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Abstract 

This study aims to review and analyze the latest 

scientific breakthroughs in Generative artificial 

intelligence (Gen-AI) published in information system 

(IS) journals. The goal is to consolidate and organize 

the collective knowledge of Gen-AI in IS. We adopted 

a scoping review approach and complemented it with 

bibliometric analyses. We selected 55 articles from a 

collection of scholarly publications from several 

databases covering 2018 to 2024. Results reveal 

significant trends regarding the scientific production, 

the influential publications and articles, the study 

areas and their interconnections, the bibliographic 

coupling, the methodologies, and the theoretical 

foundations employed. This comprehensive analysis 

foresees a productive area of study on Gen-AI in IS as 

it established the basis for identifying key 

contributions and gaps and generating novel ideas for 

further exploration. 

Keywords: Generative AI, information systems, 

scoping review, bibliometric analysis, PRISMA. 

1. Introduction  

Generative AI (Gen-AI) has gained widespread 

attention due to its ability to create new content across 

various formats, including text, images, audio, and 

video (Tlili et al., 2023). Unlike traditional AI 

systems, which follow predefined rules, Gen-AI can 

generate novel content by leveraging advanced models 

like Generative Adversarial Networks (GANs), 

Generative Pretrained Transformers (GPT), and 

Generative Diffusion Models (Sorin & Pagani, 2023). 

Gen-AI has been democratized thanks to generative 

chatbots that can replicate human interactions by 

producing text or speech that sounds human (Sarraf et 

al., 2024). Tools like ChatGPT, which rely on large 

language models (LLMs), have popularized Gen-AI, 

with ChatGPT, reaching 100 million users by January 

2023 (Lo, 2023). The rapid adoption of Gen-AI has 

sparked interest across fields such as education 

(Fraiwan & Khasawneh, 2023), healthcare (J. Li et al., 

2024), and management (Korzynski et al., 2023). 

While many studies have explored the technological 

aspects of Gen-AI, less is known about its presence in 

reputable information systems (IS) journals. 

Therefore, we aim to address this gap by conducting a 

scoping review and bibliometric analysis to map the 

cumulative knowledge of Gen-AI in IS, providing a 

comprehensive overview of trends, methodologies, 

and theoretical frameworks. The two guiding research 

questions are: 

RQ 1. What are the leading publication trends on 

Gen-AI in the IS-selected journals? 

RQ 2. What are the methodological approaches and 

the theoretical frameworks employed in Gen-AI 

research within the IS-selected journals? 

We are confident that the combination of the 

bibliometric analysis and the scoping method is well-

suited for making substantial progress in a rapidly 

expanding field of research. This study is the first to 

address bibliometric performance indicators and 

content information related to Gen-AI research within 

IS journals. By examining the intellectual structure 

and identifying emerging trends, we hope to offer 

researchers a clear understanding of the accumulated 

knowledge and inspire new research directions. 

Recent literature reviews on the use of Gen-AI are 

exceedingly constricted in terms of Gen-AI 

technologies studied and application areas. For 

instance, Baber et al. (2024) conducted a systematic 

and bibliometric review on the use of ChatGPT, with 

most of the findings pertaining to the field of 

education. A scoping review and bibliometric analysis 

were conducted by Wu et al. (2024) to evaluate the 

applicability of ChatGPT to the field of medicine. Our 

research is broader in scope, covering multiple 

technologies and disciplines within Gen-AI, and 

offering structured insights into IS research activities. 

By examining the intellectual structure and emerging 

trends, this study provides an overview of 

accumulated knowledge in the IS field, helping to 
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identify research gaps and generate new ideas to 

advance the discipline (Donthu et al., 2021).  

2. Background 

Gen-AI is a term used to describe "computational 

techniques capable of generating seemingly new, 

meaningful content such as text, images, or audio from 

training data." (Feuerriegel et al., 2024). Unlike 

conventional AI systems, Gen-AI are characterized by 

their generalist and accessible nature (Cantens, 2023). 

It gained prominence in the mid-2010s with the 

introduction of Generative Adversarial Networks 

(GANs) by Goodfellow et al. (2014). Subsequent 

advancements were marked by the development of 

OpenAI’s Transformer models, particularly the GPT 

series, which began with GPT-2 in 2018 and evolved 

with GPT-3 and GPT-4 (Radford et al., 2019). These 

series have dramatically improved the capability of AI 

to generate text, making significant strides in natural 

language processing and content generation (Baber et 

al., 2024).  

