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ABSTRACT

Objective: Clinical research and technological innovation are assumed to evolve in tandem through market-
mediated knowledge diffusion, yet systematic evidence for their alignment in medical device domains remains 
limited. This study examines the relationship between the production of scientific evidence and the commercial 
development of devices for endoscopic submucosal dissection, a minimally invasive treatment for gastrointestinal 
neoplasms, which has experienced uneven global diffusion. 

Methods: We employed a dual-corpus computational approach to analyze a stratified sample of 2,470 publications 
[60% highly cited, 20% recent (2023-2025), and 20% randomly selected] and a corpus of 4,526 device patents 
(2010-2025), using Word2Vec embeddings and Latent Dirichlet Allocation to identify thematic structures. Cross-
corpus semantic similarity measured the alignment between clinical research priorities and commercial development 
trajectories. Results indicate a substantial publication-patent divergence (divergence score =0.792), with no topic 
pair exceeding 0.5 in semantic similarity (an original, study-specific metric that has not yet been externally validated). 

Results: Most publication topics (88.9%) lack corresponding patent activity, while most patent topics (83.3%) 
develop independently of academic discourse. Seven innovation gaps emerged in which well-documented clinical 
complications lack technological solutions, particularly in the management of delayed complications, the prevention 
of strictures, and the control of pain. Temporal analysis showed an inverse relationship between patenting and 
publication activity (r=-0.949, lag=-5 years), but this finding should be interpreted cautiously given the small number 
of annual observations (n=16) and the absence of multiple-lag correction; Granger causality tests indicated no 
significant bidirectional influence. Only 16.1% of patents demonstrate a high citation impact; these are predominantly 
in materials science. 

Conclusion: The findings challenge assumptions of efficient knowledge diffusion in medical device markets, 
revealing parallel knowledge streams with weak connectivity. The dual-corpus framework offers a generalizable 
methodology for assessing research-innovation integration across medical specialties.
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INTRODUCTION
Endoscopic submucosal dissection (ESD), developed in Japan 
in the late 1990s, represents a paradigm shift in minimally 
invasive treatment of gastrointestinal neoplasms.1,2 The technique 
overcomes limitations of endoscopic mucosal resection, 
particularly the  piecemeal resection required for lesions exceeding 
20 mm and the  associated high recurrence rates.3-5 ESD enables 

en bloc resection of large superficial lesions while preserving 
organ function, offering complete resection rates exceeding 90% 
for early gastric neoplasms, with 5-year survival approaching 
those of  surgical resection.6-8 Despite growing acceptance as a 
standard treatment for superficial gastric neoplasms, esophageal 
squamous cell carcinoma, and select colorectal lesions, the 
diffusion of ESD beyond Japan has been uneven.9-11
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This heterogeneity reflects patterns documented in knowledge 
diffusion theory: geographical localization of tacit expertise, 
knowledge filters impeding commercialization, and institutional 
mechanisms constraining technology transfer.12,13 ESD’s technical 
complexity generates substantial tacit knowledge that resists 
codification and is transmitted primarily through hands-on 
training.14 Technical demands are reflected in complication rates 
of 3.5% for gastric, 3.3% for esophageal, and 4.6% for colorectal 
procedures, with operator experience critically determining 
safety.15,16 In parallel, a robust commercial ecosystem has 
emerged, featuring sophisticated instrumentation: electrosurgical 
knives, injection systems, and hemostatic devices.17 Medical 
device innovation, characterized by iterative cycles between 
clinical use and technological refinement and involving complex 
interactions among physicians, engineers, regulatory bodies, 
and manufacturers, differs fundamentally from pharmaceutical 
development.18-20 This co-evolutionary dynamic suggests that 
alignment between clinical evidence and commercial device 
development should emerge naturally, yet evidence from medical 
device markets reveals frequent misalignment.21,22

Integrated patent-publication databases now provide an 
unprecedented opportunity to systematically examine clinical-
technical alignment. Combined with natural language processing 
and unsupervised machine learning, these databases enable 
innovation intelligence that transcends single-corpus limitations.23 
Despite a rich literature on ESD clinical outcomes, comprehensive 
macro-level analysis connecting publications to patents remains 
limited. This study addresses clinical-technical integration in ESD 
through three research questions, the first of which is: (RQ1) To 
what extent do clinical research themes align with commercial 
device development priorities? (RQ2) Which specific clinical 
complications lack corresponding technological solutions? (RQ3) 
What temporal relationship exists between publication activity 
and patenting trends, and does evidence suggest bidirectional 
knowledge transfer? We employ a dual-corpus computational 
approach, integrating 2,470 publications and 4,526 patents, to 
quantify alignment and identify structural knowledge filters 
impeding translation, thereby contributing a generalizable 
framework with implications for clinicians, training programs, 
research funders, device manufacturers, and policymakers.

