
Information Systems Frontiers
https://doi.org/10.1007/s10796-025-10636-9

Jussupow et al., 2022). With an ever-increasing integration 
into daily lives, ethical considerations gain importance, as 
scandals involving AI systems highlight substantial risks 
associated with using AI systems (e.g., Gal et al., 2022; 
Sunyaev et al., 2025; Zemčík, 2021). Notable examples 

1  Introduction

AI systems have recently witnessed a rise in diffusion across 
various applications, including smart digital assistants and 
medical systems (Adam et al., 2023; Feuerriegel et al., 2024; 
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Abstract
Artificial intelligence (AI) systems, particularly generative AI systems, present numerous opportunities for organizations 
and society. As AI systems become more powerful, ensuring their safe and ethical use necessitates accountability, requir-
ing actors to explain and justify any unintended behavior and outcomes. Recognizing the significance of accountability 
for AI systems, research from various research disciplines, including information systems (IS), has started investigating 
the topic. However, accountability for AI systems appears ambiguous across multiple research disciplines. Therefore, we 
conduct a bibliometric analysis with 5,809 publications to aggregate and synthesize existing research to better understand 
accountability for AI systems. Our analysis distinguishes IS research, defined by the Web of Science “Computer Science, 
Information Systems” category, from related non-IS disciplines. This differentiation highlights IS research’s unique socio-
technical contribution while ensuring and integrating insights from across the broader academic landscape on accountabil-
ity for AI systems. Building on these findings, we derive research propositions to lead future research on accountability 
for AI systems. Finally, we apply these research propositions to the context of generative AI systems and derive a research 
agenda to guide future research on this emerging topic.
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of AI-induced scandals include racial biases in healthcare, 
gender biases in recruitment processes, and unlawful arrests 
due to inaccurate facial recognition (Dastin, 2022; Hill, 
2023; Obermeyer et al., 2019). More recently, next-genera-
tion AI systems, such as systems building on generative AI, 
have brought new challenges, including the reinforcement 
of social biases through harmful recommendations (Gupta 
et al., 2022; Wan et al., 2023; Zemčík, 2021) and malicious 
use cases like the creation of deepfakes and the spread of 
misinformation (Ferrara, 2024). Given the constantly evolv-
ing capabilities and risks of such AI systems, accountability 
has emerged as a foundational principle of AI governance 
(Novelli et al., 2023; Papagiannidis et al., 2025).

Accountability has been studied for many years in vari-
ous research disciplines and in different contexts (Hall et al., 
2017). However, this appearance has already led to differ-
ent understandings of accountability (i.e., the obligation to 
explain and justify one’s behavior to others; Bovens, 2007, 
making it difficult to reach a common understanding (e.g., 
Kim et al., 2020; Moss, 2023; Wieringa, 2023). For instance, 
in a political context, accountability relates to responsibility, 
control, responsiveness, and dialogue, whereas, in a medi-
cal context, it relates to a means of ensuring job autonomy 
(e.g., Batey & Lewis, 1982; Mulgan, 2000). This difference 
in interpretation of accountability leads to conceptual ambi-
guity, making it difficult to understand, transfer, and apply 
findings from different disciplines.

While initial conceptual studies have attempted to reduce 
the ambiguity surrounding accountability, in particular for 
AI systems, by offering definitions and frameworks (e.g., 
Horneber & Laumer, 2023; Novelli et al., 2023; Wier-
inga, 2020), these studies remain largely theoretical. They 
typically draw on a limited corpus of literature and do not 
systematically engage with the broader body of existing 
research on accountability. In contrast to related areas, such 
as the study of AI systems (Collins et al., 2021), no com-
prehensive, literature-based understanding of accountability 
for AI systems currently exists. This lack of understanding 
represents a critical gap, given the growing importance of 
accountability in light of legal regulation (Council of the 
European Union, 2024), organizational AI governance 
efforts (IBM, 2022; Microsoft Corporation, 2022), and 
academic calls for more responsible AI systems (Ågerfalk 
et al., 2021; Mikalef et al., 2025). To address this gap, we 
conduct a bibliometric analysis to systematically aggregate 
and synthesize the fragmented knowledge on accountabil-
ity for AI systems (Donthu et al., 2021). Such an overview 
is essential to guide future research and help IS research-
ers navigate accountability’s complex and multi-faceted 
nature, especially as it relates to emerging AI developments 
such as generative AI systems. In doing so, we differenti-
ate between research published within the IS discipline and 

what we define as non-IS research. IS research is primar-
ily characterized by its socio-technical orientation, empha-
sizing the interplay between algorithmic systems, human 
actors, and organizational contexts in shaping accountabil-
ity for AI systems (e.g., Marabelli & Newell, 2023; Sarker 
et al., 2019). Our study makes a clear operational distinc-
tion to situate this perspective within the broader scientific 
discourse. We define IS research as publications classified 
within the Computer Science, Information Systems category 
of Web of Science. Consequently, non-IS research encom-
passes the publications on accountability for AI systems 
from other disciplines captured by our search. This com-
parative approach enables us to identify blind spots, shared 
concerns, and discipline-specific strengths, thereby inform-
ing future research directions. Thus, we ask the following 
research questions (RQ):

RQ1: What can IS research learn from non-IS research 
on accountability for AI systems?

RQ2: Where does future research on accountability 
for AI systems need to go?

To answer these research questions, we conducted a bib-
liometric analysis, including aggregation and synthesis of 
5,809 publications. When answering our first RQ, we distin-
guished IS from non-IS research disciplines to identify com-
monalities and differences, thereby revealing three distinct 
patterns regarding the influence of non-IS research on IS 
research: First, we observed that IS research often builds on 
findings from other disciplines rather than drawing on prior 
work within the IS discipline itself, resulting in a strong 
reliance on external findings and limited intra-disciplinary 
referencing. Second, IS research views accountability for AI 
systems as a virtue, contrasting with non-IS perspectives, 
which predominantly view it as a governance mechanism. 
Third, while common ground exists in core ethical consider-
ations, IS research is carving out specialized thematic paths 
that differ from the broad focus of non-IS research.

Based on these observations, we derived three research 
propositions for future research to answer our second RQ. 
Furthermore, the generalized insights we identified pro-
vide a valuable foundation for addressing accountability 
in emerging AI developments, such as generative AI sys-
tems. By contextualizing our results within the domain of 
these next-generation AI systems, we illustrate how broader 
accountability considerations can be meaningfully applied 
to this rapidly evolving and increasingly influential class of 
AI technologies. Therefore, we conclude our study by spot-
lighting generative AI systems, outlining specific directions 
for future research on their accountability challenges. In 
doing so, we derive a research agenda to offer guidance for 
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researchers and practitioners navigating the accountability 
demands associated with their AI initiatives.

2  Theoretical Background

2.1  Conceptual Understanding of Accountability

Accountability describes a relationship between an actor 
and a forum in which the actor must justify their behav-
ior to the forum (Bovens, 2007). The forum may question 
the reasons behind actors’ behaviors, so actors need to pro-
vide information to justify and explain themselves (Bovens, 
2007; Lerner & Tetlock, 1999). For instance, in AI devel-
opment, accountability translates to a relationship between 
developers, who assume the role of actors by developing an 
AI system, and managers, who take the role of a forum. In 
this relationship, developers (i.e., the actors) must provide 
managers (i.e., the forum) with justifications and explana-
tions for development decisions. Accountability further 
enables the forum to impose consequences on actors (i.e., 
sanctions or rewards), including firing or monetary compen-
sation (Bovens, 2007; Wieringa, 2020).

As a construct, accountability can refer to a virtue or 
governance mechanism (e.g., Bovens, 2010; Novelli et al., 
2023). When referred to as a virtue, accountability describes 
the positive attitude of individuals toward being responsive 
to their behaviors (Bovens, 2010). This positive attitude 
toward being responsive makes individuals more likely to 
follow and integrate guidelines or rules into their behavior 
to prevent harm pre-emptively (Beu & Buckley, 2001; Mar-
tin, 2019; Novelli et al., 2023). In contrast, accountability 
as a governance mechanism suggests a more formal and 
normative approach (Bovens, 2010). It follows the goals of 
reporting and enforcement by ensuring justifications from 
actors to forums and providing forums legitimacy to sanc-
tion or reward actors (Dubnick, 2005; Novelli et al., 2023).

These two understandings of accountability align with 
the handling of accountability as being either proactive (i.e., 
acting before an event occurs) or reactive (i.e., acting after 
an event occurs) (Novelli et al., 2023). Proactive account-
ability requires actors to carefully think about behaving in 
an acceptable and desired manner beforehand. Conversely, 
reactive accountability requires forums to provide guide-
lines or rules that actors need to follow and justify them-
selves when they have not followed them (Novelli et al., 
2023). Due to these two distinct understandings, account-
ability as a construct becomes applicable to diverse contexts 
and situations to investigate and understand stakeholders’ 
behavior (e.g., Beu & Buckley, 2001; Hall et al., 2017; Wie-
ringa, 2023).

