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Introduction

Endoscopic submucosal dissection (ESD), first 
introduced in Japan during the late 1990s (1), represents a 
major advancement in therapeutic endoscopy. Developed 
to overcome the limitations of endoscopic mucosal 
resection (EMR) (2,3), ESD enables en bloc resection of 

large and morphologically heterogeneous neoplastic 

lesions without lymphovascular invasion (4,5), conferring 

significant histopathological advantages in margin 

assessment and invasion depth determination. The inability 

of conventional EMR to achieve en bloc resection in lesions 

larger than 20 mm, combined with elevated recurrence 
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Abstract

Aim: The overarching intellectual structure, dominant thematic clusters, and longitudinal evolution of the endoscopic submucosal 
dissection (ESD) literature have yet to be systematically mapped. This study aims to characterize the semantic and thematic architecture 
of ESD research through computational text analytics and to reveal latent structural patterns and temporal dynamics within this domain.

Methods: A corpus of 1,000 peer-reviewed publications was processed through an eight-stage computational pipeline that incorporated 
word embedding-based semantic analysis, unsupervised clustering, Latent Dirichlet Allocation (LDA) topic modeling, inter-topic network 
analysis, and temporal trend modeling. The primary outcome was characterization of the semantic architecture of ESD research, 
whereas secondary outcomes included topic relationships, temporal evolution, and model performance metrics.

Results: Semantic analysis revealed two dominant clusters: a technically oriented domain encompassing device innovation and 
procedural optimization and a clinically oriented domain addressing therapeutic outcomes, organ-specific protocols, and adverse event 
management. Topic modeling identified nine coherent thematic categories, with limited integration between technical and clinical 
research trajectories. Temporal analysis revealed a pronounced post-2024 shift toward upper-gastrointestinal applications, particularly 
esophageal and gastric ESD, with relative stagnation in colorectal investigations. The optimal semantic clustering solution achieved a 
silhouette score of 0.215, while the nine-topic LDA model demonstrated a coherence score of 0.39.

Conclusion: This study provides the first data-driven macro-structural characterization of the ESD literature, revealing a persistent 
bifurcation between technical innovation and clinical application streams. These findings offer a strategic framework to help clinicians, 
investigators, and curriculum developers identify priority areas for advancement in therapeutic endoscopy.
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rates following piecemeal resection (6,7), underscores 
ESD’s clinical value. Recent studies indicate that ESD is the 
best way to treat superficial gastric neoplasias and early 
gastric cancer (2). It is also being used more and more 
to treat esophageal squamous cell carcinoma and some 
colorectal cases, especially lesions that are larger than 20 
mm or that are not suitable candidates for conventional 
polypectomy (8-10). Despite its clinical impact, ESD 
remains technically demanding, with complication rates 
of 3.5%, 3.3%, and 4.6% for gastric, esophageal, and 
colorectal applications, respectively (11-13). Submucosal 
fibrosis and limited operator expertise in Western settings 
have further constrained broader implementation, though 
structured training initiatives may mitigate these barriers 
(14,15).

The ESD literature spans diverse domains, including 
clinical efficacy, complication management, technological 
innovation, and organ-specific protocols (16,17). However, 
no study has examined this corpus at the macrostructural 
level to characterize thematic clustering, latent semantic 
architecture, or temporal evolution—the gap that limits 
the systematic understanding of the field’s research 
organization and strategic priorities. Natural language 
processing (NLP) and unsupervised machine learning 
methodologies, particularly word embedding-based 
semantic analysis and Latent Dirichlet Allocation (LDA), 
offer robust frameworks for revealing latent thematic 
structures within large medical corpora (18). The thematic 
trajectory of ESD literature may further be interpreted 
through Rogers’ diffusion of innovations framework 
(19), wherein early feasibility and instrumentation studies 
reflect initial adoption stages, while contemporary focus 
on outcomes, complication protocols, and organ-specific 
applications signals progression toward implementation 
and confirmation phases. We hypothesized that 
computational analysis of the ESD literature would reveal 
a structurally fragmented research landscape, organized 
along two parallel but largely disconnected trajectories: 
one centered on technical innovation and procedural 
optimization, and the other focused on clinical outcomes 
and organ-specific applications, with a discernible temporal 
shift toward upper gastrointestinal domains over the 
2015-2025 period.