METHODS

Data Acquisition
Publication and patent data were retrieved from Lens.org.24 
The publication dataset encompassed 17,830 peer-reviewed 
articles identified through queries combining “endoscopic 
submucosal dissection,” “ESD procedure,” and “submucosal 
dissection technique” with organ-specific terms (2010-2025). The 
patent dataset comprised 5,096 utility patents identified using 
technology-focused queries. A stratified sampling strategy was 
implemented to select publications: 60% highly cited, 20% recent 

(2023-2025), and 20% randomly selected publications, yielding 
2,470 documents. “Highly cited” was operationalized as the  
total citation count within the top decile for its publication year 
according to Lens.org indexing. The exact numbers of records 
screened into and retained within each of the three tiers, by year, 
and the procedure used to resolve overlap between tiers (e.g., 
when a record qualified as both highly cited and recent) were 
reported. The tiered design was informed by general bibliometric 
sampling conventions; however, it did not in itself validate the 
specific sampling design. A dedicated methodological reference 
on stratified or citation-tiered sampling in bibliometric research 
was also provided.25

The exclusion workflow was documented by reporting the 
number of records excluded at each stage and the corresponding 
reasons for exclusion, including duplicate records, non-English-
language records, records with unavailable abstracts, records 
with fewer than 20 tokens after preprocessing, and records of 
non-primary-research document types. For patent records, the 
unit of analysis was explicitly defined as granted patents. To 
avoid multiple counting of the same invention across jurisdictions, 
patent records were deduplicated, collapsing records to Lens.org 
simple-family identifiers where applicable.

Text Preprocessing
All documents underwent a comprehensive NLP pipeline that 
integrated the title and abstract fields. Research demonstrates 
that abstracts capture 80-90% of semantic information for topic 
modeling in medical domains.26 The preprocessing sequence 
included conversion to lowercase, removal of URLs and 
emails, removal of numeric characters, tokenization, removal of 
stopwords, and WordNet lemmatization. Documents with fewer 
than 20 tokens were excluded.27-29

Semantic Clustering and Topic Modeling
Word2Vec models were trained separately for publications and 
patents using the CBOW architecture (100-dimensional vectors, 
context window of 5, minimum word frequency of 5).30 K-means 
clustering was applied to document embeddings, and the optimal 
number of clusters was determined using the elbow method, 
silhouette coefficients, and Davies and Bouldin32 indices.31 
Visualization was performed using t-SNE (perplexity =30, 1,000 
iterations).33 Probabilistic topic modeling employed latent 
Dirichlet allocation (LDA), with the optimal number of topics 
determined by maximization of the CV coherence score across 
k=2-12 (publications) and k=2-10 (patents).34,35 Final models: 9 
publication topics and 6 patent topics (15 passes, 400 iterations).

Innovation Divergence Quantification
The two LDA models were fitted independently on their 
respective corpora (publications, patents), each producing a topic-
term probability distribution over its own vocabulary. A common 
vocabulary was constructed (e.g., as the union or intersection 
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of terms retained after preprocessing in both corpora, or as 
the top-N TF-weighted terms per topic), and each topic’s term-
probability vector was renormalized to this vocabulary before 
computing cosine similarity, producing a 9×6 (publication-topic × 
patent-topic) similarity matrix, i.e., 54 pairwise comparisons. Topic 
labels (e.g., “procedural technique,” “electrosurgical tools”) were 
assigned by independent review of the top 15 terms per topic and 
were applied separately to the publication and patent models, 
since the two were not jointly estimated.