2.2  Accountability Across Different Research 
Disciplines

Since the conceptual understanding of accountability is 
broad, accountability faces different uses, depending on 
the context and research discipline, leading to diverging 
understandings (e.g., Batey & Lewis, 1982; Mulgan, 2000; 
Stafford & Stapleton, 2022). For instance, accountability 
in a political context follows the objectives of responsibil-
ity, control, responsiveness, and dialogue of actors against 
public authorities acting as forums (Bovens, 2007; Mulgan, 
2000). Here, accountability predominantly acts as a crucial 
governance mechanism as it guides and controls individuals 
to behave in the public’s interest, thus preventing their inter-
ests from being placed above the public’s (Mulgan, 2000). 
In the case of failure to comply with the public’s interest, an 
actor would face threats of sanctions to ensure and enforce 
desired behavior (Armstrong, 2005; Bovens, 2007).

In a medical context, accountability helps to guarantee 
job autonomy and creates, for instance, a direct assignment 
between healthcare professionals and patients (Batey & 
Lewis, 1982; Emanuel & Emanuel, 1996). Here, account-
ability aims to ensure that healthcare professionals are 
equipped with job autonomy to help patients but do not 
abuse this autonomy and always act in the interest of 
patients (Checkland et al., 2004). Thus, accountability moti-
vates healthcare professionals to behave ethically and mor-
ally to foster trust in healthcare professionals (Checkland et 
al., 2004).

IS research usually views accountability in an algorithmic 
context, referring to it as “the obligation to explain and jus-
tify their use, design, and decisions of/concerning the [algo-
rithmic] system and the subsequent effects of that conduct” 
(Wieringa, 2020, p. 10). Therefore, algorithmic accountabil-
ity describes a socio-technical relationship between algo-
rithmic systems and their stakeholders, such as developers 
and users, in which the stakeholders are held accountable 
for the algorithmic systems (Wieringa, 2020). This attribu-
tion of algorithmic accountability toward the stakeholders 
of an algorithm is crucial since algorithms cannot serve as 
moral actors and, therefore, cannot be held accountable for 
their actions and decisions (Cooper et al., 2022).

2.3  Accountability for AI Systems

As accountability for AI systems is becoming increasingly 
important (e.g., French & Shim, 2024; Li & Goel, 2024; 
Novelli et al., 2023), this paper centers around accountabil-
ity for AI systems. Therefore, we first define AI systems by 
drawing on previous IS research and understand AI systems 
as algorithmic systems that draw on the three interdependent 
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al., 2024). In this light, practice recognizes the potential of 
accountability for AI systems and becomes part of novel 
regulations (e.g., European AI Act; Council of the Euro-
pean Union, 2024) and ethical guidelines (e.g., IBM, 2022; 
Microsoft Corporation, 2022; Pichai, 2018).

Despite the apparent potential of accountability for AI 
systems to mitigate risks, significant challenges exist across 
practice and research. For instance, practice often struggles 
with clearly attributing accountability, which faces chal-
lenges, such as the many hands problem. Future AI devel-
opments, such as generative AI systems, amplify these 
challenges even more by incorporating more stakehold-
ers (i.e., more hands) and transforming bugs into systemic 
challenges (Xia et al., 2024). On the other hand, research 
currently struggles with conceptual ambiguity surround-
ing accountability for AI systems. One reason for concep-
tual ambiguity is that accountability for AI systems appears 
across many disciplines, such as law, computer science, and 
social science, with different interpretations. This difference 
in interpretation becomes problematic for inherently mul-
tifaceted disciplines, such as IS, which faces difficulty in 
transferring findings emerging from other disciplines.

Confronted with similar challenges regarding conceptual 
ambiguity, related research has started developing defini-
tions and conceptual frameworks to combat such conceptual 
ambiguity (e.g., Aleksovska et al., 2019; Hall et al., 2017; 
Nguyen et al., 2024; Wieringa, 2020). While these studies 
have provided valuable depth and nuanced understanding 
by thoroughly discussing a select number of publications, 
they mainly relied on interpreting a limited set of papers. 
Consequently, they may not fully capture the breadth of 
the discourse or the diverse perspectives across various 
disciplines engaging with accountability for AI systems. 
Therefore, the existing body of work requires a broader 
quantitative overview that aggregates and synthesizes the 
rapidly expanding research landscape on accountability for 
AI systems. Such a broad quantitative approach would com-
plement existing insights from in-depth qualitative reviews 
by providing a systematic map of the field and identifying 
key research clusters and emerging trends. This approach 
is especially salient given the rapid advancement of AI 
systems, especially generative AI systems, which intro-
duce new complexities to accountability. A comprehensive, 
quantitative synthesis, such as that offered by a bibliomet-
ric analysis (Donthu et al., 2021), helps to categorize exist-
ing knowledge, identify under-explored areas, and provide 
robust guidance for future research on accountability for AI 
systems. Therefore, the transparency provided by a biblio-
metric analysis enables future research to better navigate 
the complexities of accountability for AI systems by build-
ing upon the collective knowledge across disciplines and 
addressing neglected perspectives.

facets of autonomy, learning, and inscrutability (Berente et 
al., 2021). Autonomy refers to the ability of AI systems to 
act independently, often with limited or no human oversight. 
It implies that humans cannot or partially intervene in AI 
systems’ autonomous decisions (Berente et al., 2021; Cit-
ron & Pasquale, 2014). Learning describes the capacity of 
AI systems to iteratively improve themselves by process-
ing and integrating new data (Berente et al., 2021; Berger 
et al., 2021). Finally, inscrutability highlights AI systems’ 
inherent complexity, often making their internal operations 
incomprehensible to humans. Consequently, while humans 
may understand the theoretical concepts of AI systems, the 
reasons behind particular outputs and behaviors frequently 
remain unclear (Berente et al., 2021). Based on these three 
facets, AI systems attempt to “perform cognitive functions 
that we associate with human minds, such as perceiving, 
reasoning, learning, interacting with the environment, prob-
lem-solving, decision-making, and even demonstrating cre-
ativity” (Rai et al., 2019, p. iii).

The combination of autonomy, learning, and inscrutabil-
ity makes AI systems powerful tools, leading to widespread 
adoption across organizations and society (e.g., Adam et 
al., 2023; Jussupow et al., 2022). However, the same char-
acteristics contribute to AI systems’ potential to produce 
unexpected outcomes, sometimes resulting in significant 
user harm (Gal et al., 2022; Hill, 2023). For example, con-
temporary AI systems have frequently exhibited racial or 
gender bias when providing recommendations (Gupta et al., 
2022; Wan et al., 2023). Moreover, generative AI systems 
introduce further risks of harm, such as deepfakes or misin-
formation (Ferrara, 2024), amplifying existing societal and 
ethical challenges when utilizing AI systems.

In response to these growing challenges, researchers, 
practitioners, and policymakers have emphasized the neces-
sity of establishing AI governance mechanisms. Employing 
accountability for the design, development, use, and further 
impacts of AI systems to mitigate risks and address harm 
has emerged as a cornerstone in such AI governance (High-
Level Expert Group on AI, 2019; Thiebes et al., 2021). In 
the context of AI systems, accountability typically requires 
stakeholders (e.g., developers, organizations) to explain and 
justify the outcomes and behaviors of their AI systems to 
affected parties (e.g., users, regulators, the public) (Horne-
ber & Laumer, 2023; Wieringa, 2020). Therefore, account-
ability for AI systems often involves transparency (Vössing 
et al., 2022) or auditability measures (Li & Goel, 2024), 
ensuring more conscious and responsible behavior through-
out the AI lifecycle. For instance, developers might be more 
inclined to adhere to ethical guidelines and act conserva-
tively and compliantly (e.g., Bartsch et al., 2024; Novelli 
et al., 2023). Indeed, users of AI systems hold themselves 
accountable even though the AI systems have failed (Du et 
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reference information. The search yielded a total of 5,809 
relevant publications. To check the search string’s validity 
and the extracted data’s relevance, we manually reviewed 
a random subset of 300 publications. This manual review 
confirmed the publications’ relevance to accountability 
for AI systems. Thereafter, we divided the retrieved pub-
lications into two distinct datasets. We operationalized our 
classification using the Web of Science subject categories 
to distinguish between research inside and outside the IS 
discipline. Specifically, we leveraged the Web of Science 
category Computer Science, Information Systems to identify 
the core body of IS literature. For our analysis, we define IS 
research as any publication classified within this category. 
This category is curated by Web of Science to group jour-
nals focusing on socio-technical topics on the intersection 
of algorithmic systems, human actors, and organizations. It 
encompasses many of the leading outlets in the IS research, 
including the European Journal of Information Systems, 
Decision Support Systems, Information Systems Frontiers, 
and Business & Information Systems Engineering, which 
aligns with the socio-technical perspective central to the 
IS discipline (e.g., Marabelli & Newell, 2023; Sarker et 
al., 2019). Correspondingly, we define non-IS research as 
all other publications retrieved by our search query that are 
not classified under the Computer Science, Information Sys-
tems category. In our dataset, this non-IS corpus primarily 
comprises publications without a socio-technical focus from 
disciplines such as general computer science (e.g., Nature 
Machine Intelligence), law (e.g., Computer Law & Security 
Review), and medicine (e.g., Journal of Medical Internet 
Research). This operational distinction allows us to system-
atically compare the discourse on AI accountability within 
the IS discipline against the broader landscape of contrib-
uting fields, revealing unique insights, shared concerns, 
and potential research gaps. The final IS research dataset 
encompassed 684 publications, and the non-IS research 
dataset encompassed 5,125 publications, allowing us to 
contrast non-IS with IS research. The list of publications 
can be found in our online appendix (see ​h​t​t​p​​s​:​/​​/​o​s​f​​.​i​​o​/​3​​6​e​7​
x​​/​f​i​​l​e​s​​/​o​s​f​s​t​o​r​a​g​e).

