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Abstract 

The AI artifact has become relevant in theory and 
practice. Empirical studies and conceptual frameworks 
explore the role of artificial intelligence, its impact, and 
application. However, the rapid development of new 
technologies leaves little time for theory to be developed 
at the rate of practical advances in the field of AI. This 
paper builds on previous work that contextualizes the IS 
artifact in general systems theory and updates the 
conceptual framework of the IS artifact for the context 
of AI. To achieve this, a narrative literature review of 
30 papers has been conducted. The resulting first 
conceptualization of a potential framework indicates 
that the AI artifact adds complexity to the model by 
bridging existing categorizations. Agency is attributed 
to the AI artifact, requiring a new conceptualization and 
an additional environmental layer that requires 
systemic interconnectedness. The analysis also shows 
areas for further research. 

 
Keywords: agentic AI, AI artifact, AI ecosystem, 
general systems theory. 

1. Introduction  

In recent years, both practitioners and researchers 
have become increasingly adapted to navigating 
disruptive technological challenges. Among these, none 
has been as prominent or rapidly evolving as the rise and 
market maturity of technologies that are able to mimic 
human cognition, i.e. artificial intelligence (AI) (Raisch 
& Krakowski, 2021; Robertson et al., 2024). These 
technologies have swiftly become central in various 
sectors, fundamentally altering how tasks are 
approached and executed (Brynjolfsson & McAfee, 
2017). This transformative impact of AI is the 
culmination of decades of theoretical and practical 
advancements. 

AI has long been a subject of academic and social 
discourse, with its conceptual origins traceable to early 
ideas about automatons and mechanical beings. 
Foundational figures like Ada Lovelace and Alan 

Turing laid the groundwork for computational science 
and thus paved the way for AI development (Boden, 
2018; Turing, 1950). Throughout the 20th century, 
significant computational advancements continued to 
propel AI forward, shaping not only scholarly research 
but also popular culture (Russell & Norvig, 2016). 
However, the most notable strides in AI, particularly in 
practical applications, have been made in recent 
decades. The emergence of AI technologies for the daily 
use by professionals and consumers, exemplified by the 
launch and impact of generative AI models like 
ChatGPT, marks a point of no return in the integration 
of these technologies in daily and work-life. Central to 
the impact of these disruptions is their speed: Some 
sources expect half of all work tasks to be completed by 
automated systems in 2025 (Williams et al., 2023). 

The significant technological advancements in 
every update of these technologies highlight the need to 
observe the role of AI in the scientific discussion. To 
provide strong and thorough theoretical foundations for 
applications, use cases, and new developments, it is 
essential to examine the influence of AI on theoretical 
frameworks, particularly within the field of Information 
Systems (IS). While AI’s integration into IS has been a 
topic of discussion for some time, the rapid 
advancements in generative AI necessitate a re-
evaluation of how AI artifacts are conceptualized within 
systems theory (Schmidt & Zimmermann, 2020). 

By exploring the question “How can AI be 
conceptually integrated into the Information Systems 
Artifact?”, this paper aims to address this gap and to 
achieve two primary outcomes. First, it presents an 
updated conceptual framework that incorporates AI 
artifacts into general systems theory (GST), building on 
the theoretical foundations laid by Chatterjee et al. 
(2017). Second, it elaborates on an emerging research 
agenda that outlines key concepts and methodologies for 
further investigation into the role of AI within 
information systems. By bridging the gap between 
practical AI applications and theoretical developments 
in systems research, this study seeks to contribute to a 
deeper understanding of how AI can be effectively 
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integrated into the broader context of IS. This 
integration is not only crucial for advancing academic 
knowledge but also for guiding practitioners in 
leveraging AI technologies within their respective 
domains. The findings confirm the need to explore the 
AI artifact from a more holistic perspective and suggest 
how an updated conceptual framework can 
accommodate the added layer of complexity AI brings 
into the theoretical examination of AI. 

The remainder of this paper is thus structured as 
follows. Section 2 explores the theoretical foundation of 
the IT artifact in relation to general systems theory and 
the development of AI in the academic discourse. 
Section 3 presents the methodology, introducing the 
process of literature review and thematic analysis, 
Section 4 presents the results, before section 5 integrates 
them into Chatterjee et al.'s (2017) model, and provides 
an agenda for further research. 

