​m​m​u​.​2​0​2​5​.​1​5​6​8​5​9​0​​​​​.​​​

21.	 Cao J, Li C, Cui Z, Deng S, Lei T, Liu W, et al. Spatial transcriptomics: a powerful tool in disease understanding and drug 
discovery. Theranostics. 2024;14(7):2946–68. https://doi.org/10.7150/thno.95908.

22.	 Guler AT, Waaijer CJ, Palmblad M. Scientific workflows for bibliometrics. Scientometrics. 2016;107(2):385–98. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​
/​1​0​.​1​0​0​7​/​s​1​1​1​9​2​-​0​1​6​-​1​8​8​5​-​6​​​​​.​​​

23.	 Donthu N, Kumar S, Mukherjee D, Pandey N, Lim WM. How to conduct a bibliometric analysis: an overview and guidelines. 
J Bus Res. 2021;133:285–96. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​1​6​/​j​.​​j​b​u​s​r​​e​s​.​2​0​2​​1​.​0​4​​.​0​7​0.

24.	 Ellegaard O, Wallin JA. The bibliometric analysis of scholarly production: how great is the impact? Scientometrics. 
2015;105(3):1809–31. https://doi.org/10.1007/s11192-015-1645-z.

25.	 Ding H, Wu C, Liao N, Zhan Q, Sun W, Huang Y, et al. Radiomics in oncology: a 10-year bibliometric analysis. Front Oncol. 
2021;11:689802. https://doi.org/10.3389/fonc.2021.689802.

26.	 Zeng N, Sun JX, Liu CQ, Xu JZ, An Y, Xu MY, et al. Knowledge mapping of application of image-guided surgery in prostate 
cancer: a bibliometric analysis (2013–2023). Int J Surg. 2024;110(5):2992–3007. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​9​7​/​j​s​9​.​0​0​0​0​0​0​0​0​0​0​0​0​1​
2​3​2​​​​​.​​​

27.	 Qu F, Wang G, Wen P, Liu X, Zeng X. Knowledge mapping of immunotherapy for breast cancer: a bibliometric analysis from 
2013 to 2022. Hum Vaccin Immunother. 2024;20(1):2335728. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​8​0​/​2​1​​6​4​5​5​1​​5​.​2​0​2​4​​.​2​3​3​​5​7​2​8.

28.	 Xu Q, Zhou Y, Zhang H, Li H, Qin H, Wang H. Bibliometric analysis of hotspots and frontiers of immunotherapy in pancre-
atic cancer. Healthcare. 2023. https://doi.org/10.3390/healthcare11030304.

29.	 Guo SB, Liu DY, Fang XJ, Meng Y, Zhou ZZ, Li J, et al. Current concerns and future directions of large language model 
ChatGPT in medicine: a machine-learning-driven global-scale bibliometric analysis. Int J Surg. 2026;112(2):2805–22. ​h​t​t​p​s​:​/​
/​d​o​i​.​o​r​g​/​1​0​.​1​0​9​7​/​j​s​9​.​0​0​0​0​0​0​0​0​0​0​0​0​3​6​6​8​​​​​.​​​

30.	 Hu R, Guo S, Liu M. Knowledge map of thrombopoietin receptor agonists: a bibliometric analysis. Heliyon. 
2024;10(1):e24051. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​1​6​/​j​.​​h​e​l​i​y​​o​n​.​2​0​2​​4​.​e​2​​4​0​5​1.

31.	 Kokol P, Blažun Vošner H, Završnik J. Application of bibliometrics in medicine: a historical bibliometrics analysis. Health Info 
Libr J. 2021;38(2):125–38. https://doi.org/10.1111/hir.12295.

32.	 Yang Z, Liu C. Research on the application of radiomics in breast cancer: a bibliometrics and visualization analysis. Medi-
cine (Baltimore). 2024;103(35):e39463. https://doi.org/10.1097/md.0000000000039463.

33.	 Brandt JS, Hadaya O, Schuster M, Rosen T, Sauer MV, Ananth CV. A bibliometric analysis of top-cited journal articles in 
obstetrics and gynecology. JAMA Netw Open. 2019;2(12):e1918007. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​0​1​/​j​a​​m​a​n​e​t​​w​o​r​k​o​p​​e​n​.​2​​0​1​9​.​1​8​0​0​
7.