Cross-corpus alignment was assessed by extracting topic-term 
probability matrices from both LDA models, identifying shared 
vocabulary (typically 40-60% overlap), and computing cosine 
similarity for all publication-patent topic pairs. Topic pairs with 
similarity ≥0.5 were classified as strongly aligned; publication 
topics with maximum similarity <0.3 were designated “orphan” 
topics. The divergence score was calculated as: Divergence = 
1-(mean maximum similarity across all topics).

Classification into “strongly aligned” versus “orphan” categories 
used fixed descriptive similarity thresholds (≥0.5, <0.3) rather 
than a per-pair null-hypothesis significance test, so a Bonferroni 
correction does not directly apply to these categorical cut-offs. 
When inferential statistics (e.g., permutation-based p values) are 
also reported for any of the 54 topic-pair comparisons, a multiple-
comparison correction should be applied, and the corrected 
results should reported alongside the raw similarity values.

Temporal Dynamics
Annual time series spanning 2010-2025 were constructed for 
both corpora. Cross-correlation analysis examined lead-lag 
relationships across lags of -10 to +10 years on the detrended 
series. Granger causality testing employed a vector autoregression 
with lags of 1-3 years (α=0.05). Because the underlying series 
comprise only 16 annual observations (2010-2025), the VAR and 
Granger causality estimates are based on a sample that is too 
small for reliable inference; this constraint constitutes a major 
limitation, and the results should be interpreted as exploratory 
rather than confirmatory. Granger causality was evaluated using 
the sum of squared residuals F-test applied to the detrended 
publication and patent series for lags 1 through 3. Because this 
implementation tests each specified lag independently rather 
than selecting a single lag via an information criterion and does 
not perform an internal stationarity test or post-estimation 
residual diagnostics, no formal stationarity or residual diagnostic 
tests were conducted on the underlying series in the present 
analysis. This is acknowledged as an additional methodological 
limitation, and we recommend that a formal stationarity 
assessment and residual diagnostics be incorporated into 
future work to strengthen the reliability of causal inference. The 
effective number of observations available at each of the three 
tested lags is presented, together with 95% confidence intervals 
for the reported correlation and F-statistics.36 Compound annual 
growth rates (CAGR) were calculated for both time series.

Complication-Device Mapping
A complication taxonomy encompassing five categories (bleeding, 
perforation, stricture, infection, pain) and encompassing a device 
taxonomy (dissection knives, hemostasis devices, injection systems, 
closure devices, cautery instruments) were established. Keyword-
based classification identified mentions of complications and of 
device types in abstracts. A complication-device solution matrix 
was used to cross-tabulate these categories and reveal innovation 
gaps. Technology maturity was assessed by patent age (<5, 5-10, 
>10 years) and forward citation counts (low <5, moderate 5-10, 
high ≥10). All analyses were performed using Python 3.12 with a 
fixed random seed [42] for reproducibility. Informed consent was 
not required for this study, as it involved the bibliometric analysis 
of publicly available bibliographic data and did not include 
human participants or the collection or processing of personally 
identifiable information. This study was based exclusively on 
publicly available publication data retrieved from established 
bibliometric databases. No human participants were involved, 
and the study did not entail primary data collection or any form 
of intervention. As the data analyzed were already publicly 
accessible and did not contain identifiable personal information 
or sensitive data, institutional review board or ethics committee 
approval was not required for this bibliometric analysis.

Findings

Semantic Structure and Thematic Organization
Detailed findings regarding the semantic structure and thematic 
organization are presented in Figure 1a-d. Word2Vec clustering 
identified k=2 as the optimal number of clusters for publications 
(silhouette =0.188) and k=3 as the optimal number of clusters 
for patents (silhouette =0.157). Publication Cluster 0 (51.3%) 
emphasized procedural-technical content; Cluster 1 (48.7%) 
focused on oncological outcomes. Patent clustering demonstrated 
pronounced segregation: Cluster 0 (38.2%, mechanical 
innovations), Cluster 1 (33.5%, injection/lifting technologies), and 
Cluster 2 (28.3%, materials science/coatings). When visualized 
in the same semantic space, these clusters show minimal spatial 
overlap, providing early evidence of thematic divergence. The 
silhouette coefficients obtained for both clustering solutions 
were low (0.188 for publications; 0.157 for patents), indicating 
weak cluster separation in the Word2Vec embedding space. 
These Word2Vec + K-means clusters, therefore, provide only 
preliminary, low-confidence evidence of thematic structure and 
should be interpreted as complementary to, and subordinate to, 
the LDA topic model results, which form the basis of the main 
divergence analysis.