2. Theoretical Background 

This section delves into the evolution of 
information systems as conceptualized through general 
systems theory, followed by a detailed exploration of 
AI's development, focusing particularly on the 
implications of generative AI technologies. 

2.1. Information Systems and Artifacts in the 
Context of General Systems Theory 

The conceptualization of IS has evolved 
considerably over the past several decades, driven by 
advances in technology and theory. At its core, IS 
encompasses the integration of information technology 
with organizational structures to manage, process, and 
disseminate information efficiently. The IS artifact, a 
central concept within this field, represents the 
combination of information, social, and technological 
subsystems that collectively support organizational 
functions (Chatterjee et al., 2017). 

GST emerged in the mid-20th century and has since 
provided a theoretical foundation for understanding 
complex, interconnected systems across various 
domains, including biology, economics, and, 
importantly, information systems. The theory is 
developed as an applicable model addressing complex 
challenges and relationships (Kast & Rosenzweig, 
1972). GST aims at crossing the borders between 
different disciplines (Fillieule, 2001) and providing a 
theoretical structure for the systems within them (do 
Rosário et al., 2015). As an approach that allows to take 
broader perspectives, focus on unexamined issues, and 
solving complex problems (Von Bertalanffy, 1972), this 
theory is ideally suited to observe the ever-evolving 

areas of information technology (IT), IS, and, most 
recently, AI. 

In the context of IS, GST has been instrumental in 
conceptualizing the IT artifact as an evolving entity that 
reflects the growing complexity of technological and 
organizational environments (Chatterjee et al., 2017). 
With its roots in the study of systems as organized 
wholes, GST allows for the examination of IS as 
dynamic entities that interact with their environment, 
emphasizing the importance of feedback, contextuality, 
and information flow. Information in this context 
classifies as a complex system with various 
interdependencies and relationships (Varley, 2023). The 
focus on interrelations and contextuality within these 
information systems through GST allows for a 
comprehensive and holistic analysis (Kitto, 2014). 

As these systems are further explored, specific 
elements take center-stage. Artifacts not only describe 
physical objects anymore, but have evolved into a 
virtual, more conceptual sphere (Dipert, 1995). With the 
evolution of technology, the IT artifact has been a 
central object of study in technological development, 
but also evolved into a central part of IS research 
(Orlikowski & Iacono, 2001). The IS artifact, as a 
further continuation of these trends in research, 
according to Chatterjee et al. (2017) builds on the IT 
artifact by integrating social dimensions alongside 
technological and informational components. This 
evolution reflects a broader understanding of systems 
that not only process data but also interact with human 
agents and organizational structures. The IS artifact is 
thus a holistic representation of current socio-technical 
systems, for which GST provides a fitting backdrop. 
Now, however, the application of GST to IS must 
account for the unique challenges posed by modern 
technological environments, such as the rapid pace of 
change (Holmström, 2022) and the increasing 
complexity of systems, as exemplified by the 
development of AI (Susnjak et al., 2024). To provide an 
overview of how this paper navigates the complexity of 
these theoretical concepts, Table 1 shows the relevant 
definitions of key theoretical concepts.  

 
Table 1. Overview of key theoretical concepts. 

Concept Definition 
IT 
artifact 

We understand the IT artifact as an 
evolving entity that reflects the growing 
complexity of technological and 
organizational environments 
(Chatterjee et al., 2017). 

IS 
artifact 

We follow Chatterjee et al.’s (2017) 
perspective of general systems theory 
that defines the IS artifact as “a 
superordinate system composed of the 
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social, technical, and information 
subsystems.” (p. 5719) 

General 
systems 
theory 
(GST)  

This study approaches GST as a 
theoretical foundation for 
understanding complex, interconnected 
systems across various domains, 
including biology, economics, and, 
importantly, information systems. 