After identifying and extracting our dataset, we prepared 
the data for analysis by applying preprocessing steps to the 
publication abstracts. In line with established bibliometric 
practices (e.g., Donthu et al., 2021; Kahdan et al., 2022), the 
abstracts were divided into lemmatized tokens, converted 
to lowercase, and stripped of stop words, punctuation, and 
numbers. This preprocessing allowed us to access and ana-
lyze each token individually and in relation to others. We 
implemented the preprocessing pipeline using Python and 
the natural language processing library spaCy. Follow-
ing this step, we conducted a bibliometric analysis that 
distinguished between contributions from IS and non-IS 

3  Methodology

To address our first research question, we conducted a bib-
liometric analysis to systematically review and synthesize 
existing research on accountability for AI systems. Based on 
the insights gained, we developed implications and research 
propositions to inform future research on AI systems, 
thereby addressing our second research question. Our study 
followed an established multi-step bibliometric research 
process (Donthu et al., 2021; Fosso Wamba & Queiroz, 
2023; Kahdan et al., 2022), which included the selection 
of trustworthy and leading databases with relevant publi-
cations, the development of a structured and transparent 
search protocol, and the subsequent analysis of the retrieved 
literature guided by key sub-questions (SQs). We selected 
Web of Science as our primary database due to its exten-
sive coverage of peer-reviewed journals and conference 
proceedings with high quality in our fields of interest. To 
construct our search string, we first identified key concep-
tual terms related to accountability, including accountabil-
ity itself as well as commonly associated constructs such 
as responsiveness (Durante, 2013; Mulgan, 2000; Painter-
Morland, 2006), auditability (High-Level Expert Group on 
AI, 2019; Naja et al., 2022; Sanderson et al., 2023), and 
liability (Bovens, 2007; Giesen & Kristen, 2014; Jobin et 
al., 2019). These terms were then combined with two sets 
of AI-related keywords. The first subset included technical 
terms reflecting core AI methods such as machine learning, 
supervised learning, unsupervised learning, reinforcement 
learning, deep learning, and neural networks. The second 
subset focused on application-level terms, including gener-
ative AI, generative model, large language model, and foun-
dation model (e.g., Fosso Wamba & Queiroz, 2023; Kahdan 
et al., 2022). The final search string used in our study was 
as follows:

(“accountab*” OR “responsive*” OR “liab*” OR 
“auditability”) AND (“AI” OR “artificial intelli-
gence” OR “machine learning” OR “neural network” 
OR “deep learning” OR “reinforcement learning” 
OR “supervised learning” OR “unsupervised learn-
ing” OR “generative AI” OR “generative artificial 
intelligence” OR “genAI” OR “generative model*” 
OR “large language model*” OR “LLM*” OR “foun-
dation model*”)

We used this search string to identify relevant peer-reviewed 
conferences and journal publications (query date: May 
8, 2025). In particular, we first collected titles, abstracts, 
and keywords from English-written publications until 
May 2025. Next, we extracted these publications, includ-
ing metadata, ranging from geographic origin to detailed 
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on datasets from non-IS and IS research, we can identify 
related words to the semantic meaning of accountability for 
AI systems to highlight and understand differences in the 
meaning of accountability for AI systems in each research 
discipline. Therefore, this analysis enhances transparency in 
understanding the semantic meaning of accountability for 
AI systems.

Third, by computing co-occurrence patterns, we 
answered what topics research on accountability for AI 
systems addresses (SQ3). We adopted an established binary 
counting approach and leveraged the VOSViewer software 
to extract and visualize thematic clusters (van Eck & Walt-
man, 2018). This analysis reveals the structure of key terms 
within the discourse, highlighting thematic focuses and their 
connections. By identifying specific topics and their interre-
lations, we can better understand the current discourse on 
accountability for AI systems. Furthermore, this analysis 
helps detect blind spots, particularly when comparing non-
IS and IS research, offering valuable insights and guiding 
future research on accountability for AI systems.

4  Results

4.1  Dependency Analysis – Which Research 
Disciplines

To answer SQ1, we investigated the cross-disciplinary cita-
tion patterns for research on accountability for AI systems, 
tracing references back to their originating fields (Table 1). 
Our analysis reveals that besides IS research, key contribu-
tions emerge from computer science, engineering, natural 
sciences, and medicine. Many of these disciplines exhibit 
strong self-reliance, indicated by high diagonal values. For 
instance, medicine cites its publications in 55% of cases, 
natural science in 45%, business in 40%, politics in 35%, 
engineering in 29%, and computer science in 28% (see 
diagonals in Table 1). While these disciplines also engage in 
mutual referencing, their primary focus often remains inter-
nal (e.g., psychology cites medicine in 35% of their refer-
ences, while medicine cites psychology only in 6%).

In contrast, IS research on accountability for AI sys-
tems shows comparably low self-citation (9%). Instead, 
IS research heavily relies on external findings, drawing 
references from other disciplines, including computer sci-
ence (25%), medicine (17%), engineering (13%), and nat-
ural sciences (11%). This extensive referencing of non-IS 
publications indicates a strong dependency of IS research 
in this area on concepts and findings from other research 
disciplines. Conversely, the influence of IS research is cur-
rently limited, as non-IS disciplines do not extensively cite 

research. This comparative approach enabled us to identify 
both shared and divergent patterns, providing a basis for IS 
research to reflect on and learn from developments in other 
disciplines. To guide our analysis, we translated our over-
arching research question into three SQs, drawing on previ-
ous bibliometric analyses in the IS discipline (e.g., Fosso 
Wamba & Queiroz, 2023; Kahdan et al., 2022; Latino et al., 
2022; Sahoo et al., 2022; Schöbel et al., 2023). The SQs are 
as follows.

SQ1: Which research disciplines influence the 
research on accountability for AI systems?

SQ2: What concepts are associated with accountabil-
ity for AI systems?

SQ3: What topics does research on accountability for 
AI systems address?

Our bibliometric analysis used diverse data analysis meth-
odologies to answer the SQs, ranging from descriptive anal-
yses to Word2Vec word embeddings (Mikolov et al., 2013). 
First, we explored which research disciplines influence the 
discourse on accountability for AI systems (SQ1). Here, we 
used the references of each publication and clustered them 
by their research discipline using their Web of Science cat-
egories. With these references, we created a color-coded 
table indicating referencing patterns. This analysis allows 
us to untangle the reliance on references from different 
disciplines and highlight the dependencies between them. 
Additionally, this analysis enables us to capture and under-
stand whether IS research has formed and established its 
understanding of accountability for AI systems or whether 
it predominantly depends on non-IS research.

Second, to answer the question of what concepts are 
associated with accountability for AI systems (SQ2), we 
employed Word2Vec word embeddings, transforming 31,738 
lemmatized tokens from both datasets into word embed-
dings with vector length |−→v |= 300 (Mikolov et al., 2013). 
We used the t-distributed stochastic neighbor embedding 
representation from the scikit-learn library to simplify the 
analysis. This analysis allows us to put each token into rela-
tion and assign each token an individual meaning. We can 
subsequently objectify the relations between different terms 
used in the literature on accountability for AI systems and 
capture their meaning in the discourse on accountability for 
AI systems. Thus, word embeddings allow us to search for 
terms whose semantic meanings are close to accountabil-
ity for AI systems to analyze relationships between terms 
and their meanings within the context of accountability for 
AI systems. By training these word embeddings separately 
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4.2  Similarity Analysis – What Concepts

To answer SQ2, we trained Word2Vec word embeddings 
and used them to form clusters around accountability for AI 
systems to identify semantically similar meanings (Mikolov 
et al., 2013). We distinguished between the formed clusters 
based on the semantically closest words for non-IS research 
(Fig. 1) and for IS research (Fig. 2).

IS research on accountability for AI systems. In contrast, 
citations to IS research predominantly come from within 
IS research itself (9%), with computer science (7%) and 
Ethics (5%) being the most notable disciplines that cite IS 
research on accountability for AI systems. Therefore, while 
IS research contributes ideas recognized by adjacent disci-
plines like computer science, it is not yet widely referenced 
across non-IS research.