LDA coherence optimization identified 9 topics in publications 
(coherence =0.465, k=9) and 6 topics in patents (coherence 
=0.463, k=6). Figure 2a-d provide a comprehensive overview of 
the key topics and their associated word clouds. This dimensional 
asymmetry—nine clinical topics mapping onto six patent 
topics—represents a structural obstacle to knowledge transfer. 
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Figure 1. Cluster optimization metrics for publications (a) and patents (b); LDA topic coherence optimization curves for publications 
(c) and patents (d)

LDA: Latent Dirichlet allocation
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Publication topics spanned procedural technique (T0), patient 
outcomes (T1), cancer characteristics (T2), technique refinement 
(T3), adverse events (T4), comparative studies (T5), training/
competency (T6), anatomical applications (T7), and classification 
systems (T8). Patent topics covered: device mechanics (T0), 
electrosurgical tools (T1), material compositions (T2), injection 
systems (T3), imaging/navigation (T4), and closure/sealing (T5).

Innovation Landscape Divergence (RQ1)
The publication-patent alignment matrix quantified semantic 
similarity across all 54 possible topic pairs. Figure 3a-e provide 
a detailed overview of the innovation landscape divergence. 
No topic pair achieved strong alignment (≥0.5), and only 
two achieved moderate alignment: publication T3 (technique 
refinement) aligned with patent T1 (electrosurgical tools) at 
0.316—the maximum observed—while publication T4 (adverse 
events) aligned with patent T5 (closure devices) at 0.289. Eight of 
nine publication topics (88.9%) showed no meaningful alignment 
(score <0.3 ) with any patent topic, including patient outcomes 
(maximum 0.18), training (maximum 0.19), and classification 
systems (maximum 0.17). Reciprocally, five of the six patent 
topics (83.3%) develop independently of academic research. The 
divergence score of 0.792 [Divergence = 1-(0.316+0.289 + ... + 
0.282)/15=1-0.208] is an original metric introduced in this study 
and has not yet been validated or benchmarked against other 
studies or device domains, and is descriptively consistent with a 
substantial clinical-technical misalignment.

Temporal Innovation Dynamics (RQ3)
Figure 4a-c illustrate the temporal dynamics of innovation in 
detail. ESD publications increased from 89 (2010) to a peak of 
241 (2015) and then declined sharply (CAGR =-21.5%), reaching 
82 by 2024—a 66% reduction from the peak. In contrast, patent 
filings grew steadily (CAGR =+8.9%) from 138 (2010) to 479 
(2025) without reaching a plateau. The crossover point occurred 
in 2015; by 2025, patents outnumbered publications by 7.4:1. This 
inverse relationship persisted across all individual topics: all nine 
publication topics declined after the 2015-2018 peaks, whereas all 
six patent topics maintained robust growth through 2025.

Cross-correlation analysis revealed the strongest negative 
correlation at lag = -5 years (r=-0.949, p<0.001). Given that only 16 
annual observations underlie this analysis and that 21 lags (-10 to 
+10 years) were examined, this correlation should be interpreted 
with caution: it does not, by itself, establish that patent growth 
temporally precedes publication decline, and no correction for 
the 21 lag-wise comparisons has yet been applied. Because the 
corresponding Granger causality tests were not significant in both 
directions, this cross-correlation result is presented as a descriptive,  
hypothesis-generating association rather than evidence of a 
lead-lag causal relationship. A weak positive correlation at lag 
=+3 years (r=0.187, p=0.342) and a  near-zero contemporaneous 
correlation (r=-0.143, p=0.476) indicate that publication trends 

do not predict patent activity. Granger causality tests yielded 
nonsignificant results in both directions (patents→publications: 
F=1.83, p=0.17; publications→patents: F=1.24, p=0.31), suggesting 
a  shared response to external confounding factors rather than a  
direct causal influence.