The developments in Gen-AI have been facilitated by 

substantial enhancements in memory, storage, and 

computational capacities (Cantens, 2023). These 

capacities allow AI models to incorporate extremely 

large numbers of nodes, enabling more complex and 

nuanced content generation across various formats, 

including text, audio, video, images, and software 

code (Ayinde et al., 2023). Gen-AI leverages data to 

train models that can identify and replicate patterns, 

generate responses, answer questions, and perform 

tasks such as text summarization, enhancement, and 

creative writing (Cantens, 2023). 

Gen-AI differs from traditional machine learning 

methods in three ways (Hatzius et al., 2023): its broad 

applicability, its capacity to generate novel content, 

and its user-friendly interfaces that facilitate natural 

interactions without requiring technical expertise 

(Cantens, 2023). Applications like ChatGPT can 

engage in human-like conversations and generate 

creative content across various topics  (Baidoo-Anu & 

O. Ansah, 2023). However, this accessibility presents 

challenges, including ethical concerns (e.g., bias, 

misuse), technical issues (e.g., hallucinations, data 

quality), regulatory matters (e.g., copyright, 

governance), and economic impacts (e.g., labor 

market disruption) (Fui-Hoon Nah et al., 2023). 

3. Methodology 

We adopted a scoping review strategy guided by 

the Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses (PRISMA) protocol (Moher, 

2009) and supplemented by a bibliometric analysis 

methodology. Scoping reviews aim to identify and 

map the existing knowledge on a specific issue by 

determining its extent and coverage rather than depth. 

They provide a distinct measure of the amount of the 

research and either a comprehensive or a broad 

overview of their focus. Unlike systematic literature 

reviews, scoping reviews are appropriate for early-

stage research fields, offering a rapid exploration to 

guide future more rigorous reviews  (Munn et al., 

2018; Paré et al., 2015). Despite their exploratory 

nature, scoping reviews require a well-defined 

research process to ensure transparency, repeatability, 

and reliability (Munn et al., 2018). 

Bibliometric analysis is a meta-analytical and 

quantitative method used to analyze and map the 

existing literature in a specific field or research area 

(Echchakoui, 2020). It offers valuable insights into the 

current state of scientific research within specific 

domains or fields, aiding researchers in uncovering 

emerging trends and patterns among scholars (Ullah et 

al., 2022). Bibliometric analysis involves applying 

statistical techniques to publications, citations, and 

other bibliographic data to identify patterns, trends, 

and relationships within the literature (Donthu et al., 

2021). It comprises two major "building blocks" (Lim 

& Kumar, 2024). The first is "performance analysis," 

which evaluates the productivity (i.e., number of 

publications) and impact (i.e., citation counts) of 

various contributors, including authors, countries, and 

subject areas, within the field. The second is "science 

mapping," which identifies key themes (e.g., AI, 

marketing) and specific topics (e.g., organizational 

management, healthcare). Science mapping also 

highlights significant trends, such as the evolution of 

topics, and identifies gaps in the research, including 

unexplored or underexplored areas. Bibliometric 

analysis requires substantial database (DB) data, 

robust algorithms, and analysis techniques. 

Combining these two research methods provides a 

more complete picture of the subject's scope and 

complexity. Scoping reviews identify the main topics 

of recent research, providing a global and synthesized 

picture of literature "content." By evaluating 

publication metadata (the "container") to identify 

models, trends, and publishing relationships, 

bibliometric analysis may measure and illustrate these 

themes' research's impact on the scientific community. 

The integration of these two approaches yields insights 

into both research questions and avenues for published 

work and collaborative efforts. 

3.1. Data sources 
In this study, we targeted Web of Sciences (WOS), 

Scopus, ScienceDirect, and AIS E-Library databases. 