34.	 Montazeri A, Mohammadi S, Mh P, Ghaemi M, Riazi H, Sheikhi-Mobarakeh Z. Preliminary guideline for reporting bibliomet-
ric reviews of the biomedical literature (BIBLIO): a minimum requirements. Syst Rev. 2023;12(1):239. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​1​8​
6​/​s​1​3​6​4​3​-​0​2​3​-​0​2​4​1​0​-​2​​​​​.​​​

35.	 Gusenbauer M, Haddaway NR. Which academic search systems are suitable for systematic reviews or meta-analyses? 
Evaluating retrieval qualities of Google Scholar, PubMed, and 26 other resources. Res Synth Methods. 2020;11(2):181–217. 
https://doi.org/10.1002/jrsm.1378.

36.	 Mongeon P, Paul-Hus A. The journal coverage of web of science and scopus: a comparative analysis. Scientometrics. 
2016;106(1):213–28. https://doi.org/10.1007/s11192-015-1765-5.

https://doi.org/10.1126/science.aaf2403
https://doi.org/10.1126/science.aaw1219
https://doi.org/10.1126/science.aaw1219
https://doi.org/10.1038/s41587-020-0739-1
https://doi.org/10.1126/science.aax6234
https://doi.org/10.3389/fgene.2022.906158
https://doi.org/10.3389/fgene.2022.906158
https://doi.org/10.1126/sciadv.adf5464
https://doi.org/10.1038/s41571-024-00926-7
https://doi.org/10.1186/s12943-024-02064-1
https://doi.org/10.1038/s41590-023-01678-9
https://doi.org/10.1038/s41392-022-00960-w
https://doi.org/10.1186/s13058-019-1242-9
https://doi.org/10.1093/narcan/zcae046
https://doi.org/10.3892/ol.2024.14285
https://doi.org/10.3389/fimmu.2025.1568590
https://doi.org/10.3389/fimmu.2025.1568590
https://doi.org/10.7150/thno.95908
https://doi.org/10.1007/s11192-016-1885-6
https://doi.org/10.1007/s11192-016-1885-6
https://doi.org/10.1016/j.jbusres.2021.04.070
https://doi.org/10.1007/s11192-015-1645-z
https://doi.org/10.3389/fonc.2021.689802
https://doi.org/10.1097/js9.0000000000001232
https://doi.org/10.1097/js9.0000000000001232
https://doi.org/10.1080/21645515.2024.2335728
https://doi.org/10.3390/healthcare11030304
https://doi.org/10.1097/js9.0000000000003668
https://doi.org/10.1097/js9.0000000000003668
https://doi.org/10.1016/j.heliyon.2024.e24051
https://doi.org/10.1111/hir.12295
https://doi.org/10.1097/md.0000000000039463
https://doi.org/10.1001/jamanetworkopen.2019.18007
https://doi.org/10.1001/jamanetworkopen.2019.18007
https://doi.org/10.1186/s13643-023-02410-2
https://doi.org/10.1186/s13643-023-02410-2
https://doi.org/10.1002/jrsm.1378
https://doi.org/10.1007/s11192-015-1765-5


Page 19 of 20Sweileh Discover Oncology          (2026) 17:731 

37.	 Fedorchenko Y, Zimba O. Comorbidities in the COVID-19 pandemic: scopus-based bibliometric analysis. J Korean Med Sci. 
2023;38(11):e93. https://doi.org/10.3346/jkms.2023.38.e93.

38.	 Musa IH, Afolabi LO, Zamit I, Musa TH, Musa HH, Tassang A, et al. Artificial intelligence and machine learning in cancer 
research: a systematic and thematic analysis of the top 100 cited articles indexed in Scopus database. Cancer Control. 
2022;29:10732748221095946 (PubMed PMID: 35688650; PubMed Central PMCID: PMC9189515).

39.	 Zulkipli NN, Ismail I, Wan Taib WR, Sulong S. Immunotherapy and combination treatments for triple-negative breast 
cancer: a Scopus bibliometric perspective. Future Oncol. 2025;21(20):2593–604. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​8​0​/​1​4​​7​9​6​6​9​​4​.​2​0​2​5​​.​2​5​
3​​1​4​2​9.

40.	 Bukar UA, Sayeed MS, Razak SFA, Yogarayan S, Amodu OA, Mahmood RAR. A method for analyzing text using VOSviewer. 
MethodsX. 2023;11:102339. Epub 20230822. doi: 10.1016/j.mex.2023.102339. PubMed PMID: 37693657; PubMed Central 
PMCID: PMC10491643.