2.2 Evolution of the theoretical discourse 
around AI  

The recent emergence of generative AI 
technologies, particularly with the launch of models like 
ChatGPT, represents a significant leap in AI's practical 
applications. Generative AI, characterized by its ability 
to produce human-like text, images, and other content, 
has revolutionized various sectors, including education, 
healthcare, and creative industries. The widespread 
adoption of these technologies has prompted a 
reevaluation of AI's role in society, particularly 
concerning its ethical implications, its impact on human 
cognition, and its integration into existing systems 
(Mohamed et al., 2020). In its relation to humans, AI has 
mostly been discussed concerning user perceptions 
(Zadeh, 2001).  

These developments raise critical questions the 
integration of AI technologies into the IS artifact and its 
subsystems. AI's ability to process vast amounts of data, 
learn from experience, and generate outputs that mimic 
human creativity introduces new dynamics into the 
information systems landscape. These dynamics must 
be understood and incorporated into theoretical models 
to guide both academic research and practical 
applications. With new practical concerns emerging in 
every use case, theory follows application. However, 
even an AI model developed closely to human 
requirements needs to be theoretically grounded (Wang 
et al., 2019). This paper examines how AI can enhance 
the conceptual model of the IS artifact in the context of 
general systems theory through a systematic literature 
review. 

3. Methodology  

This study employs a systematic literature review, 
following Paré et al. (2015) and his understanding of a 
narrative review. This methodological approach is 
designed to ensure broad insights the current state of 
research on AI and IS by analyzing a selection of the 
literature that should provide insights into the current 
state of studying the AI artifact (Paré et al., 2015). The 
aim of this investigation is to identify gaps and 
opportunities for further investigation and form the basis 

for developing a conceptual framework (Rocco & 
Plakhotnik, 2009) that integrates the AI artifact into the 
IT artifact from a GST perspective. The value of this 
method to examine the role of emerging technologies 
has also been demonstrated by Mariani et al. (2023), 
who employ this method to identify trends of AI in 
innovation research. To structure the analysis of this 
complex field, the literature review follows the 
PRISMA 2020 statement for reporting systematic 
reviews (Page, McKenzie, Bossuyt, Boutron, 
Hoffmann, Mulrow, Shamseer, Tetzlaff, & Moher, 
2021). 

The literature review has been conducted using the 
SCOPUS database and ACM Digital Library, focusing 
on articles that discuss the AI artifact in the context of 
information systems. The search query, TITLE-ABS-
KEY("AI artifact" OR "artificial intelligence artifact"), 
yielded 57 results. An additional 27 papers were 
identified from the ACM Digital Library, leading to 84 
search results. After removing duplicates, papers in 
languages other than English and papers for which only 
the abstract was available, 54 relevant full texts have 
been identified. To guarantee broad insights into the 
topic from different publication types, journal articles, 
conference papers, and book chapters have been 
included in the selected sources. All identified papers 
have been included in the full text-screening, which led 
to the inclusion of English language papers that focus on 
the AI artifact as a central element of their discussion. 
This resulted in the exclusion of papers that only 
mention the AI artifact without discussing it (n = 16), or 
which are not relevant for the AI artifact and do not 
mention it at all (n = 8). Consequently, 30 papers have 
been included in the review of the literature.   

The identified literature provides the foundation for 
developing an updated conceptual framework and 
research agenda for the AI artifact in relation to general 
systems theory. The examined papers were analyzed 
through a thematic analysis conducted in NVIVO. This 
method allows for a transparent synthesis of qualitative 
data, preserving a clear link between conclusions and 
the primary studies' text (Thomas & Harden, 2008). To 
capture all elements the AI artifact encompasses, the 
coding process was designed as a holistic, mostly 
inductive exercise, following Miles et al. (2018). The 
coding process involved predetermined codes on the 
information, technological and social subsystems and 
the inductive coding led to themes covering the 
categories of AI artifact conceptualization, its 
discussion in the literature, and further research. To 
enhance the validity and analytical value of the results, 
several rounds of diving out of and into the code and 
identifying patterns have been conducted, following the 
established coding process exemplified Butcher et al. 
(2001) and codified by Miles et al. (2018).  
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4. Results 

The analysis of the selected literature revealed a 
variety of ways to address the AI artifact. This section 
provides an overview of the descriptive results before 
section 5 analyses and discusses them in the context of 
existing theory and highlights areas for further research. 
The observation of the literature reveals the current 
content-oriented and methodological focus of the 
research community. 