Table 1.   Interdisciplinary Dependency of IS- and Non-IS-Publications

Comp. 
Science IS Engi-

neering
Busi-
ness

Natural 
Science

Geogra-
phy

Medi-
cine

Psy-
chology

Social
Sciences

Poli-
tics Ethics Cul-

ture Others

Comp.
Science 28% 25% 15% 12% 8% 16% 5% 5% 14% 13% 12% 17% 11%

IS 7% 9% 3% 4% 2% 3% 3% 2% 4% 2% 5% 3% 3%

Engi-
neering 17% 13% 29% 6% 17% 11% 4% 2% 4% 3% 2% 28% 9%

Busi-
ness 5% 6% 2% 40% 2% 5% 1% 4% 12% 12% 8% 1% 5%

Natural
Science 16% 11% 30% 7% 45% 25% 18% 9% 6% 5% 6% 23% 25%

Geogra-
phy 4% 3% 4% 3% 4% 25% 1% 0% 2% 2% 1% 4% 3%

Medi-
cine 9% 17% 9% 4% 16% 5% 55% 35% 13% 6% 24% 9% 30%

Psy-
chology 3% 5% 1% 6% 1% 1% 6% 32% 8% 4% 6% 2% 5%

Social
Sciences 4% 5% 1% 9% 1% 3% 2% 6% 24% 10% 15% 2% 3%

Politics 2% 1% 0% 4% 0% 2% 0% 0% 7% 35% 6% 1% 1%

Ethics 1% 1% 0% 1% 0% 0% 0% 0% 2% 2% 9% 0% 0%

Culture 2% 1% 2% 1% 1% 2% 1% 1% 2% 1% 2% 7% 1%

Others 2% 2% 2% 2% 3% 3% 4% 3% 3% 3% 4% 2% 4%

Red cells indicate that a discipline is highly dependent on another discipline, while blue cells indicate low dependency. Please interpret the table 
as follows: The value in a column indicates how many percent of the references originate from the respective disciplines (rows). For example, 
17% of the references in IS publications (horizontal direction) originate from medicine (vertical direction)

Fig. 1  Formed Clusters Using 
Word2Vec Representations for 
Non-IS Research
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critical importance of accountability for AI systems in miti-
gating risks and ensuring responsible AI development. Pro-
tection involves privacy guarantees, particularly in sensitive 
domains like medicine, and ensuring that appropriate safe-
guards and ethical considerations exist within AI systems. 
Therefore, this cluster emphasizes that accountability for AI 
systems also involves a commitment to protect individuals 
and uphold ethical standards.

4.3  Co-Occurrence Analysis – What Topics

To answer SQ3, we performed a co-occurrence analysis for 
non-IS and IS research to create thematic clusters (van Eck 
& Waltman, 2018). These thematic clusters show which 
topics research focuses on when considering accountabil-
ity for AI systems. We can better understand the thematic 
focus in non-IS and IS research by identifying which terms 
frequently occur in combination. A comparison between 
research disciplines subsequently uncovers similarities 
and differences between non-IS and IS research, offering 
insights into how IS research on accountability for AI sys-
tems diverges from non-IS perspectives. Consequently, this 
analysis not only highlights blind spots in IS research but 
also provides valuable directions and impulses for future IS 
research by learning from non-IS research.

4.3.1  Analysis Across Non-IS Research

Figure 3 displays the three thematic clusters derived from 
the co-occurrence analysis of non-IS research literature on 
accountability for AI systems. The green cluster empha-
sizes the applications of AI systems within medical and bio-
logical contexts, focusing on machine learning techniques 
and their performance metrics. The most important terms 
are patient, treatment, machine, responsiveness, accuracy, 
performance, prediction, and classification. This thematic 
cluster also comprises numerous medical-related terms like 
disease, gene, cell, tumor, therapy, prognosis, and breast 
cancer, underscoring the emphasis on medical applications. 
Technical terms such as support vector machine, neural net-
work, and deep learning model are also integral. The central 
term machine connects the green cluster with others, reflect-
ing its broad applicability. Therefore, this cluster highlights 

When focusing on non-IS research (Fig.  1), three key 
clusters emerge around accountability for AI systems, col-
lectively highlighting facets of AI governance aligning 
with existing research that understands accountability as 
a governance mechanism (Bovens, 2010). The first cluster 
(regulation) underscores the importance of accountability 
in adhering to formal legal frameworks. This adherence 
includes compliance with legal requirements, establish-
ing clear liability, and navigating legislative acts. Thus, the 
first cluster emphasizes how accountability for AI systems 
ensures that actors operate within established societal and 
legal boundaries. The second cluster (system) focuses on 
internal properties and desirable operational characteristics 
of AI systems. Accountability for AI systems in the second 
cluster concerns ensuring fairness in outcomes, establishing 
explainability so that decisions from AI systems are under-
standable by users, and achieving interpretability of the AI 
system’s internal processes. Therefore, the second cluster 
highlights that accountability ensures the design and imple-
mentation of mechanisms to make AI systems transparent 
and justifiable. The third cluster (risk) focuses on managing 
and mitigating potential negative consequences. This risk 
management process entails building trust in AI systems, 
implementing robust security measures to prevent misuse or 
failure, and ensuring adequate protection for individuals or 
assets. Accordingly, accountability for AI systems involves 
a proactive approach to identify, assess, and control the risks 
associated with AI systems to foster their safe and respon-
sible deployment.

In contrast, for IS research (Fig.  2), only two clusters 
emerge around accountability for AI systems. These two 
clusters emphasize accountability for AI systems as a virtue 
(Bovens, 2010) and simultaneously focus on capitalizing on 
the capabilities of AI systems while considering their safe 
use.

The first cluster (potential) highlights the role of account-
ability in driving the development and effective use of AI 
systems. This emphasis on potential involves improving 
AI system performance, enhancing AI system functional-
ities and outcomes, and striving for greater accuracy. Thus, 
the first cluster suggests that accountability for AI systems 
addresses the need to leverage AI systems’ full benefits and 
advantages. The second cluster (protection) underscores the 

Fig. 2  Formed Clusters Using 
Word2Vec Representations for IS 
Research
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various AI methodologies, such as deep reinforcement 
learning, and infrastructural components like cloud, stor-
age, internet, and IoT (Internet of Things). Privacy and 
security considerations are also present through security 
and blockchain. This cluster provides the necessary techni-
cal foundations and design methodologies for AI systems, 
and its linkages with the red cluster indicate the integration 
of these technical considerations with broader ethical and 
governance concerns.

4.3.2  Analysis Across IS Research

Figure 4 displays the four thematic clusters derived from IS 
research in the literature on accountability for AI systems. 
The red cluster concentrates on AI governance, ethical con-
siderations, and societal impact. Accountability, transpar-
ency, fairness, ethics, responsibility, governance, risk, bias, 
and trust are the most important terms. This cluster also 
includes terms related to development, stakeholder, prac-
tice, implication, perception, human, and society. The pres-
ence of terms like principle, guideline, and policy maker 
alongside newer concepts such as large language model 
(LLM), ChatGPT, and generative AI indicates a compre-
hensive focus on managing the implications of AI systems. 
This cluster emphasizes crucial aspects that require active 
consideration and management throughout the AI lifecycle, 

that the discussion of accountability for AI systems often 
occurs in high-stakes domains, such as medicine, where AI 
systems’ reliability and patient outcomes are critical.

The red cluster focuses on AI-related topics, particu-
larly the broader societal implications, ethical consider-
ations, and governance frameworks. The most important 
terms are transparency, fairness, ethics, privacy, bias, 
trust, and explainability. This cluster also features terms 
related to the implementation and impact of AI systems on 
their stakeholders, such as issues, concerns, practices, and 
adoption. Governance-related terms like law, government, 
policy, regulation, standard, and guideline are also central 
to this cluster, indicating their primary importance in the 
broader discourse on accountability for AI systems. Recent 
advancements in AI development have also appeared in this 
cluster through terms such as the large language model and 
ChatGPT. The interconnection of the red cluster with other 
clusters, such as the green and the blue cluster, highlights 
that the societal and ethical dimensions represented in this 
cluster are integral to discussions on accountability for AI 
systems.

The blue cluster focuses on the technical systems, under-
lying infrastructure, and core AI methodologies associated 
with AI systems. The most important terms include network, 
sensor, architecture, simulation, processing, operation, 
algorithm, and system. This thematic cluster encompasses 

Fig. 3  Cluster Analysis of Non-IS Research
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model performance, and terms like patient, treatment, and 
disease suggest applications in healthcare. This cluster 
draws on specific AI development methodologies relevant to 
the discourse of accountability for AI systems, particularly 
where model performance and reliability are paramount.

The purple cluster, while smaller, has a distinct focus on 
the explainability and interpretability of AI systems. The 
most important terms are explainable AI, interpretability, 
explanation, LIME (Local Interpretable Model-Agnostic 
Explanations), and reason. Concepts like document, text, 
and feature selection further define this theme. This cluster, 
connected to the technical (blue) and societal (red) clusters, 
highlights the increasing importance of understanding and 
articulating how AI systems arrive at their decisions. Ensur-
ing the explainability and interpretability of AI systems is 
crucial for fostering trust and facilitating the accountability 
of these complex technologies.

The yellow cluster centers around trust-enhancing AI 
technologies and data governance mechanisms, emphasiz-
ing blockchain and distributed ledger technology principles. 
Key terms include blockchain, data privacy, integrity, 

providing a broad perspective on accountability for AI 
systems.