41.	 Arruda H, Silva ER, Lessa M, Proença D Jr., Bartholo R. VOSviewer and bibliometrix. J Med Libr Assoc. 2022;110(3):392–5. 
https://doi.org/10.5195/jmla.2022.1434.

42.	 Vickovic S, Eraslan G, Salmén F, Klughammer J, Stenbeck L, Schapiro D, et al. High-definition spatial transcriptomics for in 
situ tissue profiling. Nat Methods. 2019;16(10):987–90. https://doi.org/10.1038/s41592-019-0548-y.

43.	 Wu SZ, Al-Eryani G, Roden DL, Junankar S, Harvey K, Andersson A, et al. A single-cell and spatially resolved atlas of human 
breast cancers. Nat Genet. 2021;53(9):1334–47. https://doi.org/10.1038/s41588-021-00911-1.

44.	 Moncada R, Barkley D, Wagner F, Chiodin M, Devlin JC, Baron M, et al. Integrating microarray-based spatial transcriptomics 
and single-cell RNA-seq reveals tissue architecture in pancreatic ductal adenocarcinomas. Nat Biotechnol. 2020;38(3):333–
42. https://doi.org/10.1038/s41587-019-0392-8.

45.	 Chen TY, You L, Hardillo JAU, Chien MP. Spatial Transcriptomic Technologies. Cells. 2023. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​3​3​9​0​/​c​e​l​l​s​1​2​1​6​2​
0​4​2​​​​​.​​​

46.	 Hong M, Tao S, Zhang L, Diao LT, Huang X, Huang S, et al. RNA sequencing: new technologies and applications in cancer 
research. J Hematol Oncol. 2020;13(1):166. https://doi.org/10.1186/s13045-020-01005-x.

47.	 Jin Y, Zuo Y, Li G, Liu W, Pan Y, Fan T, et al. Advances in spatial transcriptomics and its applications in cancer research. Mol 
Cancer. 2024;23(1):129. https://doi.org/10.1186/s12943-024-02040-9.

48.	 Vandereyken K, Sifrim A, Thienpont B, Voet T. Methods and applications for single-cell and spatial multi-omics. Nat Rev 
Genet. 2023;24(8):494–515. https://doi.org/10.1038/s41576-023-00580-2.

49.	 Keren L, Bosse M, Marquez D, Angoshtari R, Jain S, Varma S, et al. A structured tumor-immune microenvironment in triple 
negative breast cancer revealed by multiplexed ion beam imaging. Cell. 2018;174(6):1373-87.e19. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​1​6​/​
j​.​c​e​l​l​.​2​0​1​8​.​0​8​.​0​3​9​​​​​.​​​

50.	 Binnewies M, Roberts EW, Kersten K, Chan V, Fearon DF, Merad M, et al. Understanding the tumor immune microenviron-
ment (TIME) for effective therapy. Nat Med. 2018;24(5):541–50. https://doi.org/10.1038/s41591-018-0014-x.

51.	 Arneth B. Tumor Microenvironment. Medicina (Kaunas). 2019. https://doi.org/10.3390/medicina56010015.
52.	 Elhanani O, Ben-Uri R, Keren L. Spatial profiling technologies illuminate the tumor microenvironment. Cancer Cell. 

2023;41(3):404–20. https://doi.org/10.1016/j.ccell.2023.01.010.
53.	 Hsieh WC, Budiarto BR, Wang YF, Lin CY, Gwo MC, So DK, et al. Spatial multi-omics analyses of the tumor immune microen-

vironment. J Biomed Sci. 2022;29(1):96. https://doi.org/10.1186/s12929-022-00879-y.
54.	 Du Y, Shi J, Wang J, Xun Z, Yu Z, Sun H, et al. Integration of pan-cancer single-cell and spatial transcriptomics reveals 

stromal cell features and therapeutic targets in tumor microenvironment. Cancer Res. 2024;84(2):192–210. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​
1​​0​.​1​1​​5​8​/​0​0​​0​8​-​5​4​​7​2​.​C​a​n​​-​2​3​-​​1​4​1​8.

