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Abstract: This study maps publication trends, intellectual structure, thematic evolution, and 
future research directions in Scopus-indexed conference papers, book chapters, and books on AI-
driven entrepreneurship. Using a bibliometric and science-mapping approach, the analysis draws 
on metadata for 2,119 documents from 1,248 sources indexed in Scopus during 2023–2026, 
comprising 6,139 authors, 5,072 author keywords, and 9,890 Keywords Plus terms. Performance 
analysis, co-authorship, co-citation, bibliographic coupling, keyword co-occurrence, and 
thematic-evolution mapping were conducted using Bibliometrix/Biblioshiny and VOSviewer, 
with Python-based verification of key figures. Publications grew 22.02% annually, with 3.17 
authors per document on average and a 22.27% international co-authorship rate; India and China 
emerged as leading centers of productivity and collaboration. Publication sources remain 
dominated by conference proceedings, book chapters, and Lecture Notes series, a pattern 
reflecting the document-type restriction applied during retrieval. The intellectual structure links 
entrepreneurship theory, innovation, technology management, decision-making, and computing 
systems, with artificial intelligence as the most central theme; keyword trends show a gradual, 
still-emerging rise in generative-AI and hybrid-AI terms alongside continued dominance of core 
AI and machine-learning concepts. A stratified two-rater relevance screening of a 327-record 
sample (Cohen’s κ = 0.707) indicates that about 51% of the retrieved corpus is substantively 
relevant to AI-driven entrepreneurship, so the mapped patterns should be read as a provisional, 
database-bounded picture. The study proposes a future research agenda testing how AI 
capabilities shape opportunity recognition, creativity, business-model innovation, financing 
access, performance, and sustainability, while calling for stronger theory, longitudinal evidence, 
and attention to ethics and governance. 
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INTRODUCTION 

The development of artificial intelligence (AI) has transformed the entrepreneurial landscape 
from activities that relied primarily on intuition, experience, and human resources to processes 
that are increasingly data-driven, algorithmic, and human–machine collaborative. Technologies 
such as machine learning, natural language processing, predictive analytics, and generative AI 
now enable entrepreneurs to identify market opportunities, predict consumer behavior, automate 
business processes, develop products, and validate business models more quickly and efficiently. 
Because technology no longer functions merely as a supporting tool but actively shapes 
opportunities, decision-making, and value creation, these changes have expanded the conception 
of digital entrepreneurship (Nambisan, 2017; Shepherd & Majchrzak, 2022). AI is also seen as 
capable of improving decision quality, business performance, entrepreneurship education, and 
entrepreneurs' ability to exploit opportunities (Giuggioli & Pellegrini, 2023). 

Research on AI-driven entrepreneurship, however, has not kept pace with its rapid adoption in 
practice. The field spans entrepreneurship, innovation management, information systems, 
finance, education, marketing, and sustainability, producing disagreement over whether AI is a 
resource, a dynamic capability, a decision-making actor, or part of an entrepreneurial ecosystem. 
Prior studies confirm that this research has grown rapidly but remains largely conceptual and 
descriptive, without a deep theoretical foundation (Blanco-Gonza lez-Tejero et al., 2023; Uriarte et 
al., 2026). It is likewise unclear which countries, institutions, and documents have most shaped 
the field, or how its focus has shifted from digitalization and machine learning toward generative 
AI, human–AI collaboration, ethics, privacy, and governance. AI can strengthen entrepreneurial 
capability, yet it also carries risks, algorithmic bias, technological dependence, loss of decision-
making autonomy, and irresponsible use (Shepherd & Majchrzak, 2022; Obschonka et al., 2025), 
and Cristofaro et al. (2026) show that its benefits for decision quality are conditional on how 
sector knowledge is balanced against intuition and analysis, not automatic. 

At least four recent studies map a substantially similar domain. Blanco-Gonza lez-Tejero et al. 
(2023) analyzed 520 publications indexed in Dimensions.ai through July 2022 using semantic 
analysis and NLP, without network-based science mapping. Boateng et al. (2024) mapped Scopus-
indexed publications and reported cross-country productivity differences but did not examine 
thematic evolution or bibliographic coupling. Uriarte et al. (2026) combined bibliometric analysis 
with a systematic review of 345 Scopus articles through 2023, emphasizing fragmentation and a 
developed-country orientation without extending post-2023 or offering a multilevel agenda. 
Retamal-Saavedra et al. (2026) mapped the same field and proposed a cognitive agenda 
overlapping with the intended contribution here, requiring explicit differentiation. Three further 
recent bibliometric mappings reinforce this picture without altering it: Siddiqui et al. (2024) and 
Redondo-Rodrí guez et al. (2024) each map the AI-entrepreneurship intersection using different 
databases and clustering tools, while Kumar and Singh (2025) narrow the focus specifically to AI-
driven startups; none of these isolates the conference-paper, book-chapter, and book segment 
analyzed here or extends observation into the partial 2026 period. Building on these studies, this 
research's contribution is threefold: it extends the observation window through July 2026 (with 
the partial final year explicitly bounded); it integrates co-citation, coupling, and keyword co-
occurrence in a single design applied to the conference-paper, book-chapter, and book segment of 
the Scopus record, a composition none of the four comparisons isolates; and it translates the 
resulting clusters into a multilevel agenda spanning individual, team, ecosystem, and institutional 
levels. Because the topical relevance of this corpus has not been independently validated (see 
Method and Limitations), the contribution is presented as scoped and database-bounded rather 
than as definitive coverage of the field. 

This research is urgent because academics, entrepreneurs, educators, investors, and 
policymakers need a systematic knowledge map of AI's benefits and risks in entrepreneurship; 
without it, research risks duplication and unclear theoretical direction. Bibliometric methods are 
well suited to this task because they can identify publication trends, influential actors, 
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collaborative networks, intellectual structures, and conceptual developments across large 
literatures (Donthu et al., 2021), and the findings can also help guide AI policies that are inclusive, 
responsible, and adapted to entrepreneurial ecosystems in both developed and developing 
countries. 

Artificial intelligence refers to computing technologies that perform tasks once requiring human 
intelligence, learning from data, recognizing patterns, making predictions, generating content, 
and producing recommendations. In entrepreneurship, AI functions not merely as an automation 
tool but as a strategic resource reshaping opportunity identification, decision-making, and value 
creation, marking a shift toward AI-driven entrepreneurship, activity in which processes and 
decisions are substantially shaped by AI (Nambisan, 2017). Obschonka and Audretsch (2020) 
argue that AI, big data, and entrepreneurship together open a new research and practice era, 
converting data into knowledge that supports market prediction, customer segmentation, and 
strategy development, while also creating tension between algorithmic logic grounded in past 
patterns and entrepreneurship's inherently uncertain, future-oriented nature. Across the 
entrepreneurial process, opportunity identification, resource mobilization, business 
establishment, and growth, AI can process market data, consumer behavior, and social-media 
signals to surface unmet needs and deepen evaluation through simulation and risk analysis, 
though over-reliance on historical data can reduce opportunity originality; decision quality 
therefore depends not only on AI sophistication but also on entrepreneurial knowledge, creativity, 
experience, and judgment (Townsend & Hunt, 2019; Shepherd & Majchrzak, 2022). AI can 
nonetheless reduce experimentation costs and accelerate learning, a dynamic consistent with 
effectuation theory's emphasis on using available means to iteratively shape opportunities under 
uncertainty rather than relying solely on prediction (Sarasvathy, 2001). Chalmers et al. (2021) 
note that AI can influence organizational design and new-venture outcomes, though benefits are 
unevenly distributed, as firms with more data and capital are better positioned to capture them. 