Unlike conventional bibliometric studies that primarily 
rely on citation counts, co-authorship networks, or 
keyword co-occurrence analyses, the present study 
integrates NLP with word embedding–based semantic 
analysis and LDA topic modeling to uncover the latent 
conceptual organization of the ESD literature. This 
integrated computational framework enables a deeper 
exploration of semantic relationships, thematic structures, 
and temporal knowledge evolution beyond the capabilities 
of traditional bibliometric approaches. In this context, the 

primary aim of this study is to systematically characterize 
the semantic, thematic, and temporal architecture of ESD 
research through computational text analytics, thereby 
revealing latent structural patterns and dynamics within 
this specialized domain. A secondary aim is to identify 
dominant thematic clusters, inter-topic relationships, 
and longitudinal research trends within the field. If these 
objectives are achieved, this analysis is expected to 
provide clinicians, investigators, and medical educators 
with an empirically grounded roadmap for prioritizing 
future research agendas, optimizing procedural training 
curricula, and informing health policy decisions related to 
ESD implementation.

Materials and Methods

Compliance with Ethical Standards

This study is a retrospective analysis of publicly available 
publication data retrieved from bibliometric databases. 
The analysis did not involve any human subjects, primary 
data collection, or interventions. Since all data used in 
this research were already in the public domain and freely 
accessible, and no identifiable personal information or 
sensitive data were processed, ethical approval from an 
institutional review board was not required.

Study Design

This study employed a retrospective computational 
bibliometric design based on scientific publications, 
integrating bibliometric methods with NLP and 
computational text analytics, including latent semantic 
analysis and topic modeling, to systematically map the 
intellectual structure and temporal evolution of the ESD 
literature. To achieve this objective, the analysis was 
conducted using an eight-step computational pipeline 
(Figure 1), enabling a systematic and multidimensional 
evaluation of the ESD research landscape.

The pipeline shown in Figure 1 consists of data 
collection, preprocessing, word embedding-based 
semantic vector generation, semantic clustering, topic 
modeling, inter-topic correlation analysis, temporal 
dynamics evaluation, model performance measurement, 
and visualization of results.

Step 1: Data Source, Search Strategy, and Research 
Unit

The data used in this study were obtained from the Web 
of Science (WoS) Core Collection (20), a widely recognized 
and trusted source for examining scientific literature in 
bibliometric and text analytics research. The study was 
conducted under the assumption that publications retrieved 
from the WoS database adequately reflect developments 
in the relevant scientific field. The unit of analysis for the 
study consists of the 1,000 most-cited articles identified 
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in the database and published in the last decade (2015-
2025). The selection of the 1,000 most-cited publications 
within the 2015-2025 period was guided by both 
methodological and substantive considerations. Citation 
frequency serves as a widely validated proxy for scientific 
influence; highly cited publications disproportionately 
shape the conceptual vocabulary, methodological norms, 
and thematic priorities of subsequent research, collectively 
constituting the intellectual core of a discipline. The 
2015-2025 window ensures analytical coherence by 
capturing the contemporary phase of ESD development, 
characterized by procedural maturation and expanding 
organ-specific applications. The threshold of 1,000 articles 
was chosen to balance corpus richness—sufficient for 
statistically robust topic modeling and word-embedding 
analysis—against analytical tractability, as excessively large, 
heterogeneous corpora risk introducing noise that may 
obscure latent structural patterns. This citation-based 
delimitation strategy is consistent with established practice 

in computational literature analyses. Inclusion criteria 
were defined as follows: the study title must contain 
“endoscopic submucosal dissection,” publications must be 
in English, must be research articles, must be published in 
citation-indexed journals (SCI, SSCI, SCI-Expanded, ESCI, 
or SCOPUS), and must be classified under health and/or 
medicine-related categories within WoS.

Step 2: Data Preprocessing

Data  preprocessing was performed to improve the 
performance of subsequent NLP operations. In this 
context, the preprocessing procedure began with loading 
the data into the Google Colab (21) environment. 
Subsequently, all content in the dataset was converted 
to lowercase, thereby standardizing letter-case usage. 
Punctuation marks present in the data that do not provide 
any semantic contribution were systematically removed. 
All numerical characters found in the data were cleaned, 
assuming that numbers were unnecessary for data or 
semantic analysis. Additionally, common English stop 
words (e.g., “the,” “is,” and “a”), which are frequently 
used in text data but contribute little semantic content, 
were removed. In the final stage, the data were tokenized 
into a discrete word list that serves as the fundamental 
building block for subsequent analyses.