55.	 Shi J, Wei X, Xun Z, Ding X, Liu Y, Liu L, et al. The web-based portal SpatialTME integrates histological images with single-
cell and spatial transcriptomics to explore the tumor microenvironment. Cancer Res. 2024;84(8):1210–20. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​
0​.​1​1​​5​8​/​0​0​​0​8​-​5​4​​7​2​.​C​a​n​​-​2​3​-​​2​6​5​0.

56.	 Biray Avci C, Goker Bagca B, Nikanfar M, Takanlou LS, Takanlou MS, Nourazarian A. Tumor microenvironment and cancer 
metastasis: molecular mechanisms and therapeutic implications. Front Pharmacol. 2024;15:1442888. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​3​3​
8​9​/​f​p​h​a​r​.​2​0​2​4​.​1​4​4​2​8​8​8​​​​​.​​​

57.	 Baghban R, Roshangar L, Jahanban-Esfahlan R, Seidi K, Ebrahimi-Kalan A, Jaymand M, et al. Tumor microenvironment com-
plexity and therapeutic implications at a glance. Cell Commun Signal. 2020;18(1):59. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​1​8​6​/​s​1​2​9​6​4​-​0​2​0​-​0​
5​3​0​-​4​​​​​.​​​

58.	 Yasuda T, Wang YA. Gastric cancer immunosuppressive microenvironment heterogeneity: implications for therapy devel-
opment. Trends Cancer. 2024;10(7):627–42. https://doi.org/10.1016/j.trecan.2024.03.008.

59.	 Zhou L, Yu CW. Epigenetic modulations in triple-negative breast cancer: therapeutic implications for tumor microenviron-
ment. Pharmacol Res. 2024;204:107205. https://doi.org/10.1016/j.phrs.2024.107205.

60.	 Hu B, Sajid M, Lv R, Liu L, Sun C. A review of spatial profiling technologies for characterizing the tumor microenvironment 
in immuno-oncology. Front Immunol. 2022;13:996721. https://doi.org/10.3389/fimmu.2022.996721.

61.	 Liu SQ, Gao ZJ, Wu J, Zheng HM, Li B, Sun S, et al. Single-cell and spatially resolved analysis uncovers cell heterogeneity of 
breast cancer. J Hematol Oncol. 2022;15(1):19. https://doi.org/10.1186/s13045-022-01236-0.

62.	 Shiao SL, Gouin KH, Ing N, Ho A, Basho R, Shah A, et al. Single-cell and spatial profiling identify three response trajectories 
to pembrolizumab and radiation therapy in triple negative breast cancer. Cancer Cell. 2024;42(1):70-84.e8. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​
1​0​.​1​0​1​6​/​j​.​c​c​e​l​l​.​2​0​2​3​.​1​2​.​0​1​2​​​​​.​​​

63.	 Yoshitake R, Mori H, Ha D, Wu X, Wang J, Wang X, et al. Molecular features of luminal breast cancer defined through spatial 
and single-cell transcriptomics. Clin Transl Med. 2024;14(1):e1548. https://doi.org/10.1002/ctm2.1548.

64.	 An J, Lu Y, Chen Y, Chen Y, Zhou Z, Chen J, et al. Spatial transcriptomics in breast cancer: providing insight into tumor 
heterogeneity and promoting individualized therapy. Front Immunol. 2024;15:1499301. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​3​3​8​9​/​f​i​m​m​u​.​2​0​
2​4​.​1​4​9​9​3​0​1​​​​​.​​​

65.	 Shireman JM, Cheng L, Goel A, Garcia DM, Partha S, Quiñones-Hinojosa A, et al. Spatial transcriptomics in glioblastoma: is 
knowing the right zip code the key to the next therapeutic breakthrough? Front Oncol. 2023;13:1266397. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​
1​0​.​3​3​8​9​/​f​o​n​c​.​2​0​2​3​.​1​2​6​6​3​9​7​​​​​.​​​

66.	 Perdyan A, Lawrynowicz U, Horbacz M, Kaminska B, Mieczkowski J. Integration of single-cell RNA sequencing and spatial 
transcriptomics to reveal the glioblastoma heterogeneity. F1000Res. 2022;11:1180. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​2​​6​8​8​/​f​​1​0​0​0​r​​e​s​e​a​r​c​​h​
.​1​2​​6​2​4​3​.​2.