The examined papers were distributed between 
conceptual papers and specific use cases. The 
conceptual nature of the AI artifact makes it clear that 
there is still a lot of room for qualitative discussion in 
the field and around the concept. Still, the examined 
literature shows both conceptual and empirical efforts. 
Aside from four literature reviews (Bawack et al., 2021; 
Burggräf et al., 2024; Guggenberger et al., 2023; Xiong 
et al., 2024) and one mixed method study (Williams et 
al., 2023) all papers are conceptual or qualitative, 
employing case studies, interviews or other sector-
specific methods. Some focus on a discussion of the AI 
artifact in the context of specific applications (Chiodo, 
2024; Kumar, 1999). This indicates the detailed level on 
which the AI artifact is being discussed but also shows 
a lack of clear methodological directions that will be 
tackled below in the discussion of future research. 

The use cases and contexts around the AI artifact 
seem to be a lot more varied. Where the AI artifact itself 
was not the central subject of the research, applications 
ranged from video games (Kolen et al., 2018), image 
classification (Sidorova, 2018; Zhang et al., 2023), 
autonomous vehicles (Stauder & Kühl, 2022) or judicial 
applications (Münch & Ferraz, 2024) to education for 
designing AI artifacts (Hsu et al., 2023; Williams et al., 
2023) as well as the design of responsible (Clarke, 2019) 
and trustworthy AI (Qin & Yu, 2023). Other authors 
combined several of these approaches to develop 
technical, application, and design ideas in the area of AI 
leadership (De Vreede et al., 2020) and collaborative 
secure engineering (Tkachuk et al., 2020). Mani and 
Zargeh (2025) combine the AI and IT artifact in a 
mathematical context, to add a sociodidactical layer to 
its understanding.  

While these results show a broad discussion on 
different aspects of the AI artifact, mostly discussed in 
qualitative or conceptual contexts, the examined papers 
identify a variety of content-related gaps in the current 
literature. A lack of available guidelines (Clarke, 2019) 
as well as insufficient definitions (Hu et al., 2021; Kolen 
et al., 2018) hampered the conceptual discussions so far. 
Overall, a lack of focus on the interaction capacity of the 
AI artifact has been identified, leading to a significant 
focus on the capabilities and perceptions of AI (Bawack 
et al., 2021; Hu et al., 2021), and even AI to human 

leadership, task delegation or participation in other 
human practices (Guggenberger et al., 2023; Johnson 
and Verdicchio, 2023) in the sample. Human factors in 
relation to the AI artifact concern mainly aspects of 
knowledge (Hsu et al., 2023) or the adoption of AI 
artifacts (Münch & Ferraz, 2024; Xiong et al., 2024). 

To examine the AI artifact in the context of GST, it 
is necessary to lay the groundwork for a consolidated 
understanding of the AI artifact and the perspectives 
which influence it. Looking at the examined literature, 
two trends emerge. First, some authors made attempts to 
solve the definition problem by creating an actor role for 
the AI artifact, assigning attributes such as intelligence 
(Dietz & Mulder, 2020), autonomy (Guggenberger et 
al., 2023), and agency (Dietz & Mulder, 2020). AI 
artifacts may be classified by their “goal-driven 
behavior” (Hernández-Orallo et al., 2020), the 
knowledge contained in the system (Bawack et al., 
2021) or their capability to mirror human behavior in the 
form of cognition (Guggenberger et al., 2023) or even 
intelligence (Bawack et al., 2021). This research stream 
seems to focus on the “intelligence” of the artificial 
intelligence artifact, assigning a role of human-like 
behavior and/or decision-making to the artifact, while 
debating its agency and capabilities. The second 
research stream places a more significant emphasis on 
the “artifact” or even the “artificial” aspects (Münch & 
Ferraz, 2024) of the concept. The emerging distinction 
might open a spectrum that ranges from AI artifacts 
being merely software elements (Tkachuk et al., 2020), 
or, more specifically, conductors of data (Qin & Yu, 
2023) to the understanding that the artifact equals a 
physical technological AI powered by AI. The last line 
of understanding as explored by Xiong et al. (2024), 
comes closest to bringing the two diverting research 
lines together, by classifying objects or devices as 
artifact, but allowing for autonomy or even intelligence, 
with which these objects may fulfill their purpose. To 
explore the AI artifact as a system, both sides are of 
central importance. This necessitates the recognition 
that both the human-mirroring elements of agency/ 
autonomy as well as technological aspects, including the 
availability and functionality of the relevant hard- and 
software, are part of and characteristic for the AI 
artifact. 