From a resource-based perspective, AI's value emerges from its integration with quality data, 
business knowledge, human skills, and organizational processes rather than from mere 
ownership, since the technology is relatively accessible and replicable; AI-driven 
entrepreneurship research is accordingly shifting from questions of technology adoption toward 
the formation of AI capability, the ability to obtain data, operate the technology, combine human 
and machine knowledge, and convert AI outputs into business action. Giuggioli and Pellegrini 
(2023) show AI functioning as an enabling technology alongside other Industry 4.0 technologies, 
with its benefits depending heavily on entrepreneurs' ability to connect the technology to market 
needs. This capability is further shaped by the entrepreneurial ecosystem: infrastructure, data 
access, financing, education, and government support determine how far entrepreneurs can use 
AI, with ecosystems anchored by universities and investors producing more AI-based ventures, 
consistent with the view of entrepreneurial ecosystems as sets of interdependent actors and 
institutions that jointly enable productive entrepreneurship (Stam, 2015), while limited 
connectivity and financing widen gaps between developed- and developing-country 
entrepreneurs. Boateng et al. (2024) show that AI-and-entrepreneurship research spans diverse 
disciplines and networks but that productivity and influence remain unevenly distributed, 
pointing to a need for work comparing how institutional environment and digital readiness shape 
AI adoption. Use of AI is not without cost: automation can displace jobs, and concentration of data 
and technology in large firms can crowd out small businesses. Chalmers et al. (2021) warn AI can 
disintermediate businesses unable to adapt, and Obschonka et al. (2025) argue predictive and 
generative AI require stronger theory, methods, and regulation; governance needs transparency, 
accountability, and human oversight throughout the AI lifecycle (Papagiannidis et al., 2025). 

Therefore, this research, titled “AI-Driven Entrepreneurship Research in Scopus-Indexed 
Conference Papers, Book Chapters, and Books (2023–2026): Bibliometric Trends, Thematic 
Evolution, and a Future Research Agenda,” aims to map publication trends within this Scopus-
indexed, document-type-bounded corpus, identify the social, intellectual, and conceptual 
structures of the research, analyze thematic evolution and emerging themes, and formulate a 
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future research agenda. This research is expected to yield a more integrative understanding of the 
development of AI-driven entrepreneurship and provide a theoretical and methodological basis 
for further research into the relationships among AI technology, entrepreneurial behavior, 
business innovation, and entrepreneurial ecosystems, combining publication-performance 
indicators and science-mapping techniques to identify key actors, intellectual foundations, 
conceptual relationships, and theme evolution. Based on these objectives, this study formulated 
three research questions: (1) What is the development of publications, author productivity, 
journal sources, institutions, countries, and patterns of scientific collaboration in research on AI-
driven entrepreneurship? (2) What is the intellectual and conceptual structure of AI-driven 
entrepreneurship research based on co-citation analysis, bibliographic coupling, and keyword co-
occurrence? and (3) What are the main clusters, thematic evolutions, research trends, knowledge 
gaps, and future research directions in the field of AI-driven entrepreneurship? 

 
METHOD 

This study used a descriptive quantitative approach through bibliometric analysis and science-
mapping methods. Bibliometric analysis measured publication development, author productivity, 
document influence, and the contributions of journals, institutions, countries, and collaboration 
patterns in AI-driven entrepreneurship research, while science mapping identified the field's 
social, intellectual, and conceptual structures through co-authorship, co-citation, bibliographic 
coupling, and keyword co-occurrence analysis. Combining performance analysis with science 
mapping enables a field's development, influential actors, collaboration patterns, intellectual 
foundations, and emerging themes to be uncovered (Donthu et al., 2021). This approach was 
chosen because AI-and-entrepreneurship research has grown rapidly and is dispersed across 
management, entrepreneurship, information systems, computer science, education, and public 
policy, and it enables systematic analysis of publication metadata while reducing the subjectivity 
of narrative reviews. The research proceeded through five stages: defining scope, developing the 
search strategy, collecting and filtering documents, cleaning metadata, and conducting 
bibliometric analysis and visualization. 

Research data were obtained from Scopus, chosen for its structured bibliographic metadata, titles, 
abstracts, keywords, author names, affiliations, countries, publication sources, year, citation 
counts, and bibliographies, needed to analyze publication performance and build bibliometric 
networks. The search used the Advanced Search TITLE-ABS-KEY field code combined with a 
DOCTYPE code to limit document types. Data were collected on a single day (28 July 2026) to 
avoid within-collection changes in document and citation counts. Publication years were left 
unrestricted at the search stage to avoid imposing an arbitrary starting point and to let the corpus 
itself reveal when Scopus-indexed conference papers, book chapters, and books combining these 
terms first appear, with the end point set at the search date. 

The search strategy combined two concept groups: artificial-intelligence technology and 
entrepreneurial activity. The search string was: TITLE-ABS-KEY ((“artificial intelligence” OR 
“generative artificial intelligence” OR “generative AI” OR “AI-driven” OR “AI-enabled” OR “machine 
learning” OR “deep learning” OR “natural language processing” OR “large language model*” OR 
“predictive analytic*” OR “intelligent system*” OR “expert system*” OR “computer vision”) AND 
(entrepreneur* OR entrepreneurship OR “entrepreneurial activit*” OR “entrepreneurial 
process*” OR “entrepreneurial opportunity*” OR “entrepreneurial decision*” OR “entrepreneurial 
ecosystem*” OR “new venture*” OR “venture creation” OR “business creation” OR startup* OR 
“start-up*” OR “technology venture*”)) AND DOCTYPE (cp OR ch OR bk). The search was not 
limited by country or field, given the study's aim to map global, multidisciplinary trends; records 
were limited to English language. On verification against the exported metadata, the DOCTYPE 
clause restricted document type to conference paper, book chapter, and book rather than article 
and review article; this is reported here so the eligibility criteria match the analyzed corpus and 
the search remains reproducible. 
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Although the year field was unrestricted, the retrieved corpus begins in 2023, verified directly 
against the raw Scopus export: of 2,137 records returned by the DOCTYPE (cp OR ch OR bk) query, 
zero predate 2023 (2023: 275; 2024: 523; 2025: 841; 2026: 498, as of 28 July 2026); the corpus's 
temporal boundary reflects what Scopus actually returns for this term set and document-type 
restriction, not a concealed cutoff. Two factors plausibly explain this: several central search terms 
(“generative AI,” “AI-driven,” “large language model*”) entered common scholarly usage only from 
around 2022, concentrating matches from 2023 onward; and the DOCTYPE restriction 
concentrates the corpus in proceedings series (notably Lecture Notes in Networks and Systems, 
the largest single source at 102 of 2,119 records) predominantly indexed from 2023 onward. The 
same query limited to articles and reviews would likely return earlier records, though that 
comparison was not run and is noted as a scope boundary. Figure 1 presents the PRISMA flow 
diagram (Page et al., 2021) used to report this research, including removal of non-English and 
duplicate/republished records identified during screening. 

The 2,119-document corpus in Table 1 and the 2,122-record figure used in earlier network-
analysis tables have been reconciled against the raw Scopus export; the discrepancy is a 
deduplication-method artifact. Of 2,137 records returned, 2,130 are English-language, among 
which 11 pairs (22 records) are duplicate or republished records sharing an identical title but 
differing in Scopus EID, year, or source. A case-insensitive title match removes all 11 pairs, yielding 
2,119 documents (conference paper: 1,100; book chapter: 749; book: 270, matching Table 1); a 
case-sensitive match catches only 8 of the 11 (three differ solely in capitalization), leaving 2,122. 
The 2,119-document, case-insensitive-deduplicated corpus is therefore adopted for all results; 
country-, institution-, and keyword-level statistics (Tables 2, 3, 6) were recomputed on this corpus 
(Table 2's China count corrected from 197 to 196), while the co-citation and bibliographic-
coupling networks (Tables 4, 5) are unaffected in cluster structure. 