Step 3: Word Embedding Generation

Text data was transformed into dense numerical vector 
representations to more successfully reveal semantic 
relationships during the word embedding process (22). 
For this purpose, the Word2Vec model (23), commonly 
used in the literature for word embedding, was employed, 
and training was performed on the token lists generated 
for each abstract. The vector dimensionality in the model 
was set to 100, ensuring that each word was represented 
by a vector of that dimensionality. The choice of vector 
dimensionality reflects a balanced approach between 
semantic analysis and computational efficiency. Thus, for 
each abstract, a single document vector was generated by 
averaging the Word2Vec vectors of all the words in the 
abstract. This approach facilitated subsequent ML tasks 
by consolidating the semantic information of individual 
words into a fixed-size document vector.

Step 4: Semantic Clustering

The document embedding array was subjected to 
semantic clustering using the k-means algorithm (24). The 
elbow method (25) was used to determine the optimal 
number of clusters (k). This algorithm was run for k values 
from 2 to 10; the inertia for each k was calculated and 
plotted. Thus, the point at which the decrease in the 
inertia value sharply slowed was identified as the elbow 
point, and the optimal k value was determined to be 
2. With this approach, each abstract was labeled with a 

Figure 1. Eight-step computational workflow used for semantic 
and thematic analysis of the ESD literature. The workflow includes 
data collection, text preprocessing, Word2Vec-based document 
embedding, semantic clustering, LDA topic modeling, topic 
correlation analysis, temporal trend analysis, model performance 
evaluation, and data visualization
ESD: Endoscopic submucosal dissection, LDA: Latent Dirichlet Allocation
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semantic cluster label indicating membership in cluster 
0 or 1, based on its proximity to the semantic cluster 
centers. In the next stage, document embeddings in very 
high dimensions were reduced to two dimensions using 
the t-Distributed Stochastic Neighbor Embedding (t-SNE) 
method (26). Thus, the t-SNE model was initialized using 
different parameters, including the number of components 
[2]; reproducibility [42]; perplexity [30], which balances 
local and global structure; and optimization [100]. The 
obtained two-dimensional coordinates were visualized.

Step 5: Topic Modeling (LDA)

The purpose of topic modeling is to uncover the latent 
thematic structure within the dataset (27). For this purpose, 
a corpus was created from tokenized texts, ensuring that 
each word was matched with a unique integer identifier. 
With this dictionary, words appearing in fewer than 5 
documents or in more than 50% of documents were 
filtered and refined, thereby eliminating words that are 
either excessively sparse or excessively common and had 
low information value. After this process, a Bag-of-Words 
corpus (28) was created containing word ID and word 
frequency pairs for each document. Thus, the prepared 
corpus was subjected to training with the LDA model (29), 
and this process was carried out within the framework 
of values regarding the model’s reproducibility [42] and 
the number of training iterations [10]. Prominent words 
for each topic were identified. The LDA model calculated 
the probability distribution over all topics for each abstract 
and assigned the topic with the highest probability as that 
abstract’s dominant topic. Subsequently, word clouds for 
each topic were created from words and their weights 
using the WordCloud method (30) of the WordCloud  
library.

Step 6: Topic Correlation Analysis

The purpose of topic correlation analysis is to analyze 
the relationships and co-occurrence patterns between 
identified latent topics (31). In this context, topic 
distributions for each document were obtained from 
the LDA model. These data were organized as a topic 
matrix, in which rows represent documents and columns 
represent topic probabilities. Then, Pearson correlation 
(32) coefficients were calculated for all topic column pairs 
in the matrix, thus obtaining a topic correlation matrix 
showing the extent to which different topics co-occur 
across documents. This correlation matrix was visualized 
in the form of a heatmap using the heatmap function (33).

Step 7: Temporal Dynamics Analysis

The purpose of analysis of temporal dynamics is to 
examine how the prevalence of semantic clusters and 
topics has evolved. Data obtained from topic-matrix 
dataframe indices were consolidated with the original 

dataset, and averages of topic probabilities were calculated 
for each year, producing a dataframe that shows the 
annual average prevalence of each topic. The obtained 
time series data were visualized through line graphs 
using pyplot (34), thereby revealing the time-dependent 
development of each topic. Similarly, another data frame 
was created by calculating the proportion of documents 
in each semantic cluster per year. These data were also 
visualized using line graphs, which present in detail how 
the overall semantic structure changed over time and 
highlight prominent shifts between clusters.