5. Analysis and Discussion 

The analysis of this study is divided into two main 
sections: the integration of AI into the IS artifact and the 
development of a research agenda to guide future 
investigations. 
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5.1 Including AI in the IS Artifact 

The bifurcated understanding of the technological 
and human-centered aspects of the AI artifact that have 
been explored in the results section open up a key 
challenge in applying the AI artifact to the same system 
as the IS artifact. The two-stream definition of the AI 
artifact brings back a physical dimension to the artifact 
definition. This changes the linear development of the 
IT and IS artifact, the virtualization and abstraction of 
which Dipert (1995) explored. Especially the IS artifact 
did not necessitate the physical layer due to its 
association with the virtual world and information as a 
key concept that is not physically tangible. These 
perspectives also inform the subsystems of the IS 
Artifact as presented by Chatterjee et al. (2017). Their 
original model of the IS artifact as contextualized with 
general systems theory can be seen in figure 1. 

 

Figure 1: Model of the IS Artifact based in GST. 
Chatterjee et al. (2017). 

 
With the integration and focus on the physical layer 

of AI, the AI artifact could be thought of as a regression 
towards artifacts that need to be connected to the 
physical world, potentially negating the integration of 
systems. However, based on the analyzed literature, this 
paper argues that the AI artifact necessitates an added 
layer of complexity, which integrates well into the 
problem-oriented and complexity-affine character of 
GST. The AI artifact is thus a system that exemplifies 
the further relevance and development of general 
systems theory in the field of IS. The combination of 
virtual, intangible elements as well as physical objects 
adds another layer of complexity to the examination of 
the AI artifact in a GST context. This complexity 
requires a reexamination of the subsystems, their 
connections, and additional factors influencing the AI 
artifact as a system. Integrating AI in the model makes 
the discussion on boundaries between the subsystems 

that Chatterjee et al. (2017) set up not only a possible 
but necessary. 

Starting with the social subsystem, the results of the 
analysis have shown that this subsystem mainly 
concerns human cognition. The AI artifact mirrors the 
human approach to problem solve in large and complex 
systems (Epstein, 2006), creating an artificial system the 
design of which nonetheless mirrors the human thought 
process. While the AI artifact has been explicitly 
described as an actor or even agent (Dietz & Mulder, 
2020), the social subsystem is even more complex. The 
AI artifact is described as acting on its own, using social 
communication cues, and even having its own 
capabilities, perceptions, and knowledge. This indicates 
that the social subsystem is not anymore solely 
concerned with aspects that concern humans or ethical 
questions for society (which should still be part of a 
responsibly designed AI artifact), but evolves into a 
social actor itself, leading the subsystem to not only 
describe human-machine interactions, but the humanity 
of the machine. At the same time there is a strong 
interaction with the technological subsystem, in which 
technological advancement (e.g., from IT, to IS, to AI) 
leads to an increasing anthropomorphizing of the AI 
artifact. A paradox emerges: The more advanced and 
extensive the technology that forms the artifact, the 
more non-technical, or even human, the AI artifact 
appears. Even warmth, social skills, and personal 
attachment are being connected with the adoption of AI 
technologies (Xiong et al., 2024). Intelligence and 
autonomy are now the center of the discourse around AI 
(Hu et al., 2021) instead of technological specifications. 
Complex skills, such as leadership and delegation (De 
Vreede et al., 2020; Guggenberger et al., 2023) or the 
ability to learn and understand (Bawack et al., 2021; 
Sidorova, 2018) are a natural part of the AI that come 
closer to complex human abilities. At the same time, 
these skills require increasingly finetuned language 
models, high-performing hardware, and high-quality 
training data, blurring the lines between social and 
technological subsystems. To redefine and sharpen 
these distinctions in a revised conceptual framework, 
this paper argues that the social subsystem can be 
developed further to the human subsystem, not only 
employing user perspectives, as suggested by Xiong et 
al. (2024), but also considering the “humanity” or, more 
appropriately, the human-mirroring aspects, of the AI 
artifact itself. 