Complication Management Technology Landscape 
(RQ2)
Figure 5a-e provide a detailed overview of the complication 
management technology landscape. The most frequently 
mentioned complications were bleeding (486, 19.7%) and 
perforation (469, 19.0%), followed by stricture (270, 10.9%), 
infection (194, 7.9%), and pain (64, 2.6%). Reported values 
reflect the number of publications in which a given complication 
keyword was detected. Publication-to-patent ratios revealed 
striking mismatches (publication mentions per corresponding 
patent; e.g., bleeding: 486 publication mentions vs. 136 patents 
≈3.6 publications per patent): bleeding 3.6:1, perforation 6.2:1, 
stricture 2.8:1, infection 2.2:1, and pain 9.1:1. Closure devices were 
most prevalent (n=508), followed by dissection knives (n=452), 
injection systems (n=423), hemostasis devices (n=222), and 
cautery instruments (n=20).

Seven innovation gaps were identified from the complication-
device solution matrix:

Gap 1-Delayed Bleeding Management (Critical): The 12 studies 
targeting delayed hemorrhage lack integration with clinical 
prediction tools that could guide prophylactic interventions.

Gap 2-Stricture Prevention in Circumferential Resection 
(Critical): Eighty-seven of 98 stricture patients focus on post-
stricture dilation rather than prevention. Tissue engineering 
approaches remain absent from the patent landscape.

Gap 3-Pain Control for Extended Procedures (Moderate-High): 
Only 7 patents address sedation monitoring without targeting 
pain sources; 64 clinical mentions produce a 9.1:1 gap ratio.

Gap 4-Submucosal Fibrosis Navigation (High): Twenty-three 
tissue characterization patents detect fibrosis but provide no 
actionable dissection solutions.

Gap 5-Perforation Risk Prediction (Moderate): Seventy-six 
patents address closure; only 8 address prediction. Integrated 
predictive models guiding real-time decision-making are absent.

Gap 6-Mucosal Defect Size Estimation (Low-Moderate): Twenty 
measurement patents lack decision-support algorithm integration.

Gap 7-Post-ESD Infection Management (Low): Despite the 
second-best ratio (2.2:1), innovations targeting specific ESD 
infection pathways remain absent.

These gaps reveal a systematic pattern: commercial innovation 
gravitates toward acute, intra-procedural, device-amenable 
problems while neglecting delayed complications, prevention 
(rather than treatment), and patient-centered endpoints.
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A technology-maturity assessment revealed that 46.7% of patents 
were recent (<5 years), 35.9% were established (5-10 years), and 
17.4% were mature (>10 years), indicating active innovation rather 
than market consolidation. Paradoxically, 74.4% demonstrated 
low citation impact (<5 forward citations), with only 16.1% 
achieving high impact (≥10 citations). High-impact patents were 
concentrated in materials science (48%), electrosurgical energy 
(31%), and mechanical innovations (21%), suggesting clinical 
impact depends more on enabling technology platforms than on 
individual device designs.

Integration and Synthesis

Three critical patterns emerge: simultaneous high divergence 
(0.792), declining publications (-21.5% CAGR), and rising patents 
(+8.9% CAGR) reveal a  fundamental disconnection, wherein 
commercial innovation proceeds independently of academic 
research—these opposite-directional trends contradict 
knowledge diffusion theory’s prediction of increasing convergence 
in mature domains. Second, even the most-studied complications 
remain inadequately addressed by technology (ratios of 3.6:1 for 

bleeding, 6.2:1 for perforation), challenging the assumption that 
market forces efficiently translate documented clinical needs into 
innovation opportunities. Third, the predominance of recent, low-
impact patents (46.7% are <5 years old; 74.4% have <5 citations) 
indicates incremental rather than disruptive advancement. 

The ESD innovation ecosystem suffers from three interconnected 
pathologies: misaligned priorities, insufficient translation, and 
high noise-to-signal ratio, which warrant strategic intervention 
rather than reliance on market forces alone.