The green cluster explores concepts for designing and 
developing AI systems, their underlying infrastructure, and 
operational environments. The most important terms are 
environment, network, architecture, device, internet, IoT, 
edge, cloud computing, efficiency, and resource. AI meth-
odologies such as reinforcement learning, federated learn-
ing, and concepts like simulation and optimization are also 
prominent. This cluster represents a general approach to the 
technical foundations of AI systems development, fostering 
connections with other thematic clusters and underscoring 
the necessity of understanding the environment and infra-
structure in which AI systems operate.

The blue cluster focuses on specific AI development 
methodologies and their application, particularly in domains 
requiring high accuracy and pattern recognition. The key 
terms are deep learning, detection, classification, image, 
convolutional neural network, machine learning algorithm, 
LSTM (long short-term memory), and artificial neural net-
work. Terms like recall and error highlight a concern with 

Fig. 4  Cluster Analysis of IS Research
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demonstrates more depth of focus on medical and biological 
applications. Here, the performance and reliability of AI sys-
tems are paramount, reflecting the critical nature of patient 
outcomes. In contrast, IS research, primarily within its blue 
cluster, engages with healthcare but approaches AI systems 
more broadly. IS research encompasses diverse AI tech-
niques potentially applicable across various domains rather 
than an equally intensive focus on one specific domain. 
Another difference is the dedicated focus on explainable 
and interpretable AI within IS research. The purple cluster 
in IS research primarily focuses on explainable AI, inter-
pretability, and associated techniques (e.g., LIME). In non-
IS research, concepts of explainability and interpretability 
are present. Still, they are integrated within the broader red 
cluster (societal and ethical themes) rather than forming a 
distinct, method-oriented cluster. This difference suggests 
that IS research is actively carving out a specialized area 
focused on operationalizing transparency by developing 
specific explainability methods and tools. Furthermore, the 
emergence of a cluster for trust-enhancing AI technologies 
and data governance in IS research marks another differ-
ence. The yellow cluster in the IS research highlights top-
ics around blockchain, data privacy, integrity, and related 
concepts like immutability and smart contracts. While 
non-IS research does include terms such as blockchain and 
security within their clusters, IS research elevates these into 
a distinct thematic area. This difference indicates a grow-
ing IS research focus on leveraging specific technological 
safeguards and data governance frameworks to establish 
trust and verifiable accountability for AI systems. Last, 
while non-IS and IS research have technical clusters, their 
nuances differ. The blue cluster in non-IS research appears 
to encompass various fundamental AI development meth-
odologies, including terms like deep reinforcement learn-
ing. While covering system design and infrastructure, the 
green cluster in IS research strongly emphasizes the opera-
tional environment, such as IoT, edge, cloud computing, and 
system design principles, which include AI methodologies 
like federated learning. This difference could indicate that, 
compared to non-IS research, the entire range of basic AI 
algorithm types is less directly in focus, but instead, there 
is a more pronounced interest in how systems are used and 
interact in specific operational contexts.

5  Discussion

We conducted a bibliometric analysis to aggregate and syn-
thesize findings on accountability for AI systems to comple-
ment existing literature reviews to provide future research 
guidance on the widespread topic of accountability for AI 
systems (e.g., Hall et al., 2017; Wieringa, 2020). Against 

security, vulnerability, attack, and data collection. Con-
cepts like blockchain technology, immutability, and smart 
contracts further define this theme, suggesting a focus on 
secure, verifiable, and transparent data handling and system 
operations. This cluster highlights the critical role of robust 
technological safeguards and governance frameworks in 
establishing accountability for AI systems.

4.3.3  Commonalities and Differences Across IS and Non-IS 
Research

A comparative analysis of the thematic clusters from non-IS 
and IS research reveals significant commonalities and nota-
ble differences in their approaches to accountability for AI 
systems. Several key commonalities bridge the non-IS and 
IS research streams. First, both research streams strongly 
emphasize AI systems’ ethical, societal, and governance 
dimensions. This commonality becomes evident in the red 
cluster in non-IS research (societal implications, ethical con-
siderations, and governance frameworks of AI systems) and 
the corresponding red cluster in IS research (overarching 
AI governance, ethical considerations, and societal impact). 
Both red clusters share terminology related to ethics, trans-
parency, fairness, bias, trust, and governance, and notably 
incorporate recent AI advancements such as LLM and Chat-
GPT, underscoring a universal concern with establishing 
responsible AI development and deployment practices. Sec-
ond, there is a mutual recognition of the importance of the 
technical foundations underpinning AI systems. The blue 
cluster in non-IS research (technical aspects of AI systems, 
underlying infrastructure, and core AI methodologies) and 
the green cluster in IS research (AI system design, infra-
structure, and operational environments) address founda-
tional elements like network, architecture, cloud, and IoT. 
This shared focus indicates a common understanding that 
accountability intertwines with the technical realities of 
how AI systems are developed and operated. Finally, appli-
cations in healthcare emerge as a common point of inter-
est, albeit with varying degrees of emphasis. The green 
cluster in non-IS research heavily focuses on medical and 
biological applications, featuring patient and treatment as 
central terms. Concurrently, the blue cluster in IS research 
(AI development methodologies and application domains) 
includes healthcare-related terms, such as patient, treat-
ment, and disease. This cluster suggests that IS research 
engages with accountability in this critical domain.

Despite these commonalities, distinct differences in 
thematic focus highlight the unique research approaches 
of non-IS and IS research when addressing accountabil-
ity for AI systems. One key difference lies in the approach 
to healthcare and AI applications. While both address this 
research domain, non-IS research, through its green cluster, 
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to develop coherent perspectives and reduce the visibility of 
its contributions in the broader academic discourse.

To advance the field, it is essential that researchers not 
only draw on external insights but also actively engage 
with, critically assess, and build upon prior research. Such a 
balanced approach fosters the development of theoretically 
grounded, discipline-specific perspectives that are both 
internally robust and externally influential. Strengthening 
this intra-disciplinary foundation enhances the capacity of 
a research discipline to contribute distinctive and valuable 
insights to the wider, multi-disciplinary conversation on 
accountability for AI systems. Accordingly, we propose our 
first RP:

RP1: Research disciplines should strive to balance 
external integration with internal consolidation 
by critically engaging with their own prior work to 
develop coherent and distinctive perspectives on 
accountability for AI systems.

5.1.2  Conceptual Divergence and Interdisciplinary 
Knowledge Transfer

Second, our similarity analysis reveals a significant diver-
gence in the conceptual understanding of accountability 
for AI systems between non-IS and IS research. Non-IS 
research understands accountability for AI systems as a 
governance mechanism, focusing on a control-oriented 
approach through clusters like regulation and risk to ensure 
legal adherence and mitigate adverse outcomes. In contrast, 
IS research primarily understands accountability for AI sys-
tems as a virtue, emphasizing proactive development and 
responsible use through clusters like potential and protec-
tion to ensure high performance while also considering pri-
vacy. Recognizing these different conceptual understandings 
across non-IS and IS research is crucial, particularly when 
researchers aim to apply insights from one research disci-
pline to another as part of knowledge transfer. For example, 
findings drawn from a study where accountability appears 
as a governance mechanism (e.g., focusing on enforce-
ment after an incident) might not seamlessly translate or 
apply to study contexts where accountability appears as a 
virtue (e.g., focusing on proactive measures). Thoroughly 
understanding these distinctions helps researchers avoid 
misalignments and inadequate applications of findings. Fur-
thermore, acknowledging these varied perspectives contrib-
utes to a better overall understanding of accountability for 
AI systems, revealing its different facets and considerations. 
Therefore, researchers should be mindful of these under-
lying conceptual assumptions when drawing upon find-
ings from other disciplines and consider how to reconcile 

this backdrop, we first operationalized our RQ1 (what can 
IS research learn from non-IS research on accountability 
for AI systems?) into three SQs (which research disciplines, 
what concepts, what topics), aiming to investigate account-
ability for AI systems from different research perspectives. 
Our results show that IS research references work from 
outside the discipline more frequently than it engages with 
prior IS studies, indicating a low level of intra-disciplinary 
integration. This reliance on external influence suggests that 
IS research has yet to establish an independent understand-
ing of accountability for AI systems (SQ1, which research 
disciplines). Next, IS research conceptualizes accountabil-
ity for AI systems primarily as a virtue by focusing on the 
potential of AI systems as well as user protection, contrast-
ing with non-IS research’s view of it as a governance mech-
anism revolving around regulation, system properties, and 
risk management (SQ2, what concepts). Finally, while IS 
research shows thematic overlap with non-IS research on 
core topics such as AI governance and ethics, it diverges in 
how these topics are pursued and linked to specific applica-
tions and technical approaches (SQ3, what topics).

5.1  Contributions to Research

In answering RQ1, we aggregated and synthesized existing 
research and delved into the research area of accountability 
for AI systems. Our findings provide a multifaceted under-
standing of the current research landscape on accountability 
for AI systems. They offer clear insights for future research 
to learn from and position themselves within the broader 
discourse on accountability for AI systems. These insights 
from RQ1 enable us to answer RQ2 (where does future 
research on accountability for AI systems need to go?) by 
deriving and formulating dedicated research propositions 
(RP) for future research.