Isolated changes to the technological subsystem are 
at once the most obvious and the most straightforward 
ones, leaving this subsystem, aside from a few 
technological advancements, comparatively untouched. 
The development of algorithms, enhanced capacities, 
and interconnected systems are informing this system 
(Stauder & Kühl, 2022; Tkachuk et al., 2020) requiring 
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high-quality, specific, and multidimensional metadata 
(Qin & Yu, 2023). Machine learning algorithms are a 
central focus of human education (Williams et al., 2023) 
to inform this subsystem and increase the reliability of 
the technology. These algorithms are developed for 
solving the complex problems the system is meant to 
address (Burggräf et al., 2024). So far, this subsystem 
seems straightforward. Complexity emerges from the 
coexistence or interaction with the other subsystems. As 
an example, while explainable AI is embedded in the 
social sphere its developmental aspects are part of the 
technological backend more so than the user interface. 
The data and metadata the AI artifact uses has a source 
which is, as of now, emerging from existing systems 
and/or human interaction. Thus, the data that forms the 
basis for value creation with AI technologies is part of 
the information or even the social subsystem, bringing 
these perspectives far closer together than the model for 
the IS artifact suggests.  

At the same time, AI applications span the bridge 
between the social and technological subsystem by 
creating technologies that are meant to be integrated in 
or even be the recipients of social interactions. Xiong et 
al. (2023) show the parasocial relationship that can 
emerge through the social interaction with the 
technology. Data being constantly filtered in and out of 
technologies and being created through interactions and 
communication within the social subsystem also raises 
questions of the role of the information subsystem. It is 
certainly a central element of the IS artifact, but has AI 
furthered the development of technology so far as to 
make this perspective redundant? While the literature 
still identifies informational aspects as part of the AI 
artifact (Dietz & Mulder, 2020), in contrast to 
technological or human-centered/ social aspects, they 
are rarely mentioned in an isolated manner. Information 
is either connected to the technical standards that are 
needed to process it (Dietz & Mulder, 2020; Münch & 
Ferraz, 2024) or to the human subsystem, in that the 
artifact requires human guidance to process information 
(Dietz & Mulder, 2020; Epstein, 2006) or in itself 
possesses knowledge (Burggräf et al., 2024). It is thus 
suggested to incorporate information into both the 
technological and the human subsystem, since finally 
the information informing human perceptions of and 
approaches to the AI artifact are influenced by its 
technological design and at the same time inform the 
development of technological elements within the 
artifact.  

Lastly, the complexity of the interactions between 
the subsystems also leads to the emergence of an 
additional layer surrounding these systems, including 
the risks, competences and solutions as factors that stand 
in-between the AI artifact and its in- and output. Risks 
and unintended negative consequences (Sidorova, 2018) 

stem from the availability of technology but 
significantly impact the whole system and its output. 
This environment also bridges the layer of competences 
(i.e., skills, attitudes, and knowledge) with which human 
actors approach the artifact. With the development of 
the human subsystem, this factor affects both the 
internal and external design of the AI artifact. The 
solution-oriented design of the AI artifact integrates the 
need for purpose in the output, which cements the AI 
artifact further as a response to the complex problems 
that can be found and addressed through GST. Figure 2 
shows a first version of the suggested revised 
conceptualization. Future research may further discuss 
and adapt this model to the theoretical and practical 
needs of designing and adopting the AI artifact. 

 
Figure 2: A GST-informed conceptualization of the 

AI artifact. Own depiction. 