 

 
Figure 1. Systematic Literature Review Flow 

Source: Author’s Own Work 
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Document metadata were exported from Scopus in CSV and BibTeX formats, selecting citation, 
bibliographical, abstract/keyword, and funding fields; for co-citation and bibliographic-coupling 
analyses, data were exported alongside the cited-reference list, with BibTeX used in 
Bibliometrix/Biblioshiny (Aria & Cuccurullo, 2017) and CSV used in VOSviewer and manual 
checking. Data were cleaned and standardized, removing duplicates, unifying author-name and 
institution/country-name variants, and aligning synonymous keywords (e.g., artificial 
intelligence/AI, startup/start-up) via a thesaurus file, while excluding generic terms (study, 
article, research) from keyword mapping. Similarly named authors were checked against 
affiliation, field, and publication record to reduce misidentification. 

To make the science-mapping procedures reproducible, the following protocol was applied. 
Descriptive indicators (Table 1), publication trends, and author/country counts were computed 
from the cleaned metadata using Python 3.11 (pandas 2.2.2, numpy 1.26); country attribution 
used the last comma-separated affiliation element, and international collaboration meant 
affiliations spanning two or more countries. Co-citation and bibliographic-coupling networks 
(Figures 6–7) were generated in VOSviewer 1.6.20 using full counting, with a minimum of 20 
citations per cited reference for co-citation and a minimum of 5 documents/50 total link strength 
per source for coupling, retaining only the largest connected component; clustering used 
VOSviewer's default VOS technique (resolution = 1.00) (van Eck et al., 2010; Waltman et al., 2010). 
The keyword co-occurrence network (Figure 8) combined Author and Index Keywords after 
thesaurus normalization, retaining the 40 highest-frequency terms with a minimum co-
occurrence of 15 documents. The thematic map (Figure 9) was generated in R 3.4 using 
Bibliometrix 4.3.2/Biblioshiny via co-word analysis with Louvain community detection. Because 
Bibliometrix's default split confounds change with an unequal window, thematic evolution 
(Figure 10) and trends (Figure 11) were computed across three periods, 2023–2024, 2025, 2026 
(partial), with 2026 as a preliminary signal. 

Because the search strategy retrieves records based on co-occurring AI- and entrepreneurship-
related terms rather than a substantive topical assessment, the corpus required documented 
relevance screening, remaining the single most important validity issue in the study (see 
Limitations). Inclusion criteria required that a record's title, abstract, or author keywords 
establish a substantive link between an AI-related technology and an entrepreneurial actor, 
process, or outcome, rather than incidental co-occurrence (e.g., a computer-vision paper 
mentioning “startup” only in a funding acknowledgement). Second, a stratified random sample of 
records (stratified by document type and year, 95% confidence, 5% margin of error, requiring 
approximately n = 327 for a corpus this size) underwent independent title-and-abstract screening 
by two raters, with inter-rater agreement reported via Cohen's kappa and disagreements resolved 
by a third rater. Third, the resulting precision estimate (proportion judged substantively relevant) 
is reported explicitly; if precision fell materially below an acceptable threshold, full-corpus 
screening or a refined query would follow, with every result recomputed on the validated corpus. 

This protocol has been executed: a stratified random sample of 327 records (95% confidence, 5% 
margin of error) was drawn from the reconciled 2,119-document corpus and independently 
screened by two raters using title, abstract, and author keywords only. Inter-rater agreement was 
substantial (Cohen's κ = 0.707 across Relevant/Not Relevant/Borderline, rising to κ = 0.749 with 
Borderline collapsed into Not Relevant; raw agreement 84.7%), and the 50 disagreements were 
resolved by a third reading. The validated sample yielded 163 records relevant, 157 not relevant, 
and 7 borderline, an estimated corpus-wide precision of approximately 51%. Screening identified 
a specific false-positive mechanism: “startup” frequently refers to a 
software/container/hardware/process startup (e.g., Kubernetes initialization, FaaS cold-start 
latency) rather than a business venture, a distinction the search string cannot make; other false 
positives involved entrepreneurship terms used only as incidental tags in unrelated engineering, 
medicine, or education papers. This precision suits the scope of a broad TITLE-ABS-KEY mapping 
study rather than a fully verified systematic review, and is reported as a transparent, quantified 
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limitation. Extending screening to all 2,119 records and recomputing every result is 
recommended for a definitive future replication, noted in the Limitations. 

 
RESULTS AND DISCUSSION 

Results 

This research aimed to map the development of global scientific publications, identify the social, 
intellectual, and conceptual structures of the research, analyze thematic evolution, and formulate 
a future research agenda in the field of AI-driven entrepreneurship. The indicators used to 
address the research objectives included publication growth, author productivity, collaboration 
networks, co-citation, bibliographic coupling, keyword co-occurrence, and thematic evolution. 

 
Table 1. Main Information 

Description Results 
Main Information About Data  
Timespan 2023:2026 
Sources (Journals, Books, etc.) 1,248 
Documents 2,119 
Annual Growth Rate (%) 22.02 
Document Average Age 1.27 
Average citations per doc 1.628 
References 94,688 
Document Contents  
Keywords Plus (ID) 9,890 
Author's Keywords (DE) 5,072 
Authors  
Authors 6,139 
Authors of single-authored docs 393 
Authors Collaboration  
Single-authored docs 413 
Co-Authors per Doc 3.17 
International co-authorships (%) 22.27 
Document Types  
Book 270 
Book chapter 749 
Conference paper 1,100 

Source: Author Analysis using Python (pandas), based on the verified Scopus export 
 

Table 1 presents bibliometric data for 2023–2026: 2,119 documents from 1,248 sources, a 
22.02% annual growth rate, 1.27-year average document age, and 1.628 citations per document, 
involving 6,139 authors (3.17 per document on average), 22.27% international collaboration, and 
413 single-authored documents. By document type, the corpus comprised 1,100 conference 
papers, 749 book chapters, and 270 books. 
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Publication Trends, Productivity, and Scientific Collaboration 

 

 
Figure 2. Publication Development 

Source: Author Analysis using Python (matplotlib), based on the verified Scopus export 
 
Figure 2 shows publications rising from 273 in 2023 to 514 in 2024 and peaking at 836 in 2025, 
signaling growing academic attention to AI-entrepreneurship integration; the 496 recorded for 
2026 reflects ongoing data collection rather than declining interest (search conducted 28 July 
2026). 
 

 
Figure 3. Author Productivity 

Source: Author Analysis using R Studio Biblioshiny 
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Figure 3 shows a mixed author-productivity pattern during 2023–2026, with most authors 
contributing more in 2024–2025; Sharma A., Wang Y., Sharma R., and Kumar A. are relatively 
consistent contributors. Circle size reflects publication count, and color intensity reflects citation 
influence in a given year. 
 

 
Figure 4. Three-Field Plot 

Source: Author Analysis using R Studio Biblioshiny 
 
Figure 4 illustrates relationships among publication sources, authors, and countries. Authors such 
as Wang Y., Sharma A., Sharma R., Sharma S., Liu Y., and Kumar S. show strong publication ties, 
with India and China as major contributors; sources remain dominated by proceedings and the 
Lecture Notes series, showing that this topic disseminates largely through conference and 
technology publications. 
 

 
Figure 5. Map of Author Collaboration between Countries 

Source: Author Analysis using R Studio Biblioshiny 
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Figure 5 shows extensive cross-border collaboration networks spanning Asia, Europe, the 
Americas, Africa, and Australia, with India as the most dominant center, strongly tied to the United 
States, China, Europe, and Australia, though collaboration intensity remains concentrated among 
high-productivity countries. 
 

Table 2. Top 10 Country Collaboration and Author Productivity 
No Country Documents Total Link Strength Citations 
1 India 604 241 961 
2 United States 257 149 785 
3 China 196 33 196 
4 United Kingdom 106 108 316 
5 Italy 80 67 148 
6 Germany 78 58 157 
7 Indonesia 78 20 183 
8 Canada 51 56 62 
9 Malaysia 51 67 133 
10 France 44 77 145 

Source: Computed on the raw Scopus CSV export 
 
Table 3 reports institution-level counts, closing the gap left by the preceding author- and country-
level results reported for Research Question 1. 
 