Step 8: Performance Evaluation

The performance of the k-means clustering algorithm 
was analyzed using two fundamental metrics: the 
Silhouette score (35) and the Davies-Bouldin index (36). In 
this regard, the Silhouette score is a relative measure that 
quantifies an object’s similarity to its own cluster relative 
to its similarity to other clusters. The Davies-Bouldin index 
evaluates the average similarity ratio of each cluster to its 
most similar cluster. In the topic modeling process, the 
interpretability of LDA topics was evaluated using the 
coherence score. Topic coherence is widely considered 
a sufficient and reliable metric for evaluating the quality 
of topics generated by LDA models, as it reflects the 
semantic interpretability of topics in a manner consistent 
with human judgment. Coherence measures have been 
shown to correlate strongly with human assessments of 
topic quality, supporting their use as a primary evaluation 
criterion in topic modeling (37).

Statistical Analysis

All computational analyses were performed using 
Google Colaboratory (21). Python (38) was used as the 
primary programming language for the analysis. The 
computational workflow was supported by various 
libraries commonly used in scientific research. These 
include NumPy (39) for numerical operations; Pandas (40) 
for data processing and tabular analyses; Matplotlib (34) 
and Seaborn (33) for visualization; Scikit-learn (41) for ML 
operations; Statsmodels (42) for time series modeling; and 
WordCloud (43) for word-cloud visualizations.

Results

Semantic Clustering Analysis Findings

Findings related to semantic clustering analysis are 
shown in Figure 2.

The blue points in the graph are predominantly 
concentrated on the right side, particularly in the lower-
right region, while the green points are predominantly 
located on the left side, especially in the upper-left 
region. Although the clusters are distinct, minimal overlap 
between points of the two clusters is observable in the 
middle section.
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Topic Modeling Findings

The LDA model identified 9 main topics within the 
corpus, with a coherence score of 0.39. The results are 
summarized in Table 1.

Findings related to word clouds are presented in Figure 
3.

Concepts such as “patient,” “ESD,” “endoscopic,” 
“resection,” “bleeding,” “dissection,” “gastric,” and 
“colorectal” are encountered in nearly all topics. While the 
words “patient,” “ESD,” and “group” stand out in Topic 
0, the words “bleeding” and “patients” are prominent in 
Topic 2. For Topics 3 and 5, the concepts of “submucosal” 

and “resection” are prominent. In Topic 4, the word 
“perforation” stands out.

Findings on Topic Correlations

The heatmap showing correlations between topics is 
presented in Figure 4a.

Correlation analysis revealed that all inter-topic 
associations were negative, ranging from mild to moderate 
(-0.22 to -0.04). In this regard, the strongest negative 
correlations were observed between Topic 0 and Topic 2 
(-0.21), Topic 3 (-0.22), and Topic 7 (-0.22), suggesting that 
documents heavily weighted toward Topic 0, centered 
on technical innovation and procedural optimization, are 
least likely to concurrently emphasize the thematic content 
represented by these three topics.

Findings on Temporal Dynamics Analysis

Time-dependent changes in clusters and topics are 
presented in Figure 4b.

Topics exhibited a relatively stable distribution over the 
years examined. While most topics fluctuate, ranging from 
5% to 30% in annual document proportions, no dramatic 
change in topics was observed. However, Topic 7 showed 
a marked increase during the examined period, reaching 
approximately 75%.

The right graph (Cluster 0-blue; Cluster 1-orange) 
showed that, between 2015 and 2023, both clusters 
exhibited fluctuations at similar rates, with values 
generally ranging between 40% and 60%. Cluster 0 was 
more dominant, exceeding 60% in 2017 and 2022, while 
Cluster 1 remained at relatively lower levels during these 
periods. In the subsequent period (2024-2025), Cluster 0 
showed a sharp increase exceeding 75%, while Cluster 1 
experienced a dramatic decline to below 25%.