These DB were selected for their comprehensive 

coverage and credibility. WOS and Scopus were 

recommended in bibliometric analyses by Caputo & 

Kargina (2022) and Echchakoui (2020), due to their 
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complementary coverage. Since Scopus access via 

Publish or Perish is limited, ScienceDirect was added 

to ensure broader journal availability. We also 

included AIS E-Library to capture all AIS and SIG-

recommended journals. We acknowledge the broader 

history of Gen-AI research, with early discussions 

dating back to the 1980s when approaches like 

Boltzmann Machines were first proposed (Ackley et 

al., 1985). Later, foundational techniques such as 

GANs, introduced by Goodfellow et al. (2014), 

emerged enabling the generation of images, videos, 

and other data types, significantly shaping the field. A 

pivotal moment occurred however in 2018 with 

advancements in GANs and the introduction of models 

like GPT, which spurred significant scholarly attention 

and practical applications within the IS discipline 

(Brown et al., 2020; Radford et al., 2019; Veres, 

2022). We have therefore chosen the period from 

January 1st, 2018, to March 31st, 2024, for our analysis. 

We followed the steps suggested by Ullah et al. (2022) 

to collect, clean, and merge data. 

3.2. Search strategy 
We developed our search queries using a list of 

keywords based on our study objectives and expertise 

(e.g., generative artificial intelligence, generative AI, 

Gen-AI). We expanded this list by adding keywords 

suggested by the DBs (e.g., blenderbot, generative 

pretrained transformer, Gemini AI). To further 

broaden our coverage, we randomly selected 10% of 

the papers from our preliminary searches and extracted 

additional keywords from their titles, abstracts, and 

keywords1. Our focus was on a curated list of IS 

journals established by the AIS2, including eleven (11) 

premier journals and forty-five (45) journals 

recommended by AIS SIGs. 

3.3. Inclusion and exclusion criteria 
We selected publications that met the criteria 

mentioned in Table 1, following the PRISMA 

protocol. The filtering was conducted during the title 

and abstract screening, and full-text review steps. For 

instance, articles that, despite containing the required 

search terms, did not primarily focus on the Gen-AI 

topic were eliminated. Moreover, we have excluded 

the technological and technical papers as these 

typically concentrate on technical development and 

place minimal emphasis on the social, economic, and 

managerial factors associated with Gen-AI. Two 

authors conducted the abstract and completed paper 

screenings independently following the PRISMA 

protocol (Paré et al., 2015). A third author was 

responsible for achieving consensus to resolve areas of 

disagreement. 

 
1 See Supplementary material 1: List of keywords and query 

combinations. 

Table 1. Inclusion and exclusion criteria 

Criteria Inclusion Exclusion 

Duplication One publication from 

one selected DB is 
taken 

All publications with 

the same title and/or 
DOI are excluded 

Timeline Published between 

January 2018 and 
March 2024  

Published before 

January 2018 

Language Written in English Not written in 

English 

Papers type Journal articles and 
reviews 

 

 
Peer-reviewed 

Preprints, editorials, 
book chapters, 

comments, and 

opinion papers 
Not peer-reviewed 

Publication A basket of eleven 

journals and journals 
recommended by the 

AIS SIGs 

Not included in the IS 

senior journals list 

Relevance Addressing Gen-AI as 

the primary research 
aim 

Gen-AI is not the 

main topic 

Methodology Empirical/conceptual/ 

review 

Technological or 

technical 

3.4. Data extraction 
During the data-collection phase, most descriptive 

articles' data was automatically gathered, particularly 

from DBs like WOS. The metadata encompasses 

elements such as titles, authors, publication dates, 

journal names, abstracts, keywords, and citation data. 

Manual metadata extraction was required for DBs that 

did not support automated extraction (e.g. Publish and 

Perish tool). These metadata have been utilized for 

bibliometric analysis. Additional data was manually 

extracted during the full-text review for the scoping 

review. This information concerns the methodologies 

employed in each study and the theoretical 

frameworks they applied.  

3.5. Data analysis 
For the bibliometric phase, we conducted a series 

of data analytics to derive meaningful insights from 

the collected data. The analysis was divided into two 

phases: performance analysis and science mapping 

(Donthu et al., 2021). We used the RStudio's packages 

for the performance analysis and the VOSviewer for 

the science mapping. These tools allow the creation of 

networks that illustrate the landscape of Gen-AI 

research in IS. For the scoping review, we performed 

a qualitative analysis based on the typology of Wirtz 

et al. (2021) for the methodologies and Dwivedi et al., 

(2012) for the IS theories. 

