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Abstract

This paper introduces Generative Atrtificial Experts (GAESs) - a concept of a new type of
generative Al agents designed for human-Al collaboration in knowledge work. GAEs have
specialized domain expertise, perform tasks within bounded autonomy, include a synthetic
persona and possess multimodal generative Al capabilities, among other features. We provide
a definition of GAEs which includes seven defining traits, offering a taxonomy which sets
them apart from other generative Al systems. We use literature-review based conceptual
analysis with abductive reasoning to propose the new concept that addresses identified
limitations in existing systems. The paper explores the emergence of GAEs as a leap from
expert systems. We name two enablers for GAEs - ongoing development of a research field
of human-Al collaboration and growing capabilities of generative artificial intelligence
systems. We discuss existing generative Al agents, noting that GAEs as such do not exist yet,
but are starting to emerge. Due conceptual nature of this paper we do not explore the technical
aspects of GAEs development. Instead, we use illustrative examples to present possible
applications of GAEs and their potential role in the future of knowledge work.

1. Introduction

The field of generative artificial intelligence has witnessed substantial advancement in recent
years. Thus far, access to this advanced technology was confined to a niche audience of
software developers, researchers, and field experts. Recent developments, however, have made
powerful tools publicly accessible. Public availability of generative Al tools and models,
particularly large language models, has already notably altered professional workflows.
Ongoing developments in agentic Al will likely enhance this trend (Acharya et al., 2025; Singh
et al., 2024). These advancements have democratized the utilization of Al, bringing
unprecedented capabilities to masses, however gaps in context-sensitive, specialized
applications remain. Present generative models, despite their overall effectiveness, often fall
short in delivering the in-depth domain understanding often necessary for specific tasks (Kumar
et al., 2023; Mukherjee & Chang, 2023; Piller et al., 2024; Sharma et al., 2023).

Knowledge work is believed to be an area of work that will be the most impacted by a wider
adoption of generative artificial intelligence. The impact of increased generative Al adoption
in knowledge work is believed to be positive - reduced cognitive load, increased capacity for
more complex tasks and enhanced learning process, are some of the benefits (Alavi &
Westerman, 2023). Knowledge work provides possibly unlimited modalities of GAEs, thus the
following conceptualization of generative artificial experts is based on that area. Furthermore,
human-Al partnerships serve as enablers for enhancing knowledge work (Jarrahi, 2018).

This provides an opportunity to develop a new type of Al systems, specifically designed to
meet the increasing demands for contextual intelligence in knowledge work. These systems
could contribute to productivity more than existing generative Al systems. To address this gap,
we develop and propose the concept of generative artificial experts (GAES). Generative
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artificial experts (GAES) are a new category of computer systems with conversational interface,
based on generative artificial intelligence, and equipped with domain knowledge and tasked
with solving problems together with people, in a collaborative manner. They act as semi-
autonomous, highly specialized Al agents (Poole & Mackworth, 2023). GAEs have a narrow,
but in-depth knowledge on a selected field, suitable for a given usage scenario. While they
would include the general body of knowledge and comprehension of the world (alike other
LLM-based systems), underlying models of GAEs would be trained on domain-specific
training data to be able to solve specific problems in a way appropriate for that domain. We can
imagine GAEs being applied in any knowledge work areas, from a local jurisdiction tax
advisory, medical support, to help in running genetic sequencing in a lab. GAEs could support
both experts and non-experts in knowledge work. Using GAEs would in many ways be similar
to how LLM-based conversational systems are used. GAEs could assume specific personas,
e.g. a seasoned university professor with hundreds of publications on a given topic or a
successful entrepreneur. They would then adopt the communication style and overall attitude
associated with said personas. Inclusion of the persona in GAEs design is justified by early
results of studies showing that bots which resemble some human character traits are preferred
by some users compared to those that do not. The persona’s character traits are highly dependent
on specific user preferences (Pal et al., 2023; Sowa et al., 2021). GAEs would be based on
multi-modal generative artificial intelligence software, with a large-language model as a
bedrock of the system. It means that they have capabilities including natural language
processing, reasoning, learning, image processing and content generation. Thus, the interface
for communication with users (people) is natural language - written or spoken. These systems
would also be able to reason and make decisions, to a limited extent and with human oversight
(bounded autonomy, as described later). It is also important to note that GAEs are not intended
to replace human expertise in specialized domains, but to support it.