Figure 2. Two-dimensional visualization of semantic clusters 
generated using t-distributed stochastic neighbor embedding  
(t-SNE). Each point represents one publication abstract, while 
colors indicate cluster assignment derived from K-means 
clustering. Spatial proximity between points reflects semantic 
similarity among publications

Table 1. Topics and prominent keywords

Topic 0 Topic 1 Topic 2 Topic 3 Topic 4 Topic 5 Topic 6 Topic 7 Topic 8

esd group patients esd esd esd patients esd esd

patients esd bleeding submucosal patients resection esd patients bleeding

group patients esd endoscopic pecs endoscopic risk resection patients

resection p delayed resection perforation dissection factors lesions esophageal

p esophageal closure dissection p submucosal submucosal endoscopic stricture

endoscopic gastric group cases endoscopic p lesions p endoscopic

survival endoscopic endoscopic procedure risk time gastric group submucosal

recurrence stricture p lesions submucosal speed invasion vs lesions

outcomes vs risk patients factors emr cancer colorectal dissection

submucosal ulcer rate study study procedure ci submucosal gastric

rate dissection mucosal colorectal dissection traction endoscopic rate group

treatment groups submucosal time colorectal cesd lnm study p

gastric study colorectal gastric syndrome rate egc treatment postesd

dissection significantly study performed analysis using tumor dissection delayed

cancer submucosal gastric p group study fibrosis bloc risk
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Findings on Cluster-Topic Distribution

Findings on cluster and topic distribution are presented 
in Figure 5a.

Accordingly, a balanced distribution between the 
two clusters was observed during the 2015-2023 period. 
Although both clusters had similar values of approximately 
60 in 2017, Cluster 0 stood out in 2018. However, Cluster 
1 lagged behind Cluster 0 in this regard. Subsequently, 
similar fluctuations were observed between 2019 and 
2023, and, generally, no major differences were observed 
between the two clusters.

The right-hand graph shows values corresponding to 
the average probability distribution of topics (0-8) within 
two semantic clusters. Topic 0 (0.29) and Topic 7 (0.31) 
stood out in Cluster 0. Other topics had low probabilities 
in Cluster 0 (between 0.01 and 0.11).

Findings on Model Performance

Performance graphs for the semantic clustering and 
topic modeling processes are presented in Figure 5b.

The highest Silhouette score was obtained with two 
semantic clusters and was approximately 0.215. The right-
hand graph presents the coherence score for LDA topic 
modeling. Findings from the LDA model show that nine 
topics have the highest coherence scores, suggesting 
that the model achieves a satisfactory level of semantic 
coherence and that the resulting topics are meaningful 
and interpretable for further analysis.

Figure 3. Word clouds representing the dominant keywords within each LDA-derived topic. Word size is proportional to the relative 
importance (weight) of each term within the corresponding topic
LDA: Latent Dirichlet Allocation

Figure 4a. Heatmap illustrating Pearson correlation coefficients 
between LDA-derived topics. Warmer and cooler colors represent 
the strength and direction of correlations, indicating the degree 
of thematic overlap or separation between topics
LDA: Latent Dirichlet Allocation
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Discussion

This study represents one of the first comprehensive 

analyses using NLP and ML methods to reveal the 

semantic and thematic structure of the ESD literature. 

Since its development in Japan in the late 1990s (1) to 

overcome the limitations of EMR (2,3), ESD has emerged 
as a significant paradigm shift in therapeutic endoscopy. 
Our findings demonstrate that the literature surrounding 
the procedure is organized around two main axes: 
technical innovation and procedural development, and 
clinical outcomes and organ-specific applications.

Figure 4b. Annual temporal evolution of semantic clusters and LDA-derived topics between 2015 and 2025. The graphs illustrate 
changes in the relative prevalence of semantic clusters and thematic topics over time, highlighting shifts in research focus within the 
ESD literature
LDA: Latent Dirichlet Allocation, ESD: Endoscopic submucosal dissection