4. Findings 

As illustrated in Figure 1, the initial search results 

produced 439 records. After removing the duplicates, 

we screened 413 papers based on their titles, abstracts, 

2 AIS, 2023: Senior Scholars' List of Premier Journals. 

https://aisnet.org/page/SeniorScholarListofPremierJournals 
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and full text. Three hundred fifty-eight (358) papers 

did not meet the inclusion criteria, resulting in the 

incorporation of 55 papers for extraction and analysis3. 

The Covidence software was employed for the 

screening, with each stage of the PRISMA protocol 

customized in a double-masked manner (i.e., title, 

abstract, and full-text screenings). The first subsection 

addresses the first research question: "What are the 

main publication trends on Gen-AI in the selected 

journals?". The second subsection addresses the 

research question: "What methodological approaches 

and theoretical frameworks are employed in Gen-AI 

research within the IS-selected journals?". 

 

Figure 1. PRISMA flowchart 

4.1. Publication trends 
We carried out bibliometric analyses, including 

performance analysis and science mapping. 

Performance analysis enables to track the evolution of 

scientific production and identify the most influential 

publications and articles. Science mapping focuses on 

analyzing the distribution of fields of study, their 

relationships, and the bibliographic coupling. 

4.1.1. Scientific production over time 

Figure 2 illustrates the evolution of the number of 

articles published on a quarterly basis. It indicates a 

substantial increase in Gen-AI research within the IS 

discipline. The publication rate was initially modest, 

with only one article each of the first and fourth 

quarters of 2021. This trend continued in 2022, with 

low publication counts in the first and third quarters. 

This finding denotes that research on Gen-AI was still 

emerging and largely exploratory in the IS field (Köbis 

& Mossink, 2021; J. Li et al., 2021; O’Leary, 2022). 

There was a substantial increase in the number of 

articles, reaching thirty (30) in 2023. The first quarter 

of 2023 saw a slight increase with two (2) publications, 

followed by a substantial rise to six (6) and eight (8) 

publications in the second and third quarters, 

respectively. The upward trend continued, peaking at 

 
3 See Supplementary material 2: AIS’s list of IS journals and 

the result of their search in the targeted databases. 

fourteen (14) publications in the fourth quarter of 

2023. 

 

Figure 2. Scientific production of the selected 
articles by years and quarters 

These findings could underscore the increasing 

recognition and interest in Gen-AI within the IS 

research field, probably due to the broader 

accessibility of these tools. The momentum persists 

into 2024, with 21 articles published as of July 2024. 

Notably, the first quarter of 2024 saw the peak of this 

trend, with seventeen (17) articles published, marking 

the highest quarterly count in the observed period. 

However, we observe a decline in the second (3 

articles) and third (one article) quarters of 2024. This 

decline misrepresents reality because the data for these 

quarters were collected as of March 31, 2024, date 

when some publications are still pending owing to 

article revision and journal editing delay. Considering 

the length of review and publication timelines for 

journal papers, and assuming the trend persists, we 

anticipate that the number of articles produced will 

increase throughout the remainder of 2024 and 

beyond, suggesting a growing interest and 

stabilization in this field. 

4.1.2. Most relevant sources 

The number of Gen-AI-related articles and the 

citation indices of each journal were counted. As 

shown in Figure 3, eighteen (18) articles were 

published in the "Journal of Medical Internet 

Research." This medical journal is followed by 

another in the same field with six (6) articles ("Journal 

of the American Medical Informatics Association"). 

Fourth place, with four (4) articles, goes to another 

medical journal ("International Journal of Medical 

Informatics"). However, it is preceded and followed 

by publications in information technologies and 

systems. The journal "Expert Systems with 

Applications" is ranked third, publishing five (5) 

papers. The journals "IEEE Intelligent Systems" and 

"Technological Forecasting and Social Change" are 
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tied for fifth place, with each journal publishing three 

(3) articles. Another medical journal, "BMC Medical 

Informatics and Decision Making," occupies the 

seventh position, bringing the percentage of articles 

published in the four (4) medical journals to 54.54%. 