DISCUSSION

This study provides the first comprehensive integration of 
publication and patent data to characterize the clinical and 
technical innovation landscape in ESD. The near-complete absence 
of strong alignment between publication and patent topics (zero 
pairs with >0.5 similarity among 54 combinations) provides 
empirical confirmation of the “knowledge filter”: institutional 
and informational barriers separating clinical researchers from 
industrial engineers.37,38

a

b d

c

Figure 2. Topic word clouds for publication (a) and patent topics (b), Cluster-topic distribution heatmaps for publications (c) and 
patents (d)

LDA: Latent Dirichlet allocation
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Figure 3. Within-corpus topic correlation matrices for publications (a) and patents (b), t-SNE visualization of semantic clustering for 
publications (c) and patents (d), and Publication-patent topic alignment matrix (e)

a

b

c

d

e



DEMİR et al. Research and Innovation in ESD

135

Figure 4. Temporal trends (a), individual topic evolution over time for publications (b) and patents (c)

ESD: Endoscopic submucosal dissection
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 Several mechanisms explain this divergence: a  temporal mismatch 

between publication cycles and patent-filing strategies; divergent 

incentive structures (clinical novelty vs. competitive advantage 

in device specifications); proprietary commercial development 

that renders substantial innovation invisible to the published 

literature; and a geographical concentration of ESD expertise in 

Japan during 2010-2018, resulting in parallel trajectories.13,39,40

Innovation Gaps and Knowledge Filter Mechanisms

The complication-solution matrix reveals heterogeneous 
technology availability, consistent with uneven absorptive capacity. 
For bleeding (486 publication mentions, 136 patents, 3.6:1 ratio), 
the technological emphasis on prevention rather than reactive 
management may reflect industry risk assessment, although both 
needs exist. Perforation exhibits more severe gaps (6.2:1): the 

a

b

c

e

d

Figure 5. Cross-correlation (a) and complication mentions in ESD Publications (b), patent distribution across five device categories 
(c), complication-device solution matrix (d), and technology maturity metrics (e)

ESD: Endoscopic submucosal dissection
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predominance of injection-based prevention over closure devices 
permits two interpretations: either effective knowledge transfer 
that prioritizes prevention or a failure to develop post-perforation 
repair technologies. The seven complication-device combinations 
exhibiting zero patent coverage represent a complete blockage 
of the knowledge filter. Pain management (9.1:1 ratio) represents 
the clearest gap: procedural pain remains outside the absorptive 
capacities of academic and commercial ecosystems.

Temporal Dynamics and Ecosystem Maturation
The inverse temporal relationship (r=-0.949 at -5 year lag), 
which should be interpreted cautiously given the small number 
of annual observations underlying it, contradicts conventional 
expectations. When combined with non-significant Granger 
causality (both directions p>0.05), these results suggest a shared 
response to external factors rather than a direct causal influence. 
The decline in publications following the 2015 peak may reflect 
the maturation of clinical evidence: as ESD’s efficacy became 
well-established, diminishing returns reduced incentives to 
publish while commercial pressures intensified, consistent with 
innovation lifecycle theory. Changing funding priorities, global 
diffusion dynamics, and regulatory changes represent additional 
potential drivers. The convergence of all nine publication topics 
toward near-zero activity by 2024-2025 suggests systemic factors 
rather than topic-specific dynamics.

Technology Maturity and Innovation Quality
The paradox of quantitatively active yet qualitatively incremental 
innovation (46.7% recent patents and 74.4% low-citation) is 
consistent with findings that healthcare innovation evolves 
through asynchronous, institutionally fragmented pathways. 
Technical constraints of endoscopic platforms, regulatory 
incentives favoring 510(k) clearance for substantially equivalent 
devices, and reimbursement structures that do not differentiate 
based on device sophistication collectively create a bounded 
innovation space. The concentration of high-impact patents in 
materials science (48%) rather than in mechanical innovations 
(21%) suggests that novel chemistry is a more influential approach, 
aligning with knowledge diffusion patterns where breakthrough 
innovations emerge from cross-disciplinary transfer. The 510(k) 
pathway, reimbursement structure, and cross-disciplinary transfer 
mechanisms proposed above are offered as plausible explanatory 
hypotheses consistent with the observed patterns. This study 
measures textual similarity and temporal co-variation between 
publication and patent corpora and does not directly measure 
regulatory pathway choice, reimbursement policy, technology 
adoption, or clinical benefit; therefore, these mechanisms have 
not been directly tested here and should be confirmed with 
regulatory and health-economics data in future work.