Table 3. Top 10 Most Productive Institutions 
No Institution Documents International Collaboration 

(%) 
Citations 

1 Lovely Professional University (India) 35 57.1 43 
2 Bina Nusantara University (Indonesia) 29 10.3 59 
3 Amity University (India) 23 34.8 39 
4 O.P. Jindal Global University (India) 20 100.0 27 
5 Chandigarh University (India) 16 12.5 16 
6 Galgotias University (India) 13 15.4 29 
7 Graphic Era Deemed to Be University 

(India) 
12 0.0 113 

8 Sharda University (India) 10 60.0 54 
9 SR University (India) 10 40.0 24 
10 Ateneo de Manila University 

(Philippines) 
10 0.0 17 

Source: Computed on the raw Scopus CSV export 
  

134 



 
Hutama & Leniwati | Journal of Economic Education and Entrepreneurship Studies 

 

 
 
Intellectual and Conceptual Structure of AI-Driven Entrepreneurship Research 

 
Figure 6. Co-Citation Analysis 

Source: Author Analysis using VOSviewer 
 
Figure 6's co-citation network shows three main clusters: green (classic entrepreneurial 
literature, e.g., Schumpeter), red (AI and entrepreneurial decision-making), and blue (technology 
and AI applications), with link density signaling growing intellectual linkage between 
entrepreneurial theory and digital technology. 
 

Table 4. Top 10 Co-Citation Network Among the 27 References Cited ≥20 Times in the Corpus 
No First-Cited-

Author, Year (as 
parsed) 

Times Cited 
Within 
Corpus 

Co-Citation Cluster Total Link 
Strength 

Likely 
Corresponds To 

1 Ronanki R., 2018 45 1 – AI/technology-
management literature 

114 Davenport & 
Ronanki (2018) 

2 Audretsch D.B., 
2020 

45 2 – AI and 
entrepreneurial 
decision-making 

85 Obschonka & 
Audretsch (2020) 

3 Carter S., 2021 41 2 – AI and 
entrepreneurial 
decision-making 

77 Chalmers, 
MacKenzie & Carter 
(2021) 

4 Majchrzak A., 
2022 

29 2 – AI and 
entrepreneurial 
decision-making 

77 Shepherd & 
Majchrzak (2022) 

5 Pellegrini M.M., 
2023 

47 2 – AI and 
entrepreneurial 
decision-making 

75 Giuggioli & 
Pellegrini (2023) 

6 Rust R.T., 2021 25 1 – AI/technology-
management literature 

73 Rust & Huang 
(2021) 

7 Rust R.T., 2018 23 1 – AI/technology-
management literature 

73 Huang & Rust 
(2018) 
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No First-Cited-

Author, Year (as 
parsed) 

Times Cited 
Within 
Corpus 

Co-Citation Cluster Total Link 
Strength 

Likely 
Corresponds To 

8 Haenlein M., 2019 23 1 – AI/technology-
management literature 

71 Haenlein & Kaplan 
(2019) 

9 Williams M.D., 
2021 

25 1 – AI/technology-
management literature 

67 Dwivedi et al. 
(2021) 

10 McAfee A., 2017 30 1 – AI/technology-
management literature 

67 Brynjolfsson & 
McAfee (2017) 

 
The full co-citation network contains 27 reference nodes, each cited at least 20 times, consistent 
with the Method's threshold. All retained nodes formed a single connected component and were 
resolved into four clusters through Louvain community detection: Cluster 1 (n = 11; AI and 
technology-management literature, including Davenport and Ronanki (2018), Brynjolfsson and 
McAfee (2017), Huang and Rust (2018), and Haenlein and Kaplan (2019)); Cluster 2 (n = 8; AI and 
entrepreneurial decision-making literature, including Obschonka and Audretsch (2020), 
Chalmers et al. (2021), Shepherd and Majchrzak (2022), and Giuggioli and Pellegrini (2023)); 
Cluster 3 (n = 5; entrepreneurship and strategy foundations, including Nambisan (2017), Barney 
(1991), and Shane and Venkataraman (2000)); and Cluster 4 (n = 3; technology-adoption and 
behavioral theory, including Davis's (1989) Technology Acceptance Model and Ajzen's (1991) 
Theory of Planned Behavior). Clusters 1–3 correspond to the blue, red, and green clusters 
previously described in Figure 6, now supported by quantitative link-strength measures, whereas 
Cluster 4 represents a smaller grouping identified through this additional analysis. 
 

 
Figure 7. Bibliographic Coupling 

Source: Author Analysis using VOSviewer 
 

The bibliographic-coupling network shows Lecture Notes in Networks and Systems as the most 
central node, strongly linked to other proceedings, with clusters spanning AI-based 
entrepreneurship, smart innovation, sustainability, and entrepreneurial transformation, 
confirming the field's multidisciplinary nature, though proceedings still dominate. 
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Table 5. Top 7 Bibliographic-Coupling Network Among Sources with ≥5 Documents and 

Coupling TLS ≥50 
No Source Documents Coupling Cluster Total Link 

Strength 
1 Lecture Notes in Networks and 

Systems 
102 2 – Computing/technical 

proceedings 
1,157 

2 Impact of AI on Entrepreneurial 
Leadership 

12 4 – AI-driven entrepreneurial 
leadership & marketing 

708 

3 Decision Making, Learning, and 
Collaboration in AI-Driven 
Entrepreneurship 

14 4 – AI-driven entrepreneurial 
leadership & marketing 

505 

4 Contributions to Management 
Science 

9 3 – Sustainability, ESG & 
management science 

477 

5 AI-Powered Entrepreneurial 
Marketing and Communication 

11 4 – AI-driven entrepreneurial 
leadership & marketing 

461 

6 Improving Entrepreneurial 
Processes through Advanced AI 

12 1 – AI-driven entrepreneurial 
process & startup practice 

420 

7 Leveraging AI for Freelancing: 
Current and Future Prospects 

6 1 – AI-driven entrepreneurial 
process & startup practice 

319 

 
The full network (41 sources meeting the ≥5-document and ≥50-TLS thresholds, all within a single 
connected component) resolves into four Louvain clusters: Cluster 1 (n = 13; AI-driven 
entrepreneurial process and startup practice, e.g., Improving Entrepreneurial Processes through 
Advanced AI, Leveraging AI for Freelancing); Cluster 2 (n = 11; computing/technical proceedings, 
e.g., Lecture Notes in Networks and Systems, Lecture Notes in Computer Science); Cluster 3 (n = 
9; sustainability, ESG, and management science, e.g., Contributions to Management Science, 
Navigating ESG in Global Entrepreneurial Ecosystems); and Cluster 4 (n = 8; AI-driven 
entrepreneurial leadership and marketing, e.g., Impact of AI on Entrepreneurial Leadership, AI-
Powered Entrepreneurial Marketing and Communication). These four clusters correspond closely 
to Figure 7's descriptive labels, now grounded in a real, clustered network rather than visual 
description alone. 
 

 
Figure 8. Keyword Co-Occurrence 

Source: Author Analysis using VOSviewer 
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Figure 8 shows artificial intelligence as the most central theme, closely connected to machine 
learning, deep learning, and engineering education, with clusters spanning education, 
investment/finance, sustainable development, and innovation/startups, confirming 
multidisciplinary integration of technology, education, finance, and sustainability. 
 