This last medical journal occupies the same rank as 

"Communications of the ACM" and "Computers in 

Human Behavior," each holding two (2) articles. The 

tenth place goes to the remaining journals in the 

sample, with one (1) article for each. Table 2 shows 

the total number of citations (TC) for the top eight 

most cited journals according to the Web of Science 

DB, their H-index, and the number of articles they 

published in Gen-AI. 

 

Figure 3.Top 10 journals by number of articles 

The H-index (Hirsh index) of a publication 

corresponds to the number of papers (H) that have 

received at least H citations each (Hirsch, 2005). For 

instance, a researcher or a publication with an H-index 

of 5 has published five (5) papers, each of which has 

been cited at least five (5) times. Table 2 shows that 

the "Journal of Medical Internet Research" stands out 

with the highest H-index (5), indicating a significant 

impact and productivity with 98 citations across 18 

publications since 2022. The "Journal of the American 

Medical Informatics Association" follows, with a 

notable H-index (3), accumulating 55 citations from 

six publications, starting in 2021. The journal 

"Computers in Human Behavior" has a low H-index 

(one) with 64 citations from just two publications 

since 2021, highlighting its substantial influence 

relative to its output. The high number of citations for 

a low number of articles in these three journals led us 

to investigate the most frequently cited articles in each 

journal. We discovered that each journal contained a 

single article, the number of which partially explains 

the high number of citations. Májovský et al. (2023) 

received 31 citations in the "Journal of Medical 

Internet Research", Köbis & Mossink (2021) received 

64 citations in "Computers in Human Behavior", and 

Liu et al. (2023) received 40 citations in the "Journal 

of the American Medical Informatics Association". 

 

 

Table 2. Top 8 journals by the citation indices 

Journal TC H-index Publications 

count 

Journal of Medical Internet Research 98 5 18 

Computers in Human Behavior 64 1 2 

Journal of the American Medical 
Informatics Association 

55 3 6 

IEEE Intelligent Systems 11 2 3 

International Journal of Medical 

Informatics 

9 2 4 

Expert Systems with Applications 7 1 5 

Communications of the ACM 6 1 2 

First Monday 3 1 1 

These articles, which appear to hold a significant 

position in the scientific literature on Gen-AI in the IS 

field, employ a quantitative empirical research 

strategy that evaluates the performance, efficacy, and 

results of Gen-AI tools. Considering the number of 

Gen-AI-related articles they published, the remaining 

five journals in the "Journal of the American Medical 

Informatics Association" follows, with a notable H-

index (3), accumulating 55 citations from six 

publications, starting in 2021. The journal "Computers 

in Human Behavior" has a low H-index (one) with 64 

citations from just two publications since 2021, 

highlighting its substantial influence relative to its 

output. Table 2 exhibits modest TC values. However, 

it would be unwise to draw any conclusions 

prematurely, as their less recent articles were 

published in 2023. Time will reveal the extent of their 

influence on the Gen-AI literature. 

4.1.3. Identified research areas 

We classified our sample's papers according to 

their respective research areas, provided by the WOS’s 

data, as illustrated in Table 3. The healthcare & 

medical informatics group has the highest number of 

studies (30 papers), suggesting a substantial interest 

and application of Gen-AI technologies in the medical 

and healthcare sectors. This result illustrates the IS 

research community's substantial emphasis and 

attention on applying Gen-AI in healthcare-related 

domains. The computing and communication 

technology are close second (24 papers), which 

indicates researchers' interest in studying the 

application of Gen-AI in industry fields such as 

telecommunications, engineering, and computing. 

Despite considerable interest in applying Gen-AI to 

business operations and management, the business and 

management sector is less extensively studied (9 

articles) than the first two areas. This suggests new 

opportunities for research in business process 

optimization, strategic management, and decision-

making with Gen-AI. The information science 

representation (8 papers) indicates a moderate level of 

engagement with Gen-AI in the administration and 

organization of information resources, a critical 
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component of effective knowledge management. 

Lastly, two papers represent the psychology area, 

which suggests a limited investigation of Gen-AI in 

psychological research and applications but could 

indicate potential areas of research.  

Table 3. Repartition of the research areas 

Research Area Number of papers 

Healthcare & medical informatics 30 

Computing & communication 
technology 

24 

Business & management 9 

Information science 8 

Psychology 2 

We observed that many papers are associated with 

multiple research domains, which could indicate the 

studies' interdisciplinary nature, underscoring the 

convergence of diverse disciplines in Gen-AI research. 