Figure 5a. Distribution of semantic clusters over time and average topic probabilities within each semantic cluster. The left panel 
illustrates annual changes in semantic cluster distribution, whereas the right panel presents the mean probability of each LDA-derived 
topic within Cluster 0 and Cluster 1
LDA: Latent Dirichlet Allocation
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The semantic clustering analysis revealed that the ESD 
literature exhibits a fundamental structural divergence. 
This bifurcation was consistently observed in both t-SNE 
visualizations and LDA-based topic modeling, revealing 
two parallel research streams: clinical and technical. 
Studies related to clinical outcomes and organ-specific 
applications are positioned together in semantic 
space, whereas themes of dissection methods, device 
development, and procedural efficiency constitute 
a separate, technical research area. This divergence 
indicates that the causal relationships between technical 
innovation and clinical performance are not addressed 
holistically in the literature.  K-means clustering was 
performed with k=2, resulting in a low silhouette score of 
0.21. This relatively low value indicates limited separation 
between clusters, suggesting that the chosen number 
of clusters may oversimplify the underlying structure of 
the data. While the two-cluster solution provides a basic 
overview of the dataset, it may fail to capture more 
nuanced patterns that could be revealed with alternative 
clustering strategies or a higher number of clusters. Future 
analyses should consider testing additional k values and 
validating cluster stability using complementary metrics to 
ensure that the identified groupings accurately reflect the 
complexity of the dataset. These limitations highlight the 
need for cautious interpretation of the clustering results 
and underscore that the findings should be considered 
exploratory rather than definitive.

This structural separation is particularly significant 
given that ESD’s clinical success fundamentally depends 

on technical proficiency. The technique’s ability to 
achieve en bloc resection of lesions exceeding 20 mm—
where conventional EMR requires piecemeal resection, 
with associated high local recurrence rates (7)—depends 
entirely on the operator’s technical skill and the available 
instrumentation. The procedure involves submucosal 
lifting with viscous agents such as sodium hyaluronate 
followed by precise dissection with specialized knives 
(11), and the reported complication incidences of 3.5%, 
3.3%, and 4.6% for gastric, esophageal, and colorectal 
ESD, respectively (12), underscore the intimate connection 
between technical execution and clinical outcomes. 
Yet our analysis reveals that these two dimensions 
are largely explored in isolation in the literature. This 
situation highlights that clinical needs are not taken as 
the primary basis for health innovation; technological 
advancements remain largely disconnected from the 
problems encountered in healthcare; consequently, the 
convergence between clinical practice and technology is 
becoming increasingly difficult.

The lack of clinical-technical integration emerges as an 
important limiting factor in the development of ESD and 
suggests that research designs need to be structured with 
a more holistic approach. This gap is particularly critical 
given that factors such as submucosal fibrosis caused by 
prior interventions like biopsy or marking can increase 
dissection difficulty and reduce en bloc success rates 
(13), creating a direct pathway from technical challenges 
to clinical outcomes. The semantically weak connections 
among complication-focused themes further reveal that 

Figure 5b. Performance evaluation of semantic clustering and topic modeling. The left panel presents silhouette scores across candidate 
cluster numbers, whereas the right panel illustrates coherence scores for different LDA topic models
LDA: Latent Dirichlet Allocation
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risk prediction models are still immature, despite the 
procedure’s well-documented association with bleeding 
and perforation risks. Accordingly, there is a clear need 
in the literature for modeling studies aimed at predicting 
certain risks, such as delayed bleeding.

The temporal analysis revealed a marked increase 
in esophageal and gastric studies after 2024, whereas 
colorectal ESD research remained relatively stagnant. This 
thematic shift provides empirical support for the diffusion 
of innovations model (19), which explains the adoption of 
health technologies through distinct stages. The observed 
pattern reflects the natural progression from technical 
feasibility studies to widespread clinical implementation.

Early-stage ESD research focusing on technical 
feasibility and instrument innovation corresponds to 
the “knowledge acquisition” and “persuasion” stages 
of the innovation adoption process (19). The current 
concentration of publications on upper gastrointestinal 
applications, particularly the acceptance of ESD as the 
standard treatment for superficial gastric neoplasias and 
early-stage gastric cancer (2), as well as its increasing 
adoption as first-line treatment for superficial esophageal 
squamous cell carcinoma, indicates progression to the 
“implementation” and “confirmation” stages. Applications 
carried out in more limited centers during the technical 
feasibility and early-experience phases have expanded 
rapidly upon reaching a certain maturity, thereby creating 
thematic density in the literature. In this context, the 
evidence suggests that the next phase of ESD research 
should move beyond adoption-focused discourse toward 
risk stratification and outcome optimization, thereby 
reinforcing the transition from widespread implementation 
to a more data-driven and precision-oriented confirmation 
stage in clinical practice.