Implications for Practice and Policy
In clinical practice, the technology inventory enables evidence-
based device selection and identifies capability gaps; when 

complications lacking robust solutions—particularly delayed 
bleeding and stricture formation—clinicians should emphasize 
refinement of operator technique over device-centric approaches. 
For training programs, the 46.7% proportion of recent patents 
suggests curricula that emphasize fundamental principles over 
device-specific techniques, while the 17.4% of mature patents 
identify stable foundations for core skills. Regarding research 
funding, targeted translational investment could bridge gaps in 
stricture prevention and pain management through institutional 
mechanisms that facilitate academic-industrial knowledge 
transfer. From an innovation policy perspective, the predominance 
of incremental innovation suggests that current regulatory and 
reimbursement structures do not sufficiently incentivize high-
impact innovation, warranting coordinated action across 510(k) 
pathways and bundled reimbursement structures.

Study Limitations
Limitations include citation-based sampling, which introduces 
recency bias for 2023-2025 publications; reliance on abstracts 
rather than full-text, although prior research demonstrates 80-
90% semantic information capture; an English-language patent-
family focus that may underrepresent Japanese domestic filings, 
mitigated by Lens.org’s PCT coverage; and a 16-year temporal 
scope potentially insufficient for detecting longer innovation 
cycles. Additional limitations identified during peer review 
include: the Granger causality and vector autoregression analyses 
rest on only 16 annual observations (2010-2025), which is a very 
small sample for reliable VAR/Granger estimation; therefore, 
temporal-causal conclusions should be treated as exploratory; the 
cross-correlation analysis examined 21 lags on a 16-point series 
without a formal multiple-comparison correction; therefore, the 
lag =-5-year result requires cautious interpretation and, ideally, 
a corrected significance threshold; the “divergence score” is a 
study-specific metric that has not been externally validated or 
benchmarked against other medical device domains; complication 
and device classification relied on keyword matching whose 
precision and recall against manually coded labels has not yet 
been independently verified; this study measures textual similarity 
and temporal co-variation only, and does not directly measure 
technology adoption, clinical benefit, regulatory pathway choice 
[e.g., 510(k) status], reimbursement outcomes, or knowledge 
transfer; therefore, causal or mechanistic interpretations of the 
observed associations remain hypotheses for future testing; and 
the Word2Vec + K-means clustering solutions showed weak 
cluster separation (silhouette =0.188 for publications, 0.157 
for patents) and should be regarded as a preliminary, lower-
confidence complement to the LDA-based topic analysis rather 
than independent confirmation of it. Future directions include 
full-text analysis, author-inventor linkage, longitudinal device 
family tracking, comparative specialty analysis, patient outcome 
linkage, and geographic comparative analysis. Future work 
should include a formal validation study of the keyword-based 
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classification pipeline and, where feasible, present the annual 
publication and patent counts, topic labels and key terms, the full 
9×6 similarity matrix, complication-device cell counts, and patent 
maturity figures as supplementary tables rather than solely as 
figure panels, to improve readability and reproducibility.

CONCLUSION
This study demonstrates that clinical research and commercial 
innovation in ESD operate as parallel, largely independent 
streams. The 0.792 divergence score, zero strongly-aligned topic 
pairs, seven innovation gaps, and inverse temporal dynamics 
collectively reveal an innovation ecosystem requiring deliberate 
integration mechanisms rather than relying on market-mediated 
knowledge diffusion. The predominance of incremental innovation 
(74.4% low-impact patents), despite active filing rates (46.7% 
recent), suggests that current incentive structures favor patent 
proliferation over transformative advancement.

For stakeholders, this analysis provides actionable intelligence: 
clinicians receive evidence-based device inventories; training 
programs gain guidance on application priorities; research funders 
identify gaps for targeted investment; device manufacturers 
understand competitive landscapes and unmet needs; and 
regulators recognize where approval pathways may insufficiently 
incentivize needed innovation. The integrated publication-patent 
methodology offers a generalizable framework for innovation 
intelligence across procedure-based medical specialties. The 
path forward requires coordinated action: research funding 
mechanisms that incentivize technology evaluation; regulatory 
pathways that balance evidence requirements with innovation 
incentives; reimbursement structures that reward superior 
outcomes; and institutional models that facilitate author-inventor 
overlap.
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