https://doi.org/10.3346/jkms.2023.38.e93
https://doi.org/10.1080/14796694.2025.2531429
https://doi.org/10.1080/14796694.2025.2531429
https://doi.org/10.5195/jmla.2022.1434
https://doi.org/10.1038/s41592-019-0548-y
https://doi.org/10.1038/s41588-021-00911-1
https://doi.org/10.1038/s41587-019-0392-8
https://doi.org/10.3390/cells12162042
https://doi.org/10.3390/cells12162042
https://doi.org/10.1186/s13045-020-01005-x
https://doi.org/10.1186/s12943-024-02040-9
https://doi.org/10.1038/s41576-023-00580-2
https://doi.org/10.1016/j.cell.2018.08.039
https://doi.org/10.1016/j.cell.2018.08.039
https://doi.org/10.1038/s41591-018-0014-x
https://doi.org/10.3390/medicina56010015
https://doi.org/10.1016/j.ccell.2023.01.010
https://doi.org/10.1186/s12929-022-00879-y
https://doi.org/10.1158/0008-5472.Can-23-1418
https://doi.org/10.1158/0008-5472.Can-23-1418
https://doi.org/10.1158/0008-5472.Can-23-2650
https://doi.org/10.1158/0008-5472.Can-23-2650
https://doi.org/10.3389/fphar.2024.1442888
https://doi.org/10.3389/fphar.2024.1442888
https://doi.org/10.1186/s12964-020-0530-4
https://doi.org/10.1186/s12964-020-0530-4
https://doi.org/10.1016/j.trecan.2024.03.008
https://doi.org/10.1016/j.phrs.2024.107205
https://doi.org/10.3389/fimmu.2022.996721
https://doi.org/10.1186/s13045-022-01236-0
https://doi.org/10.1016/j.ccell.2023.12.012
https://doi.org/10.1016/j.ccell.2023.12.012
https://doi.org/10.1002/ctm2.1548
https://doi.org/10.3389/fimmu.2024.1499301
https://doi.org/10.3389/fimmu.2024.1499301
https://doi.org/10.3389/fonc.2023.1266397
https://doi.org/10.3389/fonc.2023.1266397
https://doi.org/10.12688/f1000research.126243.2
https://doi.org/10.12688/f1000research.126243.2


Page 20 of 20Sweileh Discover Oncology          (2026) 17:731 

67.	 Fu Y, Yi Y, Shao Y, Jiang J, Deng Q. Single-cell and spatial transcriptomic insights into glioma cellular heterogeneity and 
metabolic adaptations. Front Immunol. 2025;16:1561388. https://doi.org/10.3389/fimmu.2025.1561388.

68.	 Whittle JR, Kriel J, Fatunla OE, Lu T, Moffet JJD, Spiteri M, et al. Spatial omics shed light on the tumour organisation of 
glioblastoma. Semin Cell Dev Biol. 2025;167:1–9. https://doi.org/10.1016/j.semcdb.2024.12.006.

69.	 Hwang WL, Jagadeesh KA, Guo JA, Hoffman HI, Yadollahpour P, Reeves JW, et al. Single-nucleus and spatial transcrip-
tome profiling of pancreatic cancer identifies multicellular dynamics associated with neoadjuvant treatment. Nat Genet. 
2022;54(8):1178–91. https://doi.org/10.1038/s41588-022-01134-8.

70.	 Kim S, Leem G, Choi J, Koh Y, Lee S, Nam SH, et al. Integrative analysis of spatial and single-cell transcriptome data from 
human pancreatic cancer reveals an intermediate cancer cell population associated with poor prognosis. Genome Med. 
2024;16(1): 20. https://doi.org/10.1186/s13073-024-01287-7.

71.	 Li Y, Du Y, Li R, Zhong W, Zou X, Li L, et al. Spatial transcriptomics in pancreatic cancer: advances, prospects and challenges. 
Crit Rev Oncol Hematol. 2024;203:104430. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​1​6​/​j​.​​c​r​i​t​r​​e​v​o​n​c​.​​2​0​2​4​​.​1​0​4​4​3​0.