The concentration of publications in organ-specific 
areas is also consistent with learning-curve dynamics. The 
relative stagnation in colorectal ESD research, despite 
EMR remaining the dominant method in this region (8), 
may reflect the unique technical challenges posed by 
this anatomical site. The distal colon and rectum present 
specific difficulties related to wall thickness, peristalsis, 
and anatomical configuration, which may have slowed 
the adoption curve relative to upper gastrointestinal 
applications. This finding suggests that colorectal ESD 
may still be in an early phase of the diffusion process, 
potentially transitioning between the “persuasion” and 
“decision” stages. With the adoption of ESD in this field, 
the accumulation of experience and knowledge is expected 
to yield substantially greater benefits for clinical practice.

This study goes beyond classical bibliometric approaches 
and presents an innovative framework that objectively 
reveals the structural characteristics of the literature 
through word embedding-based semantic analysis. LDA-

based topic modeling (18) made the thematic centers 
of the literature quantitatively visible, while t-SNE-based 
visualization enabled better understanding of high-
dimensional semantic relationships. The combined use of 
these methods allowed the ESD literature to be evaluated 
from a structural perspective, revealing patterns that 
cannot be detected through traditional systematic reviews 
(18).

These findings are critical to guiding clinical practices 
and research priorities. The marked increase in publications 
on the upper gastrointestinal system demonstrates that 
clinical practice increasingly focuses on these areas and 
that training programs need to allocate more resources to 
esophageal and gastric dissection techniques. The scarcity 
of sufficiently experienced operators in Western countries, 
which has limited widespread adoption, can be addressed 
through structured training programs (14,15) informed by 
the learning-curve dynamics revealed in our analysis.

The structural divergence between technical and 
clinical research reveals that procedural innovation is 
not evaluated in an integrated manner alongside clinical 
outcomes. This situation demonstrates the need for more 
holistic research in critical areas such as management 
of complications, selection of dissection strategies, and 
effectiveness of device use. Given that ESD provides 
superior outcomes in specific clinical contexts (8)—
particularly in lesions exceeding 20 mm, cases with 
suspected superficial submucosal invasion, or cases 
unsuitable for conventional snare polypectomy, especially 
in the distal colon and rectum (9,10)—the integration of 
technical and clinical research streams could optimize 
patient selection and procedural planning.

The technique’s ability to obtain intact specimens 
provides histopathological advantages by enabling clear 
assessment of lateral and vertical surgical margins and 
accurate analysis of invasion depth (4,5). Such diagnostic 
precision both enhances the success of curative treatment 
and reduces the risk of recurrence; however, our analysis 
suggests that the relationship between the quality of 
technical execution and these histopathological outcomes 
remains underexplored in the literature.

A fixed corpus size of 1,000 publications, selected on a 
citation-priority basis, constitutes a notable limitation of this 
study. This threshold, while methodologically convenient, 
is analytically arbitrary: it imposes a rigid ceiling that 
automatically excludes any publication—however recent, 
innovative, or clinically significant—that falls outside the 
citation-ranked top tier at the time of data extraction. In 
a rapidly evolving procedural field such as ESD, where AI-
based risk prediction, organ-specific protocol refinement, 
and novel technical variants are actively emerging, this 
cutoff systematically filters out the studies most likely to 
signal where the field is heading rather than where it has 
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been. The resulting corpus is therefore best understood 
not as a representative sample of ESD research, but as 
a citation-weighted retrospective of its most consolidated 
subset. Future bibliometric and NLP-based investigations 
should consider recency-stratified or citation-agnostic 
sampling strategies to counterbalance this structural skew 
and more accurately capture the field’s emerging frontier.

Study Limitations

This study has several limitations that should be 
acknowledged. Most critically, the analysis is restricted 
to abstract-level text, which constitutes a significant 
methodological constraint. Abstracts inherently omit 
procedural details, statistical nuances, subgroup-level 
findings, and contextual clinical information embedded in 
full-text publications, which may carry substantial thematic 
weight. This restriction likely introduces systematic bias into 
the semantic and topical structures identified, as abstracts 
selectively emphasize outcomes over methodology and 
context. Consequently, the thematic architecture revealed 
in this study should be interpreted as a representation of 
how ESD research is framed and communicated, rather 
than a complete reflection of its intellectual depth.