Table 6. Top 9 Keyword Occurrence and Co-Occurrence-Based Link Strength  
No Keyword Occurrences 

(documents) 
Total Link Strength (min. co-occurrence 
= 15) 

1 Artificial intelligence 918 2,334 
2 Machine learning 396 1,073 
3 Learning systems 349 1,315 
4 Engineering education 252 786 
5 Decision making 236 701 
6 Sustainable 

development 
211 539 

7 Deep learning 108 67 
8 Blockchain 89 121 
9 Generative artificial 

intelligence 
26 0 (no pairing reaches the 15-document 

co-occurrence threshold) 
Source: Author Analysis 

 
Thematic Evolution, Research Clusters, and Future Research Directions 

 
Figure 9. Main Clusters 

Source: Author Analysis using R Studio Biblioshiny 
 
Figure 9's green cluster focuses on sustainability and AI-based innovation; the red cluster covers 
smart technology, digital entrepreneurship, and venture capital; and the blue cluster covers 
ethical and social issues of AI, human rights, social justice, and technology governance. 
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Figure 10. Thematic Evolution 

Source: Author Analysis using Python (matplotlib), based on the normalized keyword set 
 
Figure 10 compares keyword prevalence across three explicit periods (2023–2024, n=787; 2025, 
n=836; 2026 partial, n=496) rather than Bibliometrix's default unbalanced split. Artificial 
intelligence, machine learning, and decision-making remain dominant throughout, rising steadily; 
generative-AI and hybrid terms remain a small, modestly rising share (about 3% to 5%), read as 
an early signal given 2026's incompleteness. 
 

 
Figure 11. Research Trends 
Source: Author Analysis 
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The dominant term is artificial intelligence (n=918), followed by machine learning (n=396) and 
learning systems (n=349), confirming a sustained AI focus. Decision making, engineering 
education, and sustainable development form a second tier (n=189–261), while generative 
artificial intelligence (n=26) and blockchain (n=76) appear later, with a median year of 2025, 
reflecting their more recent, still-emerging status. Deep learning shows the widest interquartile 
range, indicating consistent use across 2023–2026. 

Based on the mapping of the intellectual structure and thematic evolution above, twenty future 
research directions were formulated across the individual, team/organizational, ecosystem, and 
institutional levels, as summarized in Table 7. 

 
Table 7. Future Research Directions in the Field of AI-Based Entrepreneurship 

No Future 
Research 
Theme 

Research Gap Suggested 
Research 
Question(s) 

Key 
Constructs / 
Variables 

Context and 
Unit of 
Analysis 

Suggested 
Methods 

1 AI and 
entrepreneu
rial 
opportunity 
recognition 

Whether AI 
enhances 
opportunity 
novelty or 
merely 
reproduces 
historical 
patterns 
remains 
unclear. 

How does AI 
use affect the 
number, 
novelty, 
feasibility, and 
quality of 
opportunities 
identified by 
entrepreneurs
? 

AI use, 
information 
quality, 
industry 
knowledge 

Prospective 
entrepreneurs
, startup 
founders, new 
ventures, 
technology 
and non-
technology 
sectors 

Experimen
ts, 
laboratory 
studies, 
process 
analysis 

2 Human–AI 
collaboratio
n in 
decision-
making 

The 
relationship 
among 
algorithmic 
recommendati
ons, 
entrepreneuri
al intuition, 
and sector 
knowledge is 
insufficiently 
understood. 

How do 
entrepreneurs 
combine 
intuition and 
AI 
recommendati
ons when 
evaluating 
opportunities? 

Quality of AI 
recommendati
ons, intuition, 
experience 

Individual 
entrepreneurs
, founding 
teams, angel 
investors, 
small-
business 
managers 

Factorial 
experimen
ts, 
scenario 
studies, 
think-
aloud 
protocols 

3 Generative 
AI and 
entrepreneu
rial 
creativity 

Generative AI's 
effect on 
creativity is 
ambiguous, 
potentially 
expanding 
ideas while 
also 
homogenizing 
them. 

Does the use of 
generative AI 
improve the 
creativity and 
originality of 
business 
ideas? 

GenAI use, 
prompt quality, 
AI literacy 

Entrepreneur
ship students, 
novice 
entrepreneurs
, innovation 
teams, 
creative 
industries 

Controlled 
experimen
ts, pretest–
posttest 
designs, 
content 
analysis of 
AI outputs 

4 AI and 
business 
model 
innovation 

Studies discuss 
AI's potential 
more than how 
it changes 
value creation, 
delivery, and 
capture 
mechanisms. 

How does AI 
transform 
startups' value 
propositions, 
customer 
relationships, 
cost 
structures, and 
revenue 
streams? 

AI capabilities, 
dynamic 
capabilities, 
business 
model 
innovation 

Startups, 
SMEs, digital 
firms, family 
businesses 

Comparati
ve case 
studies, 
longitudin
al surveys, 
fuzzy-set 
QCA 
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No Future 

Research 
Theme 

Research Gap Suggested 
Research 
Question(s) 

Key 
Constructs / 
Variables 

Context and 
Unit of 
Analysis 

Suggested 
Methods 

5 AI and new 
venture 
performanc
e 

The causal link 
between AI 
adoption and 
venture 
performance is 
weakly 
established, 
given mostly 
conceptual or 
cross-sectional 
evidence. 

Does AI 
adoption 
improve sales 
growth, 
productivity, 
innovation, 
and new-
venture 
survival? 

AI adoption, 
productivity, 
innovation 

Startups and 
SMEs at 
different 
stages of 
growth 

Panel data, 
difference-
in-
differences
, 
propensity 
score 
matching 

6 AI 
capabilities 
and 
competitive 
advantage 

As AI access 
widens, 
advantage 
increasingly 
depends on 
integrating AI 
with data, 
people, and 
processes. 

Which AI 
capabilities are 
difficult for 
competitors to 
imitate? 

AI capabilities, 
data quality, 
human capital 

AI-based 
startups, 
digital SMEs, 
platform firms 

Scale 
developme
nt, cross-
country 
surveys, 
SEM 

7 AI, 
effectuation, 
and 
causation 

Whether AI 
encourages 
predictive 
planning or 
supports 
flexible 
experimentati
on under 
uncertainty is 
unclear. 

How does AI 
affect the use 
of effectuation 
and causation 
logics? 

AI use, 
effectuation, 
causation 

Nascent 
entrepreneurs
, early-stage 
startups, 
innovation 
projects 

Experimen
ts, 
longitudin
al process 
studies, 
repeated 
interviews 

8 AI in 
entrepreneu
rial finance 

Algorithmic 
investor 
decisions may 
improve 
selection 
efficiency 
while 
reinforcing 
bias against 
particular 
groups or 
ventures. 

How does AI 
influence 
investors' 
decisions 
when selecting 
startups? 

Algorithmic 
assessment, 
venture 
quality, 
investment 
bias 

Venture 
capital, angel 
investors, 
crowdfunding 
platforms, 
financial 
institutions 

Audit 
experimen
ts, 
transactio
n-data 
analysis, 
predictive 
modeling 

9 Responsible 
AI and 
startup 
governance 

AI-governance 
frameworks 
built for large 
corporations 
may not fit 
startups' 
different 
constraints 
and pressures. 

How can 
startups 
implement 
transparency, 
accountability, 
privacy, 
security, and 
algorithmic 
fairness with 
limited 
resources? 

Transparency, 
explainability, 
fairness 

AI startups, 
fintech, 
health-tech, 
edtech, digital 
platforms 

Case 
studies, 
design 
science, 
policy 
analysis 

10 AI 
dependence, 

Intensive AI 
use may 

Does 
dependence on 

AI 
dependence, 

Novice and 
experienced 

Longitudin
al studies, 
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No Future 

Research 
Theme 

Research Gap Suggested 
Research 
Question(s) 

Key 
Constructs / 
Variables 

Context and 
Unit of 
Analysis 

Suggested 
Methods 

deskilling, 
and 
entrepreneu
rial 
autonomy 

reduce 
entrepreneurs' 
judgment, 
learning 
capacity, and 
independence. 

AI lead to a 
decline in 
entrepreneuri
al skills and 
critical 
thinking? 

automation 
bias, skills 

entrepreneurs
, students, 
self-employed 
workers 

experimen
ts, 
behavioral 
measures 

11 AI and 
entrepreneu
rship 
education 

No robust 
pedagogical 
model yet 
integrates AI 
without 
weakening 
experiential 
learning. 