72.	 Liu W, Puri A, Fu D, Chen L, Wang C, Kellis M, et al. Dissecting the tumor microenvironment in response to immune check-
point inhibitors via single-cell and spatial transcriptomics. Clin Exp Metastasis. 2024;41(4):313–32. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​0​7​/​
s​1​0​5​8​5​-​0​2​3​-​1​0​2​4​6​-​2​​​​​.​​​

73.	 Zhang J, Peng Q, Fan J, Liu F, Chen H, Bi X, et al. Single-cell and spatial transcriptomics reveal SPP1-CD44 signaling drives 
primary resistance to immune checkpoint inhibitors in RCC. J Transl Med. 2024;22(1):1157. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​1​8​6​/​s​1​2​9​6​
7​-​0​2​4​-​0​6​0​1​8​-​5​​​​​.​​​

74.	 Dexter A, Tsikritsis D, Belsey NA, Thomas SA, Venton J, Bunch J, et al. Next generation digital pathology: emerging trends 
and measurement challenges for molecular pathology. J Mol Pathol. 2022;3(3):168–81. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​3​3​9​0​/​j​m​p​3​0​3​0​0​
1​4​​​​​.​​​

75.	 Chen KH, Boettiger AN, Moffitt JR, Wang S, Zhuang X. RNA imaging. Spatially resolved, highly multiplexed RNA profiling in 
single cells. Science. 2015;348(6233):aaa6090. https://doi.org/10.1126/science.aaa6090.

76.	 Eng CL, Lawson M, Zhu Q, Dries R, Koulena N, Takei Y, et al. Transcriptome-scale super-resolved imaging in tissues by RNA 
seqFISH. Nature. 2019;568(7751):235–9. https://doi.org/10.1038/s41586-019-1049-y.

77.	 Asp M, Bergenstråhle J, Lundeberg J. Spatially resolved transcriptomes-next generation tools for tissue exploration. Bioes-
says. 2020;42(10):e1900221. https://doi.org/10.1002/bies.201900221.

78.	 Longo SK, Guo MG, Ji AL, Khavari PA. Integrating single-cell and spatial transcriptomics to elucidate intercellular tissue 
dynamics. Nat Rev Genet. 2021;22(10):627–44. https://doi.org/10.1038/s41576-021-00370-8.

79.	 Dries R, Zhu Q, Dong R, Eng CL, Li H, Liu K, et al. Giotto: a toolbox for integrative analysis and visualization of spatial expres-
sion data. Genome Biol. 2021;22(1): 78. https://doi.org/10.1186/s13059-021-02286-2.

80.	 Kleshchevnikov V, Shmatko A, Dann E, Aivazidis A, King HW, Li T, et al. Cell2location maps fine-grained cell types in spatial 
transcriptomics. Nat Biotechnol. 2022;40(5):661–71. https://doi.org/10.1038/s41587-021-01139-4.

81.	 Dagogo-Jack I, Shaw AT. Tumour heterogeneity and resistance to cancer therapies. Nat Rev Clin Oncol. 2018;15(2):81–94. 
https://doi.org/10.1038/nrclinonc.2017.166.

82.	 Guo X, Ning J, Chen Y, Liu G, Zhao L, Fan Y, et al. Recent advances in differential expression analysis for single-cell RNA-seq 
and spatially resolved transcriptomic studies. Brief Funct Genomics. 2024;23(2):95–109. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​9​3​/​b​f​g​p​/​e​l​a​d​
0​1​1​​​​​.​​​

83.	 Lee J, Yoo M, Choi J. Recent advances in spatially resolved transcriptomics: challenges and opportunities. BMB Rep. 
2022;55(3):113–24. doi: 10.5483/BMBRep.2022.55.3.014. PubMed PMID: 35168703; PubMed Central PMCID: PMC8972138.

84.	 Liu D, Xiao L, Wu Y, Yue C, Li M, Sun Y, et al. Spatially resolved transcriptomics: revealing tumor microenvironment hetero-
geneity to advance cancer immunotherapy. Small Methods. 2025;9(11):e00770. https://doi.org/10.1002/smtd.202500770.

85.	 Long M, Hu T, Wang W, Gao J, Wang N, Nilsson M. Comparing Xenium 5K and Visium HD data from identical tissue slide at 
a pathological perspective. J Exp Clin Cancer Res. 2025;44(1):219. https://doi.org/10.1186/s13046-025-03479-4.

86.	 Quan Y, Zhang H, Wang M, Ping H. Visium spatial transcriptomics reveals intratumor heterogeneity and profiles of Gleason 
score progression in prostate cancer. iScience. 2023;26(12):108429. https://doi.org/10.1016/j.isci.2023.108429.