The computing & communication technologies field 

interacts with all other fields, as illustrated in Figure 4.  

 

Figure 4. Research areas chord diagram 

These findings suggest that Gen-AI research, 

regardless of its application field, necessitates the 

expertise of collaborators in computing and 

communication technologies. Consequently, 

researchers in the field of IS have numerous 

opportunities to collaborate with their counterparts in 

other disciplines, including healthcare & medical 

informatics (e.g., for medical diagnostics), business & 

management (to enhance business processes, decision-

making, and management strategies), information 

science (for data management and organization), and 

psychology (e.g., to understand human behavior, 

mental health, and cognitive processes). However, the 

absence of interaction among the other fields, except 

for collaborations between healthcare & medical 

informatics and information science, suggests there is 

room for potential interesting collaborations (e.g., 

information science with business & management and 

psychology). 

4.1.4. Bibliographic coupling 

Bibliographic coupling involves linking 

documents that cite the same references, which helps 

identifying theme clusters of related research (X. Li et 

al., 2022). It operates on the assumption that two 

publications sharing the same references are also 

similar in content and in theme (Donthu et al., 2021). 

A network was constructed at the level of citing 

references for each paper of the sample. The size of 

each node corresponds to the number of citations 

accumulated by the article, meaning that larger nodes 

indicate more frequently cited articles. The edges are 

weighted and represent the links between articles (i.e., 

represented by the nodes), with each link’s weight 

reflecting the number of references two articles share. 

In the constructed network, publications were divided 

into "thematic clusters" based on shared references. 

Each cluster represents a theme and/or an area of 

research within the broader field of Gen-AI in IS. The 

clustering was performed using the Louvain 

algorithm, which is effective for detecting 

communities in large networks by maximizing 

modularity. We set the documents as the analysis unit. 

As our sample is not large, we considered articles with 

a minimum of ten (10) citations in the literature pool 

and three (3) as the minimum cluster size (i.e. edges 

threshold), which resulted in four (4) clusters. Figure 

5 shows the network of the four main clusters denoting 

the relative importance of each article and the common 

interest of authors citing it.  

 

Figure 5. Bibliographic coupling network 

The first cluster refers to applying and evaluating 

ChatGPT and other generative AI models in medical 

and healthcare contexts. For instance, Giannakopoulos 

et al. (2023) examined the effectiveness of ChatGPT 

in supporting evidence-based practices in dentistry. 

Other studies addressed user trust and explored the 

strengths and limitations of ChatGPT in the medical 

literature (Choudhury & Shamszare, 2023; Gödde et 

al., 2023). The core of the second cluster is the 

application and impact of generative AI models, such 

as ChatGPT, in educational and technological 

contexts. Authors investigated the challenges and 

strategies of AI applications in education (Ali et al., 

2024), compared ChatGPT's responses to traditional 

natural language processing methods (Amin et al., 

2023a), and evaluated the potential of Gen-AI in 

affective computing (Amin et al., 2023b) and IS 

education (Van Slyke et al., 2023). The studies in the 

third cluster look at the implications of Gen-AI in 
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legal, clinical, and communication contexts. Most 

authors focused on the role of Gen-AI as a 

communicative tool in healthcare (J. Li et al., 2021; 

Schmälzle & Wilcox, 2022) and legislation (Kreps & 

Jakesch, 2023). The authors also explored the ethical 

challenges of Gen-AI in academic integrity (Howell & 

Potgieter, 2023) and its use for creativity (Köbis & 

Mossink, 2021). The fourth cluster focused again on 

the application of ChatGPT and Gen-AI in the 

healthcare context, especially for medical diagnoses 

(Kuroiwa et al., 2023), clinical decision-making (Liu 

et al., 2023), healthcare training (Hu et al., 2023), and 

medical research (Májovský et al., 2023). 