5.1.1  The Need for Stronger Disciplinary Foundations

First, our dependency analysis indicates that IS research 
on accountability for AI systems predominantly relies 
on literature from outside the IS discipline, particularly 
from research disciplines such as computer science, while 
receiving little reciprocal attention from those research dis-
ciplines. This asymmetrical pattern reflects low intra-disci-
plinary integration and suggests that IS research has yet to 
establish a widely recognized or consolidated foundation of 
its own on this topic. While interdisciplinary engagement 
is essential, especially for complex issues like accountabil-
ity that involve legal, ethical, and moral dimensions (e.g., 
Bovens, 2007; Hall et al., 2017; Mulgan, 2000), a lack of 
internal consolidation within research can weaken its ability 
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more comprehensive understanding of how technical, ethi-
cal, and stakeholder dimensions intersect in accountable AI 
systems. Following this reasoning, we propose our third RP:

RP3: Future research should integrate domain-
specific and methodological specializations into a 
broader socio-technical perspective to ensure a more 
comprehensive understanding of accountability for AI 
systems.

5.2  Summary of the Research Propositions for 
Accountability for AI Systems

Table 2 summarizes the research propositions we derived 
to guide future research exploring accountability for AI 
systems across various topics and research directions. Spe-
cifically, these propositions highlight the need to encourage 
disciplines to build upon their understanding to establish 
distinct perspectives (RP1), underscore the importance of 
considering different conceptualizations (e.g., as a gov-
ernance mechanism or as a virtue) during interdisciplin-
ary knowledge transfer (RP2), and advocate for balancing 
specialized investigations with a holistic understanding of 
socio-technical and stakeholder implications (RP3).

5.3  Spotlight on Future AI Developments: 
Accountability for Generative AI Systems

In the preceding sections, we have extensively examined 
accountability for AI systems. Our analyses have demon-
strated that research on accountability for AI systems lacks 
consideration of cultural and legislative differences and has 
limited perspectives, different conceptualizations, and dif-
ferent foci. At the same time, AI systems are experiencing 
rapid technological evolution, most notably with the emer-
gence of generative AI systems (e.g., Feuerriegel et al., 
2024; Hughes et al., 2025; Storey et al., 2025). Although our 
bibliometric analysis included search terms related to gener-
ative AI systems, the results reveal that these transformative 

or productively contrast divergent perspectives. Following 
this, we propose our second RP:

RP2: Future research should consider the differ-
ent conceptualizations of accountability for AI sys-
tems (i.e., as a governance mechanism or a virtue) 
when transferring knowledge across disciplinary 
boundaries.

5.1.3  Cultivating Specializations and Ensuring Holistic 
Perspectives

Third, our co-occurrence analysis indicates that, while 
sharing common thematic ground through considering AI 
governance and ethics, non-IS and IS research cultivate 
distinct specializations in linking these topics to specific AI 
applications. For instance, our analysis showed that non-
IS research strongly emphasizes medical AI applications. 
In contrast, medical AI applications are only represented 
as a side topic within IS research, as IS research focuses 
on a broader set of AI applications and is more focused on 
technical AI methodologies, such as explainable AI. Such 
disciplinary specializations are valuable, allowing targeted 
contributions based on unique strengths.

However, while such specializations advance discrete 
areas of knowledge, ensuring accountability for AI systems 
requires integrating these insights into a broader socio-tech-
nical perspective. For instance, as emphasized in IS research, 
the development of explainable AI techniques is essential 
yet insufficient if disconnected from how diverse stakehold-
ers interpret explanations and engage with accountability 
processes. A purely technical explanation does not automat-
ically guarantee accountability if it fails to support stake-
holder understanding and action. Likewise, the non-IS focus 
on AI performance in domains such as medicine is vital. 
Still, it must be embedded within ongoing ethical reflection 
to maintain trust and uphold responsible decision-making 
(Bartsch et al., 2025). Specialized contributions should, 
therefore, not stand in isolation but be situated within a 

Table 2  Summary and Rationale of the Research Propositions for Accountability for AI Systems
No Research Proposition Rationale
1 Research disciplines should strive to balance external integra-

tion with internal consolidation by critically engaging with 
their own prior work to develop coherent and distinctive 
perspectives on accountability for AI systems.

As exemplified by IS research, some disciplines heavily rely on findings 
from other disciplines without sufficiently consolidating or being refer-
enced for their understanding, hindering the development of distinct and 
influential disciplinary perspectives on accountability for AI systems.

2 Future research should consider the different conceptualiza-
tions of accountability for AI systems (i.e., as a governance 
mechanism or a virtue) when transferring knowledge across 
disciplinary boundaries.

The concept of accountability for AI systems is understood differently 
across disciplines (i.e., as a governance mechanism or as a virtue), 
which can lead to challenges in knowledge transfer without careful 
consideration of the different understandings.

3 Future research should integrate domain-specific and meth-
odological specializations into a broader socio-technical 
perspective to ensure a more comprehensive understanding of 
accountability for AI systems.

While specialized perspectives on certain topics (e.g., on explainable AI 
techniques) are valuable, there is a need to ensure that deep dives into 
specific aspects of accountability for AI systems remain balanced with a 
holistic understanding of their broader socio-technical impact.
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such as healthcare diagnoses (e.g., Katz et al., 2024) and 
hypothesis generation in academic research (e.g., Li et al., 
2025), highlighting the potential of generative AI systems to 
be used in both analytical and creative domains.

Despite these promising applications, generative AI sys-
tems also exhibit critical limitations. Their outputs may be 
factually incorrect (Feuerriegel et al., 2024), opaque, and 
difficult for users to interpret (Kenthapadi et al., 2023). Fur-
thermore, these systems are often susceptible to bias and 
discrimination (Feuerriegel et al., 2024; Zemčík, 2021), 
raise serious privacy and copyright concerns (Feuerriegel 
et al., 2024; Kenthapadi et al., 2023), and face challenges 
related to model robustness and cybersecurity (Kentha-
padi et al., 2023). These limitations have intensified calls 
for increased oversight and control and a deeper engage-
ment with the ethical implications of generative AI systems 
(French & Shim, 2024; Hammerschmidt et al., 2025; Li & 
Goel, 2024). Among the most pressing demands emerging 
from this discourse is greater accountability for genera-
tive AI systems (French & Shim, 2024; Li & Goel, 2024). 
Against the background of generative AI systems, account-
ability is essential to ensure that the immense power of such 
systems is managed responsibly and ethically (French & 
Shim, 2024).

In light of these concerns and calls for more research on 
accountability for generative AI systems, the following sec-
tion aims to systematically transfer the insights gained from 
our previous exploration of accountability for AI systems 
to the specific case of generative AI systems. Therefore, we 
propose a research agenda for future research on account-
ability for generative AI to highlight needed research in this 
rapidly evolving field.

5.3.2  Accountability for Generative AI Systems

Form an understanding of accountability for generative 
AI systems within your discipline first before spreading 
them to other disciplines: IS research, while increasingly 
engaging with the topic of accountability for AI systems, 
continues to draw heavily from adjacent disciplines such 
as computer science, with limited internal referencing and 
disciplinary consolidation. This asymmetry suggests that IS 
research may lack a sufficiently distinct or influential voice 
in the broader discourse on accountability for AI systems. 
Notably, while such an interdisciplinary approach is essen-
tial, given that accountability is inherently a multi-faceted 
concept encompassing technical, ethical, legal, and orga-
nizational dimensions (e.g., Bovens, 2007; Mulgan, 2000), 
other disciplines’ lack of reciprocal engagement indicates 
limited impact and visibility of IS contributions in return.

This issue is critical in the context of generative AI 
systems, which introduce new challenges that extend 

AI technologies remain marginal in the current account-
ability discourse. In particular, the co-occurrence analysis 
(see Sect.  4.3) showed that, while topics like ChatGPT 
and LLMs are emerging, they have not yet been meaning-
fully integrated into the conversation about accountability 
for AI systems. This marginalization suggests a discon-
nect between the current state of AI developments and the 
research used to govern it. To bridge this gap and ensure that 
research on accountability for AI systems remains respon-
sive to the important technological progress of generative 
AI systems, we propose a research agenda (RA) focused on 
accountability for generative AI systems.

5.3.1  Generative AI Systems as the Future of AI Systems

Generative AI systems represent a distinct class of AI sys-
tems designed to autonomously create new content, such as 
text and software code (French & Shim, 2024). These sys-
tems encompass cutting-edge architectures, such as trans-
formers and large LLMs, which can interpret user queries 
and generate coherent outputs by computing the next-word 
probability based on extensive training data (Feuerriegel et 
al., 2024). Therefore, this architectural advancement marks a 
significant change compared to classical AI systems, which 
were often limited to narrow tasks such as data classifica-
tion (e.g., Niu et al., 2024; Samtani et al., 2023). A defining 
feature of generative AI systems is their ability to facilitate 
interaction via natural language, thus eliminating the need 
for users to interface through complex, multi-dimensional 
numerical vectors (Storey et al., 2025). This dual capability, 
accepting natural language as input and returning it as out-
put, has opened up generative AI systems to a broad audi-
ence and made such systems more accessible and usable 
(Storey et al., 2025).