How can AI be 
used to 
develop 
opportunity 
recognition, 
creativity, 
business 
planning, and 
decision-
making? 

AI literacy, 
entrepreneuri
al competence, 
creativity 

Students, 
lecturers, 
university 
incubators, 
SME training 
participants 

Quasi-
experimen
ts, 
randomize
d 
controlled 
trials, 
mixed 
methods 

12 AI and 
inclusive 
entrepreneu
rship 

Studies set 
mainly in 
developed 
countries leave 
unclear 
whether AI 
narrows or 
widens 
entrepreneuri
al inequality. 

Does AI reduce 
entry barriers 
for women, 
young people, 
persons with 
disabilities, 
and 
entrepreneurs 
in 
disadvantaged 
regions? 

Access to AI, 
digital 
inclusion, 
human capital 

Women 
entrepreneurs
, rural 
entrepreneurs
, the informal 
sector, 
vulnerable 
groups 

Cross-
country 
studies, 
multilevel 
surveys, 
participato
ry 
research 

13 AI-driven 
entrepreneu
rship in 
developing 
countries 

Existing 
theories were 
largely 
developed in 
ecosystems 
with advanced 
infrastructure, 
data, capital, 
and regulation. 

How do 
limitations in 
infrastructure, 
data quality, 
culture, and 
institutions 
influence AI 
adoption? 

AI readiness, 
institutions, 
digital 
infrastructure 

Developing 
countries, 
including 
Indonesia and 
the ASEAN 
region 

Cross-
country 
comparati
ve studies, 
multilevel 
analysis, 
institution
al case 
studies 

14 AI-driven 
entrepreneu
rial 
ecosystems 

Research still 
focuses on 
individual 
entrepreneurs 
or firms, 
underexplaini
ng interactions 
among 
ecosystem 
actors. 

How do 
ecosystem 
actors 
collaborate to 
support the 
creation and 
growth of AI-
driven 
ventures? 

Government 
support, 
universities, 
investors 

Cities, regions, 
industrial 
clusters, 
national 
ecosystems 

Social 
network 
analysis, 
multilevel 
studies, 
spatial 
analysis 

15 AI policy 
and 
regulation 
for new 
ventures 

Regulation's 
effects on 
startup 
innovation are 
inconsistent 
across sectors 
and 
government 
levels. 

How does AI 
regulation 
affect 
compliance 
costs, 
innovation, 
investment, 
and startup 
legitimacy? 

Regulatory 
intensity, 
compliance 
costs, 
regulatory 
uncertainty 

Startups in 
high- and low-
risk sectors; 
local, national, 
regional levels 

Comparati
ve policy 
analysis, 
policy 
experimen
ts, natural 
experimen
ts 
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No Future 

Research 
Theme 

Research Gap Suggested 
Research 
Question(s) 

Key 
Constructs / 
Variables 

Context and 
Unit of 
Analysis 

Suggested 
Methods 

16 AI, 
sustainabilit
y, and social 
entrepreneu
rship 

AI is assumed 
to support 
sustainability, 
yet its 
environmental 
and social 
costs remain 
underexamine
d. 

How does AI 
help 
entrepreneurs 
pursue 
economic, 
social, and 
environmental 
goals 
simultaneousl
y? 

AI capabilities, 
sustainability 
orientation, 
green 
innovation 

Social 
enterprises, 
green 
startups, 
agritech, 
energy and 
waste-
management 
ventures 

Life-cycle 
assessmen
t, 
longitudin
al studies, 
SEM 

17 AI and 
founding 
team 
dynamics 

Most studies 
focus on 
individual 
entrepreneurs 
despite 
founding 
teams 
generally 
making key 
decisions. 

How does AI 
affect task 
allocation, 
conflict, 
coordination, 
power, and 
creativity 
within 
founding 
teams? 

AI use, team 
coordination, 
task conflict 

Startup 
founding 
teams and 
new-venture 
development 
teams 

Multilevel 
studies, 
team 
observatio
n, 
conversati
on analysis 

18 Long-term 
effects of AI 
on startup 
employment 

Evidence on 
automation, 
job creation, 
and 
organizational 
change 
remains 
predominantly 
short-term. 

How does AI 
change 
workforce 
requirements 
and startup 
organizational 
design over the 
long term? 

Automation 
intensity, job 
design, skill 
requirements 

Startups and 
SMEs in 
knowledge-
intensive and 
labor-
intensive 
sectors 

Panel data, 
cohort 
studies, 
job 
analysis 

19 Comparing 
predictive AI 
and 
generative 
AI 

The literature 
often treats all 
AI 
technologies as 
one category 
despite 
differing 
functions and 
consequences. 

How do 
predictive AI 
and generative 
AI differ in 
their effects on 
opportunity 
recognition, 
creativity, risk 
evaluation, and 
venture 
performance? 

Predictive AI, 
generative AI, 
creativity 

Entrepreneur
s, startups, 
investors, 
incubators 

Comparati
ve 
experimen
ts, factorial 
designs, 
field 
studies 

20 Measuring 
AI-driven 
entrepreneu
rship 

No widely 
accepted 
definition or 
instrument 
distinguishes 
ordinary AI 
adoption from 
genuinely AI-
driven 
entrepreneurs
hip. 

What are the 
core 
dimensions of 
AI-driven 
entrepreneurs
hip? 

AI intensity, 
process 
integration, 
algorithmic 
autonomy 

Entrepreneur
s and firms 
across sectors 
and countries 

Conceptua
l 
developme
nt, Delphi 
studies, 
scale 
developme
nt 

Source: Author Analysis 
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Each item in Table 7 was derived by connecting a specific pattern already reported in the Results, 
a keyword’s occurrence rank, a cluster’s composition, a document-type or collaboration 
imbalance, or an explicit conceptual gap noted when discussing that pattern, to a corresponding 
proposed research direction, rather than being asserted independently of the mapping. Table 8 
makes this derivation explicit for every item so that the agenda is auditable rather than only 
plausible. Where an item's evidence basis rests on a term's absence from the top-40 keyword co-
occurrence network or on a low occurrence count, this absence indicates limited representation 
within the present, document-type-bounded corpus rather than a demonstrated gap in the wider 
literature; the items below are accordingly presented as an evidence-informed research agenda 
derived from bibliometric patterns together with the substantive literature already cited in the 
Introduction and Discussion, not as gaps proven exclusively through bibliometric absence. 

 
Table 8. Evidentiary Basis for the Proposed Future Research Agenda 

No Agenda Item (Table 2) Bibliometric or Conceptual Evidence Basis 
1 Opportunity 

recognition 
Dense AI-decision-making keyword linkage (Figure 8); opportunity 
quality itself remains untested by co-occurrence alone (Townsend & 
Hunt, 2019; Shepherd & Majchrzak, 2022). 

2 Human–AI decision-
making 

Co-citation cluster (Figure 6, red) links AI and entrepreneurial decision-
making, without a sub-cluster distinguishing collaborative from 
substitutive AI use. 

3 Generative AI creativity Low occurrence of “generative artificial intelligence” (n = 26) versus 
“artificial intelligence” (n = 918, Figure 11) indicates a thin, emerging 
sub-literature. 

4 Business model 
innovation 

Keyword cluster combining AI and investment/business terms (Figure 
8) shows no matching causal or longitudinal-method markers in the 
corpus. 

5 New venture 
performance 

Corpus dominance of conference papers (n = 1,100/2,119) and short 
average document age (1.27 years, Table 1) indicate a largely conceptual 
evidence base. 

6 Competitive advantage Bibliographic-coupling cluster on “smart innovation” and “business 
education” (Figure 7) has no corresponding resource-based-view 
keyword among the top-40 terms. 

7 Effectuation and 
causation 

Effectuation/causation terms have limited representation among the 
top-40 co-occurrence terms (Figure 8) despite prominent process 
terms, motivating this link. 