87.	 Xia C, Fan J, Emanuel G, Hao J, Zhuang X. Spatial transcriptome profiling by MERFISH reveals subcellular RNA compart-
mentalization and cell cycle-dependent gene expression. Proc Natl Acad Sci USA. 2019;116(39):19490–9. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​
0​.​1​0​7​3​/​p​n​a​s​.​1​9​1​2​4​5​9​1​1​6​​​​​.​​​

88.	 Fang R, Halpern A, Rahman MM, Huang Z, Lei Z, Hell SJ, et al. Three-dimensional single-cell transcriptome imaging of thick 
tissues. Elife. 2024. https://doi.org/10.7554/eLife.90029.

89.	 Elosua-Bayes M, Nieto P, Mereu E, Gut I, Heyn H. Spotlight: seeded NMF regression to deconvolute spatial transcriptomics 
spots with single-cell transcriptomes. Nucleic Acids Res. 2021;49(9):e50. https://doi.org/10.1093/nar/gkab043.

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

https://doi.org/10.3389/fimmu.2025.1561388
https://doi.org/10.1016/j.semcdb.2024.12.006
https://doi.org/10.1038/s41588-022-01134-8
https://doi.org/10.1186/s13073-024-01287-7
https://doi.org/10.1016/j.critrevonc.2024.104430
https://doi.org/10.1007/s10585-023-10246-2
https://doi.org/10.1007/s10585-023-10246-2
https://doi.org/10.1186/s12967-024-06018-5
https://doi.org/10.1186/s12967-024-06018-5
https://doi.org/10.3390/jmp3030014
https://doi.org/10.3390/jmp3030014
https://doi.org/10.1126/science.aaa6090
https://doi.org/10.1038/s41586-019-1049-y
https://doi.org/10.1002/bies.201900221
https://doi.org/10.1038/s41576-021-00370-8
https://doi.org/10.1186/s13059-021-02286-2
https://doi.org/10.1038/s41587-021-01139-4
https://doi.org/10.1038/nrclinonc.2017.166
https://doi.org/10.1093/bfgp/elad011
https://doi.org/10.1093/bfgp/elad011
https://doi.org/10.1002/smtd.202500770
https://doi.org/10.1186/s13046-025-03479-4
https://doi.org/10.1016/j.isci.2023.108429
https://doi.org/10.1073/pnas.1912459116
https://doi.org/10.1073/pnas.1912459116
https://doi.org/10.7554/eLife.90029
https://doi.org/10.1093/nar/gkab043

	﻿Global scientific growth and thematic development of spatial transcriptomics in oncology research
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿2﻿ ﻿Methodology
	﻿2.1﻿ ﻿Data source and justification
	﻿2.2﻿ ﻿Search strategy
	﻿2.3﻿ ﻿Validation and quality check
	﻿2.4﻿ ﻿Data export and preprocessing
	﻿2.5﻿ ﻿VOSviewer mapping
	﻿2.5.1﻿ ﻿Author keywords co-occurrence map
	﻿2.5.2﻿ ﻿Overlay visualization (temporal map)
	﻿2.5.3﻿ ﻿Co-occurrence maps of terms in titles/abstracts
	﻿2.5.4﻿ ﻿Bibliographic coupling map


	﻿2.6﻿ ﻿Ethical considerations
	﻿3﻿ ﻿Results
	﻿3.1﻿ ﻿Growth of publications and citations
	﻿3.2﻿ ﻿Authorship analysis and prolific institutions
	﻿3.3﻿ ﻿Prolific journals
	﻿3.4﻿ ﻿Prolific countries and research collaboration
	﻿3.5﻿ ﻿Highly cited articles
	﻿3.6﻿ ﻿Keywords co-occurrence map
	﻿3.7﻿ ﻿Overlay visualization map
	﻿3.8﻿ ﻿Co-occurrence map of frequent terms in titles/abstracts
	﻿3.9﻿ ﻿Bibliographic coupling (share similar reference list)

	﻿4﻿ ﻿Discussion
	﻿4.1﻿ ﻿Future technologies
	﻿4.2﻿ ﻿Clinical translation
	﻿4.3﻿ ﻿Policy, standardization, and regulatory integration
	﻿4.4﻿ ﻿ST technologies drawbacks and limitations
	﻿4.5﻿ ﻿Limitations of the current analysis

	﻿5﻿ ﻿Conclusion
	﻿References