These capabilities have catalyzed the rapid integration 
of generative AI systems into various sectors of society, 
fundamentally altering how we work (Chan et al., 2025; 
Hughes et al., 2025; Storey et al., 2025; Zhong & Yayla, 
2025). This change is driven by improvements in user inter-
action and the underlying characteristics of generative AI 
systems: Generative AI systems can leverage vast datasets 
to access knowledge, generate creative outputs, and auto-
mate time-intensive tasks (Feuerriegel et al., 2024). Con-
sequently, generative AI systems are no longer confined to 
narrowly defined functions. Instead, they are increasingly 
applied across many use cases in the real world (Feuerriegel 
et al., 2024; Storey et al., 2025). Notable examples include 
their usage and adoption in higher education (e.g., Hughes 
et al., 2025), software development and design (e.g., French 
& Shim, 2024; Zhong & Yayla, 2025), and conversational 
AI applications such as chatbots (e.g., Heinisuo et al., 2025; 
Nguyen & Elbanna, 2025). As well as in future scenarios 
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(Appelbaum, 1997; Ogie et al., 2022) or other related the-
ories used within specific disciplines. Addressing RA1.2, 
researchers might specifically investigate and explore 
integrative frameworks for accountability for genera-
tive AI systems that combine these dimensions across 
disciplines to reduce the heterogeneity within existing 
research (e.g., Star & Griesemer, 1989). Finally, address-
ing RA1.3, researchers can start translating disciplinary 
insights about accountability for generative AI systems 
into language and constructs accessible to adjacent dis-
ciplines. In this context, comparative studies, interdisci-
plinary workshops, and collaborative publications could 
serve as a means for translating disciplinary insights and 
knowledge integration.

A comprehensive view of understanding accountabil-
ity for generative AI systems: Depending on the discipline, 
accountability for AI systems either appears as a gover-
nance or a virtue. Since non-IS research often adopts a con-
trol-oriented governance perspective, it primarily frames 
accountability for AI systems as a mechanism to ensure 
regulatory compliance, mitigate risks, and manage legal 
liabilities. This perspective typically emphasizes post-hoc 
enforcement and safeguards for organizations. In contrast, 
IS research tends to conceptualize accountability more pro-
actively and normatively, treating it as a virtue embedded in 
the design and development of AI systems (e.g., Schmidt et 
al., 2025). This perspective centers on fostering trust, pro-
moting ethical awareness, and enabling responsible innova-
tion, often through practices encouraging transparency and 
privacy protection.

This conceptual divergence becomes particularly con-
sequential in the context of generative AI systems, which 
amplify the stakes of accountability due to their autonomy, 
opacity, and global reach. The dual nature of generative AI 
systems, capable of producing high-impact outputs while 
operating as black-box systems, demands regulatory over-
sight and proactive responsibility. As such, transferring 
knowledge across disciplines without appreciating these 
conceptual nuances risks producing incomplete, inconsis-
tent, or even incompatible frameworks for accountability 
for generative AI systems.

For example, applying accountability from a governance-
focused perspective to the design of generative AI systems 
might overlook critical elements of trust and ethical fore-
sight. Conversely, relying solely on virtue-based perspec-
tives in regulatory enforcement could fail to address liability 
and organizational responsibility when deployed generative 
AI systems cause harm. Hence, recognizing and bridging 
these conceptual differences is essential for meaningful 
interdisciplinary dialogue and for developing integrative 
accountability frameworks that are operationally viable and 
ethically robust when designing and developing generative 

traditional disciplinary boundaries. Generative AI systems 
not only reshape how individuals and organizations interact 
with technology through natural language interfaces, auto-
mation of creative tasks, and large-scale deployment but 
also raise novel accountability concerns related to explain-
ability, misuse, misinformation, and ethical governance 
(e.g., Feuerriegel et al., 2024; Kenthapadi et al., 2023). 
Consequently, robust disciplinary engagement is necessary 
to advance context-sensitive, actionable, and theoretically 
grounded frameworks for understanding accountability for 
generative AI systems. To contribute to such developments, 
disciplines such as IS research must move beyond rely-
ing predominantly on external accountability frameworks. 
Instead, disciplines should actively build upon, critique, and 
consolidate insights from within the field to form coherent, 
cumulative perspectives that address the specific challenges 
posed by generative AI systems.

Strengthening the disciplinary foundations will 
strengthen the internal cohesion of the disciplines and 
increase their external relevance and impact. A more mature 
and self-sustaining research tradition will allow the disci-
pline to engage in a reciprocal dialogue with neighboring 
disciplines and contribute meaningfully to the multidisci-
plinary discourse on accountability for generative AI sys-
tems. Strengthening this research foundation is particularly 
important given the rapid pace of innovation in generative 
AI, which risks outpacing the development of theoretical 
and empirical frameworks for governance and accountabil-
ity. In light of these considerations, we raise the following 
questions for our research agenda:

RA1.1: How do the accountability challenges of gen-
erative AI systems reshape foundational assumptions 
of accountability for AI systems within individual 
disciplines?

RA1.2: How can disciplinary perspectives be com-
bined to create a coherent and cumulative understand-
ing of accountability for generative AI systems?

RA1.3: How can disciplines engage more effectively 
in reciprocal interdisciplinary discourse on account-
ability for generative AI systems once a strong disci-
plinary foundation is established?

Addressing RA1.1, researchers could revisit and cri-
tique foundational accountability frameworks (e.g., 
Bovens, 2007; Novelli et al., 2023; Wieringa, 2020) 
within their discipline to assess their applicability to 
generative AI systems with emergent, probabilistic, and 
autonomous behaviors. In this context, researchers might 
integrate insights from socio-technical systems theory 
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are necessary and valuable: They enable researchers to cre-
ate deep, context-sensitive insights and contribute in areas 
aligned with their methodological strengths and theoretical 
traditions. However, such specialization also presents risks, 
such as the fragmentation of accountability discourse for AI 
systems, especially in emerging and rapidly evolving con-
texts such as generative AI systems.

Generative AI systems differ from many earlier forms of 
AI systems in that they moved toward general-purpose appli-
cations that are deployed across various domains, interacting 
with diverse stakeholders, and generating unstructured out-
puts like natural language, code, and images (e.g., Ferrara, 
2024; Feuerriegel et al., 2024; Hughes et al., 2025; Pinski 
& Benlian, 2024; Söllner et al., 2025). As a result, research-
ers and practitioners who develop specialized approaches 
to understanding accountability for generative AI systems, 
whether they focus on technical transparency or domain-
specific ethics, may fall short if they do not integrate these 
approaches into a broader, socio-technical understanding of 
how society adopts and integrates these systems.

For example, IS research focusing on the technical 
dimensions of explainable generative AI systems must also 
consider how different user groups, such as patients, devel-
opers, or managers, interpret and act on these explanations 
in practice. Similarly, non-IS research focusing on domain-
specific research, such as medicine, must reflect on how 
stakeholders build, train, and govern generative AI systems 
outside the domain and how this impacts broader concerns of 
fairness and trust. Future research must connect specialized 
contributions back to a holistic socio-technical perspective 
on generative AI systems to ensure that disciplinary special-
izations remain impactful and aligned with the complexity 
of generative AI systems. This connection involves actively 
considering diverse stakeholder perceptions, the behav-
ioral implications of interacting with generative AI, and the 
broader institutional, cultural, and legal contexts in which 
organizations deploy such systems. Only through such inte-
gration can an accountability framework for generative AI 
systems that is technically rigorous, domain-appropriate, 
socially embedded, and globally relevant be created. In light 
of these considerations, we propose our final research ques-
tions for our research agenda:

RA3.1: How can accountability mechanisms for gen-
erative AI systems be designed to reflect both techni-
cal affordances and social expectations across diverse 
application contexts?

RA3.2: To what extent do disciplinary specializa-
tions hinder or promote the development of holistic 
and socio-technical perspectives on accountability for 
generative AI systems?

AI systems. Therefore, we raise the following questions for 
our research agenda:

RA2.1: How do different conceptualizations of 
accountability for AI systems, such as governance 
mechanisms or virtues, shape the development, 
deployment, and regulation of generative AI systems?

RA2.2: How can governance- and virtue-based con-
ceptualizations of accountability for AI systems be 
integrated to create comprehensive accountability 
frameworks for managing generative AI systems?

RA2.3: Which accountability mechanisms are most 
effective in shaping accountability as a governance 
mechanism or as a virtue to govern generative AI 
systems?