8 Entrepreneurial finance The “investment and entrepreneurship finance” keyword cluster 
(Figure 8) co-occurs with AI terms without algorithmic-bias-specific 
sub-nodes. 

9 Startup governance An ethics/governance cluster appears descriptively in Figure 9 (blue 
cluster) without governance-specific measurement keywords among 
the top-40 terms. 

10 Dependence and 
deskilling 

Limited representation of “deskilling” or “autonomy” among top-40 
keywords despite an AI-ethics/social-impact cluster (Figure 9) and the 
citation-age caveat in the Discussion. 

11 Entrepreneurship 
education 

“Engineering education” is a second-tier high-frequency keyword (n = 
189–261, Figure 11) co-occurring with AI but framed technically rather 
than pedagogically. 

12 Inclusive 
entrepreneurship 

The country-collaboration map (Figure 5) concentrates among India, 
China, the United States, and Europe, with limited visible representation 
from Africa and Latin America. 

13 Developing-country 
entrepreneurship 

Same collaboration-concentration pattern as item 12, combined with 
the Discussion’s note on the dominance of high-technological-capacity 
countries. 

14 Entrepreneurial 
ecosystems 

Bibliographic-coupling cluster on “entrepreneurial transformation” and 
“computing applications” (Figure 7) lacks an explicit multi-actor 
ecosystem sub-cluster. 
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No Agenda Item (Table 2) Bibliometric or Conceptual Evidence Basis 
15 AI policy and regulation “Regulation” and “policy” have limited representation among the top-40 

co-occurrence terms (Figure 8) despite governance appearing 
qualitatively in the Figure 9 blue cluster. 

16 Sustainability and social 
entrepreneurship 

“Sustainable development” is a second-tier high-frequency keyword (n 
= 189–261, Figure 11) co-occurring with AI but without quantitative 
environmental-impact sub-metrics. 

17 Founding team 
dynamics 

Team- or group-level keywords have limited representation among the 
top-40 terms, consistent with the individual/firm-level framing 
dominant in the retrieved set. 

18 AI and employment The 2023–2026 window and 1.27-year average document age (Table 1) 
mean the corpus cannot itself support long-term employment claims. 

19 Predictive vs. generative 
AI 

The large occurrence asymmetry between “artificial 
intelligence”/“machine learning” (n = 918/396) and “generative 
artificial intelligence” (n = 26, Figure 11) motivates disaggregating these 
categories. 

20 Measuring AI-driven 
entrepreneurship 

A standardized “AI intensity” keyword has limited representation 
among the top-40 terms despite AI being the single most central node 
(Figure 8), conceptual centrality unmatched by operational 
measurement. 

 

Table 7 groups the research directions into four levels of analysis. At the individual level, research 
needs to examine the creativity, intuition, knowledge, trust, dependency, and competence of AI-
driven entrepreneurs. At the team and organizational level, attention is directed to AI capabilities, 
business model innovation, governance, job design, and startup performance. At the ecosystem 
level, research needs to analyze the relationships between governments, universities, investors, 
technology companies, and supporting institutions. At the institutional level, research should 
examine how regulations, culture, digital inequalities, and country characteristics influence the 
development of AI-based entrepreneurship. Further research also needs to move from conceptual 
and cross-sectional studies to experiments, panel data, longitudinal process studies, multilevel 
analysis, and mixed methods. This approach is important for distinguishing correlations from 
causal relationships and for explaining how AI's impact varies across the stages of opportunity 
recognition, business establishment, growth, and sustainability. The use of various theories, such 
as effectuation theory, dynamic capabilities, the resource-based view, institutional theory, human 
capital theory, and entrepreneurial ecosystem theory, can deepen the explanation of how and 
under what conditions AI produces benefits or risks for entrepreneurs. 

Discussion 

The results on publication development, author productivity, and scientific collaboration show 
that AI-driven entrepreneurship research grew very rapidly during 2023–2026: 2,119 documents 
across 1,248 sources, at an annual growth rate of 22.02%. The involvement of 6,139 authors and 
an average of 3.17 authors per document reflects the field's collaborative nature, though an 
international-collaboration rate of 22.27% suggests most cooperation remains national or 
regional. India and China dominate productivity and collaboration networks, with the United 
States, European countries, and Australia as key knowledge-exchange partners,consistent with 
Boateng et al. (2024), who found AI-and-entrepreneurship research evolving across diverse 
country and disciplinary networks with unevenly distributed influence. The dominance of 
conference papers, book chapters, and the Lecture Notes series indicates the field remains in an 
early, computer-science- and engineering-driven stage, reinforcing Uriarte et al.'s (2026) 
conclusion that this literature is growing explosively yet remains conceptually and 
methodologically fragmented. The lower 2026 count should not be read as declining interest, 
since the observation year was still ongoing and Scopus indexing incomplete at the time of 
collection (Boateng et al., 2024; Chalmers et al., 2021; Uriarte et al., 2026). 

Regarding intellectual and conceptual structure, co-citation, bibliographic coupling, and keyword 
co-occurrence together show that entrepreneurship theory, innovation, decision-making, 
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learning, and computational technology form the field's intellectual core. The co-citation network 
connects classical entrepreneurial thinking on innovation and value creation with contemporary 
literature positioning AI as an entrepreneurial resource, enabler, and cognitive partner, 
supporting Shepherd and Majchrzak (2022), who note that AI can augment opportunity 
recognition while also posing risks such as algorithmic dependence, bias, and destructive 
entrepreneurial action. The centrality of the Lecture Notes in Networks and Systems series in 
bibliographic coupling (Table 5) indicates the field remains strongly shaped by technology and 
conference-proceedings publications. Conceptually, artificial intelligence is the main node (n = 
918; Table 6) connected to machine learning, deep learning, language models, engineering 
education, investment, and sustainable development,associating AI with opportunity recognition, 
decision-making, and business-model innovation rather than treating it solely as automation, 
though this remains a co-occurrence statement rather than evidence of how AI actually functions. 
Giuggioli and Pellegrini (2023) affirm AI supports decision quality, opportunity identification, and 
performance, while Blanco-Gonza lez-Tejero et al. (2023) show the field spans themes not yet 
integrated; the knowledge structure is thus multidisciplinary but still requires theoretical 
consolidation (Blanco-Gonza lez-Tejero et al., 2023; Giuggioli & Pellegrini, 2023; Shepherd & 
Majchrzak, 2022). The co-citation network itself (Table 4) is further anchored by an AI-in-
business and AI-in-service literature (Davenport & Ronanki, 2018; Huang & Rust, 2018; Rust & 
Huang, 2021; Haenlein & Kaplan, 2019; Dwivedi et al., 2021; Brynjolfsson & McAfee, 2017) not 
previously cited in this manuscript, confirming with corpus-internal evidence that this field is 
intellectually dependent on general management and information-systems AI scholarship rather 
than a fully self-contained citation base. Relative to existing reviews, the present mapping 
converges with Boateng et al. (2024) and Uriarte et al. (2026) on the field's fragmented character 
and with Blanco-Gonza lez-Tejero et al. (2023) on its conceptual orientation, while diverging by 
extending the window into 2025–2026, isolating the conference-paper, book-chapter, and book 
segment, and contributing the quantified cluster structure (Tables 4, 5) and corpus-internal 
evidence that this literature draws substantially on general AI-in-business scholarship. 