4.2. Methodological approaches and 

theoretical frameworks 
For the scoping review, we compiled a 

comprehensive inventory of each paper's research 

methodologies and corresponding theoretical 

frameworks4. To identify the methodological 

approaches, we used categories adapted from Denyer 

& Tranfield (2009), Wirtz et al. (2021), and Salzmann 

et al. (2005). We retained the empirical, conceptual, 

and review methodological categories. Empirical 

studies provide insights based on actual data using 

quantitative, qualitative, and mixed methods (Bem, 

1987). Quantitative analysis methods include 

structural equation modeling, regression analysis, 

factorial and cluster analysis, and descriptive and 

comparative analysis (Wirtz et al., 2021). Qualitative 

methods include case studies, interview-based 

research, and content analysis (Wirtz et al., 2021). 

Studies combining quantitative and qualitative 

methods belong to the mixed methods category. 

Conceptual studies describe new interrelationships 

deductively, developing logical and complete 

arguments about these relations (Jaakkola, 2020). The 

review category refers to studies that synthesize the 

current state of research concerning a specific concept 

or field. We used the typology of  Paré et al. (2015) to 

classify the review types. 

We noted that three (3) articles conducted 

literature reviews: two (2) scoping (Ali et al., 2024; 

Bragazzi et al., 2023) and one (1) systematic (Gödde 

et al., 2023). Four (4) articles were conceptual (Denny 

et al., 2024; Ferrara, 2023; Shanahan, 2024; Van Slyke 

et al., 2023). Forty-eight (48) articles utilized 

empirical research methodologies, and thirty-five (35) 

out of them focused on evaluating the performance, 

the results, and the use of Gen-AI. From these thirty-

five (35) articles, twenty-five (25) were published in 

medical journals. Most of the empirical articles 

experimented Gen-AI tools. For instance, Guo et al., 

 
4 See Supplementary material 3: List of papers with their 

methodological approaches and theoretical frameworks. 

(2024) assessed the efficacy of GPT identification of 

titles and abstracts from actual clinical examination 

datasets by comparing its results to two independent 

human reviewers. Parameters like such as accuracy, 

macro-F1 score, sensitivity, inter-rater variability, and 

prevalence were calculated and interpreted. Other 

empirical articles employed traditional qualitative, 

quantitative, or mixed methods. Five (5) articles 

adopted the structural equation modeling (SEM) 

technique (Boubker, 2024; Choudhury & Shamszare, 

2023; Hu et al., 2023; Saif et al., 2024; Sarraf et al., 

2024). Three (3) articles used regression analysis 

(Kreps & Jakesch, 2023; Moravec et al., 2024; Rao et 

al., 2023). One (1) article was interview-based 

research (Baabdullah, 2024). Four (4) articles 

employed design science research either from a 

quantitative perspective (Roy et al., 2024; Schmälzle 

& Wilcox, 2022) or a qualitative one (Du et al., 2024; 

Llanes-Jurado et al., 2024). A single article combined 

fuzzy-set qualitative comparative analysis and SEM 

(Sarraf et al., 2024). This article is the sole publication 

in a journal belonging to senior IS journals. The 

limited quantity of articles published in the 

compilation of eleven AIS journals can be ascribed to 

the extended duration of the review process, in 

contrast to our sample’s medical publications. 

Our sample shows that thirteen (13) papers were 

grounded in theoretical frameworks, five (5) of them 

published in medical journals. We can deduce that 

only 16% of publications in medical journals were 

based on theoretical frameworks (5 articles out of 30), 

while the percentage doubles to 32% of articles 

published in other journals (8 articles out of 25). 

According to Dwivedi et al. (2012), four frameworks 

are linked to the IS domain. These frameworks include 

the Information Quality Model  (Baabdullah, 2024), 

the Information System Success Model (ISSM) 

(Boubker, 2024; Sarraf et al., 2024), the Technology 

Acceptance Model (TAM) (Boubker, 2024; Saif et al., 

2024), and the Cognitive Absorption Theory (Sarraf et 

al., 2024). The other articles that used theoretical 

frameworks borrowed them from other fields like the 

Big Five personality traits theory (Amin et al., 2023a, 

2023b), the Expressive therapies continuum (Ferrara, 

2023), the SWOT (Strengths, Weaknesses, 

Opportunities, and Threats) framework (Gödde et al., 

2023), the Human phenotype ontology (Gozalo-

Brizuela & Garrido-Merchan, 2023), the Bloom's 

taxonomy (Herrmann-Werner et al., 2024), the 

Kirkpatrick model (Hu et al., 2023), and the Linguistic 

inquiry and word count (O’Leary, 2022). The limited 

application of theoretical frameworks in studying the 
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utilization of Gen-AI, especially from IS, creates 

opportunities for potential research directions. 