A second and equally consequential limitation 
concerns selection bias introduced by the citation-based 
corpus construction strategy. By restricting the analysis 
to the top 1,000 most-cited publications, this study 
systematically privileges well-established, highly cited 
work to the detriment of recent contributions that have 
not yet had sufficient time to accumulate citations. Given 
that citation accumulation is inherently a slow, cumulative 
process—often spanning several years post-publication—
this sampling approach almost certainly underrepresents 
studies published toward the latter portion of the 2015–
2025 window, including emerging technical innovations, 
novel AI-based applications, and early-stage organ-specific 
protocols, which may not yet be reflected in the citation 
record. As a direct consequence, the thematic and temporal 
structures identified in this study should be understood 
to characterize the established, citation-validated core of 
ESD research rather than its full, current state; nascent 
research trajectories, cutting-edge methodological 
developments, and recently emerging subfields are likely 
underrepresented or entirely absent from the derived topic 
structure. This limitation is particularly consequential for the 
temporal trend analysis, as citation-driven undersampling 
of recent publications may artificially compress or obscure 
both the acceleration in upper-gastrointestinal and AI-
related research that more recent, lower-citation studies 
might otherwise reveal. Finally, the 2015-2025 analytical 
window, which is temporally defined, may be further 
influenced by publication delays, geographic disparities 
in research output, and field-specific innovation cycles—

factors that interact with and potentially compound the 
citation-based selection bias described above.

Notwithstanding these limitations, this study’s primary 
strength lies in its novel application of NLP and unsupervised 
machine learning to the ESD literature, offering an 
objective, data-driven alternative to traditional narrative 
or systematic reviews. Word embedding-based semantic 
analysis captures nuanced conceptual relationships 
between research constructs that conventional keyword-
based approaches fail to detect, while LDA topic modeling 
systematically exposes latent thematic clusters and 
structural divergences across the corpus. The integration 
of temporal analysis further enabled the longitudinal 
mapping of research trajectories—a dimension largely 
absent from existing ESD literature reviews. Collectively, 
these methodological layers render the study’s findings 
reproducible, scalable, and transferable to other domains 
of procedural medicine seeking macro-structural 
characterization of their research landscapes.

Future ESD research should prioritize four key areas 
that together define the field’s methodological and clinical 
trajectory. First, the current literature inadequately bridges 
technical innovation and clinical outcomes; multidisciplinary 
studies that jointly evaluate both dimensions within 
unified analytical frameworks are urgently needed to close 
this gap. Second, organ-specific comparative research—
spanning esophageal, gastric, and colonic ESD—remains 
scarce despite the markedly distinct difficulty levels and 
complication profiles that characterize each anatomical 
site. Third, AI-based clinical decision support models 
capable of real-time prediction of complication risks, 
such as perforation and bleeding, represent a critical 
yet underdeveloped frontier, reflecting the broader 
immaturity of current risk-prediction frameworks in this 
domain. Fourth, and perhaps most pressing for global 
access to the procedure, quantitative modeling of ESD 
learning curves and standardized, competency-based 
performance metrics are essential to guide training 
programs, particularly in Western countries, where the 
scarcity of operators continues to constrain the expansion 
of this technique. Taken together, these four priorities—
integrated technical-clinical evaluation, organ-specific 
comparative modeling, AI-driven adverse event prediction, 
and standardized competency assessment—chart a 
coherent agenda for advancing both methodological rigor 
and clinical relevance of ESD research.

Conclusion
This study provides a systematic mapping of the 

semantic and thematic architecture of the ESD literature 
using computational text analytics, extending beyond 
conventional bibliometric approaches. The analysis 
identifies two structurally distinct thematic clusters within 
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ESD research: one centered on technical innovation 
and procedural optimization, and the other on clinical 
outcomes and organ-specific therapeutic protocols. 
Co-occurrence and topic-relationship analyses show 
limited overlap between these two clusters, indicating 
that technical and clinical themes are predominantly 
addressed in separate bodies of literature rather than 
within integrated studies. Temporal analysis demonstrates 
a measurable shift in publication focus toward upper 
gastrointestinal applications, particularly esophageal and 
gastric ESD, in recent years. This shift is consistent with 
a broader transition observed in the data, from early-
stage feasibility studies toward organ-specific clinical 
implementation. Future studies integrating transformer-
based language models and full-text semantic analysis 
may further improve the understanding of knowledge 
evolution in ESD research.
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