Addressing R2.1, researchers could examine how these 
divergent conceptualizations influence policy formation, 
organizational practices, and technical design of generative 
AI systems (e.g., Bartsch & Schmidt, 2023). For example, 
virtue-oriented approaches may encourage developers to 
adopt a more value-sensitive design, while governance 
frameworks may prioritize auditability and enforcement 
of generative AI systems. Comparative case studies across 
disciplines may uncover how these orientations manifest 
and interact in practice. Addressing R2.2, researchers might 
explore how governance-based accountability frameworks 
(e.g., AI auditing; Raji et al., 2020 can be effectively aligned 
with virtue-based accountability frameworks (e.g., proac-
tive accountability approaches; Novelli et al., 2023) when 
managing generative AI systems throughout their lifecycle. 
Finally, addressing R2.3, researchers can empirically inves-
tigate how design artifacts (e.g., Adam, 2022; Schmidt et al., 
2025) can shape accountability for generative AI systems as 
a governance mechanism or as a virtue. Such an investiga-
tion would allow researchers to effectively control account-
ability for generative AI systems either as a virtue or as a 
governance mechanism and integrate it into their account-
ability framework for generative AI systems.

Bringing special considerations of accountability for 
generative AI systems back into a general and socio-
technical perspective: Non-IS and IS researchers com-
monly engage with topics such as AI governance and ethics, 
but often apply them to different AI applications. Non-IS 
research, for instance, demonstrates a strong orientation 
toward domain-specific AI applications, particularly in 
medicine. In contrast, IS research concentrates on technical 
AI methodologies such as explainable AI, reflecting the dis-
cipline’s emphasis on developing and implementing socio-
technical systems. These specializations within disciplines 
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uncover these differences in interpretations. Understanding 
and incorporating stakeholder perspectives can help tailor 
accountability frameworks for generative AI systems to be 
contextually appropriate.

5.3.3  Summary of the Research Agenda for Accountability 
for Generative AI Systems

Table 3 summarizes the research agenda derived from our 
analysis, which aims to guide future investigations into 
accountability for generative AI systems. This agenda 
emphasizes the importance of encouraging disciplines to 
strengthen and consolidate their internal theoretical foun-
dations before engaging in interdisciplinary discourse 
(RA1) and highlights the need to consider varying con-
ceptualizations of accountability for AI systems as either a 
governance mechanism or a virtue when designing account-
ability frameworks (RA2), and advocates for reconnecting 
domain-specific and technical specializations to a broader 
socio-technical understanding of accountability for genera-
tive AI systems (RA3).

5.4  Implications for Practice

Our study provides practical implications for policymakers 
and organizations facing accountability for AI or generative 
AI systems. First, we give a synthesized and aggregated 
view of existing research on accountability for AI systems. 

RA3.3: How do stakeholder perceptions of account-
ability for generative AI systems differ across domains, 
and how should these differences inform the design 
and governance of generative AI systems?

Addressing RA3.1, researchers might explore how techni-
cal applications and tools, such as explanation interfaces 
(e.g., Ribeiro et al., 2016) or AI audits (e.g., Raji et al., 
2020) are interpreted differently by generative AI systems’ 
stakeholders, such as healthcare professionals or regula-
tors. Methods from different disciplines, such as IS and 
psychology, can help uncover how these interfaces or AI 
audits shape stakeholders’ perceptions of accountability 
for generative AI systems. Addressing RA3.2, research-
ers can examine how disciplinary specializations, such as 
legal perspectives emphasizing liability (e.g., Novelli et 
al., 2024) versus human-centered design approaches pri-
oritizing user empowerment (e.g., Schmager et al., 2025), 
may either constrain or support the development of more 
holistic, socio-technical perspectives on accountability for 
generative AI systems. Finally, addressing RA3.3, research-
ers might be aware that different users, such as healthcare 
professionals, regulators, or developers, might interpret 
accountability through their professional norms and values. 
These differing interpretations might influence how they 
perceive and handle accountability mechanisms for genera-
tive AI systems. In this context, researchers could conduct 
domain-specific case studies or cross-sectoral surveys to 

Table 3  Research Agenda for Accountability for Generative AI Systems
Research Proposition Derived Research Question for the Research Agenda for

Accountability for Generative AI Systems
No Proposition No Research Question
1 Research disciplines should strive 

to balance external integration with 
internal consolidation by critically 
engaging with their own prior work 
to develop coherent and distinctive 
perspectives on accountability for 
AI systems.

RA1.1 How do the accountability challenges of generative AI systems reshape foundational 
assumptions of accountability for AI systems within individual disciplines?

RA1.2 How can disciplinary perspectives be combined to create a coherent and cumulative 
understanding of accountability for generative AI systems?

RA1.3 How can disciplines engage more effectively in reciprocal interdisciplinary discourse 
on accountability for generative AI systems once a strong disciplinary foundation is 
established?

2 Future research should consider 
the different conceptualizations of 
accountability for AI systems (i.e., 
as a governance mechanism or a 
virtue) when transferring knowledge 
across disciplinary boundaries.

RA2.1 How do different conceptualizations of accountability for AI systems, such as gover-
nance mechanisms or virtues, shape the development, deployment, and regulation of 
generative AI systems?

RA2.2 How can governance- and virtue-based conceptualizations of accountability for AI 
systems be integrated to create comprehensive accountability frameworks for manag-
ing generative AI systems?

RA2.3 Which accountability mechanisms are most effective in shaping accountability as a 
governance mechanism or as a virtue to govern generative AI systems?

3 Future research should integrate 
domain-specific and methodological 
specializations into a broader socio-
technical perspective to ensure a 
more comprehensive understanding 
of accountability for AI systems.

RA3.1 How can accountability mechanisms for generative AI systems be designed to reflect 
both technical affordances and social expectations across diverse application contexts?

RA3.2 To what extent do disciplinary specializations hinder or promote the development of 
holistic and socio-technical perspectives on accountability for generative AI systems?

RA3.3 How do stakeholder perceptions of accountability for generative AI systems differ 
across domains, and how should these differences inform the design and governance 
of generative AI systems?
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geographical regions or specific research communities (e.g., 
German-speaking countries for the VHB ranking). This 
emphasis on geographical regions would allow research to 
understand the nuances of accountability for AI systems and 
generative AI systems within geographic areas and specific 
communities, and would contribute to the overall robust-
ness of our study.

Third, using our two datasets, we created Word2Vec 
word embeddings for similarity analysis. Since the number 
of words in our two datasets is relatively small, the word 
embeddings may have limited robustness. Future research 
could enhance robustness by analyzing full publications. 
Additionally, employing alternative classical analysis meth-
ods, such as Levenshtein distance, could provide valuable 
comparative data, further supporting the validity of our find-
ings regarding the understanding of accountability for AI 
systems and generative AI systems.

6  Conclusion

Given the unprecedented growth in AI systems and, in par-
ticular, generative AI systems across various applications 
within organizations and society, ensuring accountability 
to guide their safe and responsible usage is crucial. How-
ever, much research on accountability for AI systems exists 
without synthesizing and aggregating their findings, mak-
ing it challenging to access this research. Against this back-
drop, this paper synthesizes and aggregates non-IS and IS 
research findings to observe what we can learn from exist-
ing research on accountability for AI systems. In doing so, 
our paper provides researchers better access to research on 
accountability for AI systems. Additionally, it highlights 
pathways for future research to gain a more profound under-
standing of accountability for AI systems to promote future 
designs and implementations of AI and generative AI sys-
tems guided by accountability.
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As a result, we offer policymakers a comprehensive over-
view and starting point to better access existing research on 
accountability for AI systems. This synthesized and aggre-
gated view is crucial for policymakers to make informed 
decisions when shaping regulations, as it helps them to 
understand the implications of accountability for AI sys-
tems. Therefore, policymakers can better integrate account-
ability for AI systems into future planned regulations, such 
as the Algorithmic Accountability Act in the United States 
and further improvements on the already introduced AI Act 
of the European Union (117th Congress USA, 2022; Coun-
cil of the European Union, 2024).

Second, we highlight the necessity for organizations to 
recognize that research on accountability for AI systems 
understands it as a governance mechanism or a virtue. This 
understanding is essential for organizations since they can 
use accountability as a governance mechanism or a virtue 
within their AI development projects. When using account-
ability as a governance mechanism, organizations can 
implement clear guidelines and rules to enforce explanation 
and justification by developers when their AI systems cause 
harm. Moreover, when using accountability as a virtue, 
organizations must highlight accountability for AI systems 
in front of their developers during AI development projects. 
This approach enables organizations to motivate develop-
ers who design, implement, and deploy AI systems to con-
sider their accountability beforehand and to reduce potential 
harm by preventing the potential negative impacts of their 
AI systems. As a result, drawing on these two perspectives 
enables organizations to benefit from accountability across 
the whole life cycle of their AI systems.

5.5  Limitations

Our study has limitations that offer valuable starting points 
to enhance our observation of research on accountability 
for AI systems. First, since we primarily relied on the Web 
of Science database to provide the necessary metadata for 
our analysis, our dataset depended on only one scientific 
database. Future research might integrate other scientific 
databases like Scopus to broaden research coverage. Future 
research might also consider other databases, such as social 
media posts and newspaper articles, to understand how the 
scientific understanding of accountability for AI systems 
and generative AI systems translates to the public.

Second, we divided the extracted publications based on 
the inherent Web of Science Category Computer Science 
Information Systems, relying on an independent non-IS and 
IS research classification. Future research might use other 
classifications, such as the German VHB ranking, to divide 
the extracted publications into non-IS and IS research. 
The use of such rankings would put more emphasis on 
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