5. Discussion 

Our findings show a significant rise in Gen-AI 

publications over time, with a peak in the fourth 

quarter of 2023, about a year after ChatGPT's 

widespread use. This trend continued in early 2024 

with 17 publications, indicating growing interest in the 

field. Over half of these publications are from health 

and medical journals, reflecting the prominence of 

"Healthcare & Medical Informatics" in our sample, a 

trend also supported by Baber et al. (2024). found that 

'Medical and surgery' was a leading keyword among 

researchers studying ChatGPT from 2022 to 2023. 

Similarly, Wu et al. (2024) identified 247 articles on 

ChatGPT's medical applications published between 

November 2022 and August 2023. These findings 

suggest a growing focus on applying Gen-AI in health 

and medicine, suggesting it is a promising research 

area. This insight can help PhD students and IS 

researchers choose their topics. However, there 

appears to be less emphasis on areas like “Information 

sciences” and “Business and management”, offering 

opportunities for new researchers to explore untapped 

areas of Gen-AI in IS. The number of Gen-AI articles 

and their citation impact highlighted three (3) key 

studies (i.e., Májovský et al., 2023; Köbis & Mossink, 

2021; Liu et al., 2023), which used quantitative 

empirical methods to evaluate Gen-AI tools. This 

aligns with our scoping review, where most articles 

(35 out of 55) focused on assessing the performance, 

outcomes, and applications of Gen-AI.  

Moreover, one of the four theme clusters from our 

bibliographic coupling focused on the ethical 

challenges of Gen-AI and academic integrity. This 

suggests that a key concern in IS research remains the 

reliability of Gen-AI tools, given their lack of 

technological maturity. The study of Wu et al (2023) 

corroborates this finding, , noting that algorithmic and 

information ethics are major concerns in Gen-AI 

research in medicine. The adoption of these systems is 

hindered by risks of inaccurate data and user distrust. 

Given the ongoing ethical challenges, research in this 

area remains valuable. The scoping review highlights 

a lack of theoretical diversity and methodological 

approaches in Gen-AI research, offering many 

opportunities for further exploration in IS. While our 

strict article exclusion criteria may be seen as a 

limitation, it was necessary to focus on significant 

trends within the most influential AIS-recommended 

journals. Our findings indicate potential directions for 

future research in these journals. Expanding the 

sample to include other journals and conference papers 

would likely yield different results, appealing to an 

audience seeking prompt feedback to guide future 

work 

6. Conclusion 

The widespread adoption of Gen-AI tools has 

brought challenges for organizations and society, 

sparking scholarly interest and a rise in publications. 

However, there is still limited knowledge on Gen-AI 

research in top IS journals, particularly those in the 

AIS catalog. This study aimed to map and consolidate 

the understanding of Gen-AI within IS. Following the 

PRISMA protocol (Moher, 2009), We used a scoping 

review approach, complemented by bibliometric 

analysis. This included performance analysis to track 

scientific output and key publications, and science 

mapping to examine study areas, their relationships, 

and bibliographic coupling (Donthu et al., 2021). We 

conducted a qualitative analysis in the scoping review 

to identify methodologies and theoretical foundations. 

Our findings show that while healthcare dominates 

Gen-AI research, there is a growing interest in this 

topic within the IS field. Additionally, there is 

significant potential to implement various research 

methodologies and theoretical foundations. 

This study is the first to examine bibliometric 

performance and content related to Gen-AI research in 

IS journals. It provides a detailed and comprehensive 

analysis of IS scholars' efforts to explore various 

aspects of Gen-AI. Its results lay the groundwork for 

identifying research gaps and offering new ideas for 

further exploration (Donthu et al., 2021). These 

foundations could help advance the field in new and 

impactful ways. 

The main limitation of this study is the restricted 

sample size. Future research can address this issue by 

giving sufficient time to publish other IS articles or by 

including sample articles from the most prestigious 

scientific conferences organized by the AIS.  
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