5.2 Research Agenda 

In addition to conceptualizing the AI artifact in an 
IT context, this paper set out to identify an agenda for 
further research. This section covers the landscape for 
further research around the conceptualization of the AI 
artifact, building on the analysis of a systematic review 
of the literature and implications from the conceptual 
framework developed in this paper. The 
recommendations for further research can be divided 
into content-related and methodological or research 
design-related suggestions. Thus, this paper presents a 
first attempt to identify the basis for a future research 
framework that supports the firm integration of the AI 
artifact in Information systems literature.  

 
5.2.1 Content-related suggestions for further 
research: Resulting from the systematic review 
conducted in this study, both academically and 
practically oriented suggestions for further research 
emerge. Starting with the academic content, the 
literature suggests a lot of potential for future research 
in the technical aspects and the design of the AI artifact. 
The constant development of the core technologies 
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necessitates further testing and development from the 
scientific community (Burggräf et al., 2024). The 
definition of, e.g., metadata standards can additionally 
contribute to more rigorous and higher quality AI 
technologies (Qin & Yu, 2023). Basic and further 
research should focus on the technologies that enable 
AI, but also the problem spaces, challenges, 
perspectives, and capabilities for and with which the AI 
artifact is being designed (Bawack et al., 2021). The 
questions Epstein (2006) raised nearly two decades ago 
in regard of designing the AI artifact to effectively 
emulate human problem solving do not seem to be 
sufficiently answered yet. 

The answers to these questions could be connected 
to the second area in which there is a lot of room for 
theoretical and empirical reflection: the agency and 
impact of the AI artifact. Understanding issues around 
the agency and autonomy of AI and connecting them to 
other actors (Sidorova, 2018) as well as elaborating on 
the agent paradigm overall (Hernández-Orallo et al., 
2020), have been central aspects of the observed 
literature. This includes the role of the AI itself, 
especially in the context of the human subsystem 
conceptualized in the study, as well as overall patterns 
and principles which might emerge for the roles the AI 
artifact can take as an agent (De Vreede et al., 2020). 
The autonomy of the AI artifact is also connected to its 
adoption and impact, a relationship that will become 
more apparent in the future and requires continuous 
academic monitoring as well as reflection on 
interrelations and dependencies (Münch & Ferraz, 
2024; Xiong et al., 2024). 

The third big category for further research concerns 
learning and competences, of both the AI artifact as well 
as the humans interacting with it. Theory could be 
extended through new interdisciplinary connections, 
e.g. the application of psychological theories on learning 
capabilities of the AI artifact (Bawack et al., 2021). As 
the discussion above as shown, competences are a 
significant element around the AI artifact. Following the 
classification of competences consisting of skills, 
knowledge, and attitudes (European Communities, 
2007), not only users and designers of the AI artifact 
require these, but they could be applied to the AI artifact 
as a human-mirroring agent. That the AI artifact needs, 
and is able, to learn new skills has already been taken as 
a given in the literature (Bawack et al., 2021). At the 
same time the AI artifact, particularly in the information 
context, might consist of and/ or possess knowledge 
(Epstein, 2006). Based on the conceptual framework 
developed in this paper, further research could explore 
the competences of the AI artifact in detail, examining 
inhowfar and which skills and knowledge the AI artifact 
could possess. Additionally, future research could ask 
and examine if and how attitudes play into the 

competences of the AI artifact. While knowledge and 
skills are already present and start being discussed in the 
literature, this third aspect of competences has not been 
examined so far but might become important in the 
moment in which the AI artifact takes up the role of a 
fully realized agent. 

Aside from these more theoretical elaborations, 
there are some suggestions for further research that 
might be particularly attractive for practitioners or more 
practically oriented empirical research. This mainly 
concerns the need to validate the AI artifact in practical 
use, e.g. when being employed by government agencies 
(Chohan et al., 2020). More established applications 
could also benefit from continuous monitoring of their 
functionality and effects, as exemplified by used cases 
in the judicial sector, where questions around the agency 
of judges in relation to decisions generated by the AI 
artifact arise (Münch & Ferraz, 2024). Overall, 
monitoring these applications would also allow for the 
exploration of timely relevant topics and a quick 
scientific response to incidents and safety risks, which 
are topics that require further and more detailed 
exploration (and solutions) (Hernández-Orallo et al., 
2020). Finally, there should be continued and more 
detailed studies to observe the interaction between 
humans and the AI artifact, especially in a learning 
context. In-depth studies that provide the necessary 
technological infrastructure are recommended (Hsu et 
al., 2023). 