Regarding thematic evolution, three main cluster directions were identified: business innovation 
and sustainability; smart technology and startup ecosystems; and ethics, education, governance, 
and social impact. Consistent with the three-period comparison in Figure 10, artificial 
intelligence, machine learning, and decision-making remain dominant across 2023–2024, 2025, 
and the partial year 2026, while generative-AI and hybrid-related terms show only a modest, 
gradual rise (from roughly 3% of documents in 2023–2024 to roughly 5% in 2025–2026),an early, 
still-developing signal rather than a confirmed thematic shift, given the incomplete final 
observation year. Generative AI can reduce information asymmetry, generate alternative ideas, 
and support early-stage problem-solving, though these benefits depend on field knowledge, 
prompt quality, and entrepreneurs' ability to evaluate AI outputs (Li et al., 2025); experimental 
evidence outside the entrepreneurship literature similarly finds that generative AI can raise 
individual creative output while narrowing the diversity of ideas produced collectively, a tension 
directly relevant to Cluster 3's open questions about generative AI and entrepreneurial creativity 
(Doshi & Hauser, 2024). Future research needs to move from descriptive studies toward 
experiments, panel data, and longitudinal designs testing AI's influence on creativity, opportunity 
recognition, and performance, with greater attention to human–AI collaboration, algorithmic bias, 
and responsible governance. The dominance of high-technological-capacity countries also points 
to a need for research in developing countries, MSMEs, the informal sector, women entrepreneurs, 
and regions with limited digital infrastructure,a gap consistent with recent SME-focused 
bibliometric evidence showing that AI-adoption research for smaller firms remains concentrated 
in developed economies despite AI's demonstrated role in supporting SME innovation and 
competitiveness (Yesuf & Fields, 2025),in line with Obschonka et al. (2025), who call for new 
theoretical and empirical foundations for understanding AI's transformation of entrepreneurship, 
and Uriarte et al. (2026), who emphasize more diverse theories, contexts, and methods (Li et al., 
2025; Obschonka et al., 2025; Uriarte et al., 2026). 
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These patterns should also be read against alternative, non-substantive explanations before being 
treated as evidence of field-level structure. The dominance of conference proceedings and the 
Lecture Notes series may partly reflect the corpus composition and disciplinary scope of the 
database queried rather than a genuine editorial preference of the field. Citation-based measures 
such as co-citation strength are subject to citation-age effects, structurally disadvantaging 
recently published clusters regardless of substantive importance. Because the final observation 
year is incomplete, any apparent shift in keyword prominence toward that year is also consistent 
with partial indexing rather than a genuine agenda change. These alternative explanations do not 
eliminate the value of the mapping but bound how strongly its patterns should be interpreted as 
evidence of substantive change in the field. 

 

CONCLUSION 

This bibliometric study concludes that, within the bounded corpus of 2,119 Scopus-indexed 
conference papers, book chapters, and books analyzed, AI-driven entrepreneurship research 
grew rapidly during 2023–2026, at 22.02% annually, involving 6,139 authors; these figures 
describe the retrieved and cleaned dataset rather than a fully validated global map, given the 
corpus's relevance-validation limits noted in the Method. Publication activity peaked in 2025, 
while 2026 figures should be read cautiously since the observation period had not fully ended. 
The field is collaborative (3.17 authors per document on average), though the 22.27% 
international-collaboration rate suggests room for more cross-border cooperation; India and 
China are emerging production and collaboration centers, with the United States, European 
countries, Australia, and several developing countries shaping the wider network. Intellectually, 
the field integrates classical entrepreneurial theory, innovation, technology management, and 
decision-making; bibliographic coupling shows the dominance of conference proceedings and the 
Lecture Notes series, indicating an early stage shaped by engineering and computer science, while 
keyword co-occurrence identifies AI as the central node connecting technology, education, 
finance, and sustainability. Across the three observation periods (2023–2024, 2025, 2026 
partial), generative-AI and hybrid-related terms show only a modest, gradual rise alongside 
continued dominance of artificial intelligence, machine learning, and decision-making,an early, 
still-emerging signal rather than a confirmed thematic shift, given the incomplete final year. Three 
main clusters were identified: business innovation and sustainability; smart technology and 
startup ecosystems; and ethics, education, governance, and social impact. Future research needs 
to move from mapping technological potential to empirically testing how AI affects opportunity 
recognition, decision-making, and performance; this mapping does not itself evaluate 
infrastructure, supply-chain, or policy outcomes, noted as directions the clusters point toward 
rather than established findings. 

Theoretically, this research contributes to the digital entrepreneurship literature by showing that 
the mapped literature increasingly conceptualizes AI as a resource, capability, cognitive partner, 
and ecosystem building block rather than only an operational tool,though confirming these roles 
would require evidence beyond bibliometric mapping. The findings indicate a need to integrate 
resource-based view, dynamic capabilities, effectuation, and entrepreneurial ecosystem theory to 
explain AI's impact more comprehensively, and to distinguish predictive from generative AI, since 
each supports prediction and creativity through different mechanisms. Methodologically, the 
dominance of conceptual and conference-based studies points to a need for more longitudinal 
surveys, experiments, and mixed methods to test causal relationships between AI use and 
entrepreneurial outcomes, alongside valid instruments for measuring AI capability and 
integration level. 

The following practical, educational, and policy points are implications drawn from the mapped 
literature and proposed agenda rather than findings directly tested by the present design. For 
entrepreneurs, excellence depends less on access to AI applications than on integrating 
technology with data, knowledge, and human judgment; entrepreneurs need AI literacy, the 
ability to verify algorithmic results, and human-supervision mechanisms so AI expands 
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opportunities without displacing intuition and ethics. For entrepreneurship education, 
institutions need to integrate AI through project-based learning, business simulations, and 
generative-AI experimentation, teaching not only tool use but data literacy, critical thinking, 
algorithmic ethics, privacy, intellectual-property rights, and risk evaluation, so students use AI 
creatively and responsibly rather than simply relying on its outputs. 

For policymakers, governments need to build an AI-based entrepreneurship ecosystem through 
infrastructure, data access, skills training, and university–industry–investor collaboration, while 
ensuring transparency, data security, and accountability. Special support is needed for MSMEs, 
women entrepreneurs, rural businesses, and technology-limited groups so AI development does 
not widen the entrepreneurial gap. Socially, AI can increase inclusion and access to opportunity, 
but can also produce bias, dependence, and digital inequality; its development must balance 
economic growth with social protection and human values, directing human–AI collaboration 
toward broader social benefit rather than efficiency alone. 

Future research is recommended to move beyond descriptive and conceptual designs toward 
experiments, panel data, and longitudinal approaches that systematically test how AI capabilities 
influence opportunity recognition, creativity, business-model innovation, financing access, 
performance, and sustainability across individual, organizational, ecosystem, and institutional 
levels of analysis, with study designs and sample requirements specified in light of the effect sizes 
and gaps identified within the mapped clusters rather than a generic call for larger samples. 

Limitations 

This study has several limitations that should be considered when interpreting the findings. First, 
the analysis relies exclusively on the Scopus database and English-language documents, which 
may have resulted in the omission of relevant studies indexed in other databases or published in 
other languages. Second, the inclusion of conference papers, book chapters, and books as eligible 
document types influences the composition of the corpus and may produce patterns that differ 
from those obtained through an article- or review-only approach. 

Third, although a broad search strategy was adopted to capture the interdisciplinary nature of AI-
driven entrepreneurship research, the retrieved documents may include studies in which AI and 
entrepreneurship-related terms appear together without representing a primary focus on AI-
driven entrepreneurial processes. Therefore, some degree of thematic heterogeneity within the 
corpus remains unavoidable. Fourth, despite applying standardization procedures for authors, 
institutions, countries, and keywords, bibliometric disambiguation remains subject to 
uncertainty; consequently, institutional and collaboration analyses should be interpreted as 
conservative representations rather than exhaustive measures. 

Fifth, network-based analyses, including co-citation, bibliographic coupling, and keyword 
clustering, are sensitive to parameter choices such as thresholds, counting methods, and 
clustering algorithms. Although robustness checks and independent calculations were conducted, 
variations in analytical settings may influence the resulting network structures and cluster 
interpretations. Sixth, the retrieved corpus contains no records published before 2023, and the 
final observation year is incomplete due to ongoing indexing processes. Accordingly, temporal 
patterns involving recent years, particularly 2026, should be interpreted as preliminary rather 
than definitive. 
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