 
5.2.2 Suggestions for methodology and research 
design: The second stream of further research potential 
concerns suggestion for research design and methods. 
There seems to be a consensus in the literature, that 
more rigorous, in-depth, and systematic studies and 
explorations will benefit the topic. These are certainly 
necessary. However, these recommendations are insofar 
interesting, as most of the examined papers have been 
qualitative or conceptual/theoretical. Consequently, 
there might be room for broader practical applications 
and more mixed methods or even quantitative studies 
that help to create a broader picture of design options for 
the AI artifact, repeated patterns, e.g. concerning the 
risks and solutions the artifact provides, or largescale 
survey on the human perception of the adoption of AI 
technologies. 

Nonetheless, the qualitative approaches that have 
been suggested are not only helpful, but potentially 
necessary to achieve full academic insight into the AI 
artifact. Researchers advocate for rigorous (Sidorova, 
2018), holistic integrated approaches (Stauder & Kühl, 
2022) when designing further research. To achieve 
thoroughness, in-depth case studies and systematic 
explorations are recommended (Hernández-Orallo et 
al., 2020). Following up on case studies (Tkachuk et al., 
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2020) and testing research frameworks can be valuable 
ways to achieve this (Bawack et al., 2021). An approach 
to widen the perspective could be found in examining 
multinational or more varied scenarios in depth and 
using diverse (qualitative) methods to support these 
explorations (Xiong et al., 2024). Overall, the need for 
rigorous, in-depth studies of the various issues 
surrounding the AI artifact is clear. This could be 
accompanied by a broader approach to more diversified 
methods and the practical application of conceptual 
models. 

6. Conclusion 

This paper demonstrates how AI contributes with 
an additional layer of complexity to the information 
systems context within the conceptualization of an AI 
artifact. Building on the IS artifact’s prior use within 
general systems theory, we argue that this theory 
remains a useful lens for contextualizing the AI artifact 
due to its problem-oriented and complex nature, while 
we acknowledge that other lenses such as complexity 
science or Actor-Network Theory could lead to different 
model choices. Based on an expanded literature review, 
this study suggests a new contextualization of the 
conceptual framework developed by Chatterjee et al. 
(2017) that integrates the AI artifact. The framework 
highlights new complexities in the relationships 
between the social and technological subsystems, 
demonstrating how information bridges these 
subsystems and how human perspectives not only 
influence the social subsystem, but how the AI artifact 
itself can become an agent with human-mirroring 
characteristics. To accommodate these developments, 
we reconceptualize the social subsystem into the human 
subsystem and information, instead of standing isolated 
from technology and human behavior, has been 
integrated into both as a connecting factor. An 
additional, environmental, layer has been added, to 
specify the factors that influence and are part of the in- 
and output of the system that is the AI artifact, including 
risks, solutions, and competences. Due to its 
controversial nature, we present this representation as 
non-normative testable hypothesis, not as settled 
conclusion. Empirical work should further explore 
when “apparent agency” is modeled as delegated, 
distributed or institutional.  

Additionally, more conceptual work can be done, 
building on our findings. We chose a narrow search 
string and selected databases to focus our narrative view 
on the AI artifact itself. A future comprehensive 
examination of the literature around the AI artifact that 
also includes databases like Google Scholar might lead 
to additional insights that can strengthen our conceptual 
understanding. 

Our contribution also lies on the discussed further 
research agenda, highlighting the need for deeper 
exploration of the design, agency, and competences of 
the AI artifact through rigorous qualitative studies. 
Further research will also be required to test the 
conceptual framework developed here and identify its 
limits and needs for adaptation. This research is limited 
by the systems-oriented perspective and the selection of 
literature that has been chosen for analysis. Bringing 
these results together with interdisciplinary reviews 
from other theoretical perspectives might enhance the 
possible insight. Still, this conceptual framework 
provides a holistic, GST-aligned perspective on the AI 
artifact that invites refinement through broader 
evidence, alternative theorizing, and empirical 
application. 
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