Current generative Al systems, while versatile, typically possess a broad and superficial
knowledge base, making them prone to inaccuracies, or 'hallucinations,’ when handling domain-
specific tasks (Roychowdhury, 2023). Their reactive nature, reliant on user prompts, and limited
capabilities for workflow integration often restrict their effectiveness. However, due to
technological advancement in generative Al, new systems are closer to fulfilling the “emulating
human expertise” (Jackson, 1999) promise than traditional expert systems were. This paper
addresses a literature gap by introducing the novel concept of generative artificial experts, a
system that uniquely combines multiple advanced traits to address the limitations observed in
current generative Al systems. Our work is distinctive in its holistic approach, systematically
unifying these traits into a framework that enhances Al's applicability in specialized knowledge
work settings.

This paper employs a conceptual analysis, grounded in a review of literature across multiple
domains including generative Al, expert systems, and human-Al collaboration. It utilizes
abductive reasoning to propose a novel concept that addresses identified limitations in current
generative Al systems.

In the first section we explain expert systems and their fundamental role for GAEs. Later we
discuss generative artificial intelligence. Both concepts put together contribute to a leap from
expert systems to generative artificial experts. In the second section we provide further
theoretical grounding for GAEs - the growing body of knowledge about human-Al
collaboration. The third section is focused on defining GAEs. We define the concept in detail,
and present seven defining traits that differentiates it from other types of generative Al systems.
We then show illustrative examples how GAEs could work, and we lay out practical
instructions on how to develop GAEs using existing technologies. In section four we discuss
the impact of GAEs, as well as concerns and challenges connected with their development.
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2. From Expert Systems and Generative Al to Generative Artificial Experts

In this section we discuss expert systems and generative artificial intelligence, per their
fundamental role for generative artificial experts. We briefly define expert systems and name
their limitations. We highlight the increasing role and capabilities of generative Al and a
possible leap to GAEs.

Generative artificial experts may be perceived as an evolution of expert systems, though far
surpassing their capabilities and potential. Expert systems were the first concentrated attempt
to encapsulate and replicate human expertise within a computational framework. In that sense,
research on expert systems has laid the groundwork for the emergence of generative artificial
experts. Expert systems were an important step in development of artificial intelligence, despite
their low applicability at the time of their inception (1970s and later), as a result of limited
computational capacity and other technical pitfalls that these systems had (Crevier, 1993;
Partridge, 1987).

2.1 Expert Systems

Expert systems are artificial intelligence applications designed to solve complex problems by
emulating the decision-making ability of a human expert. The essence of expert systems lies in
their ability to synthesize vast amounts of information and reason using the gathered body of
knowledge, offering specialized insights, much like a human expert would (Giarratano & Riley,
2005). Expert systems have found applications across various domains, such as data
interpretation tasks (e.g. seismic analysis or semantic analysis in language processing),
prediction tasks (e.g. weather forecasting), or medical tasks (e.g. medical diagnoses support)
(Hayes-Roth et al., 1983). The foundations of expert systems were laid during the 1960s and
1970s, with pioneering projects such as DENDRAL (Lindsay et al., 1993), aimed at deducing
chemical structures, and MYCIN (Shortliffe, 1974) , a system tailored for medical diagnoses.
These attempts demonstrated the potential of rule-based systems to emulate human decision-
making in niche domains. The subsequent decades, particularly the 1980s, witnessed an
increase in research and commercial interest, resulting in the deployment of commercial expert
systems, such as SID, written in LISP. In the late 20th and early 21st century expert systems
were integrated with more advanced computational techniques. Harnessing the power of neural
networks and rule based systems, the capabilities and adaptability of expert systems increased
considerably (Yoon et al., 1994).

Expert systems consist of several interconnected components. The core of an expert system
is the knowledge base, which stores specific information and rules. The inference engine
leverages logical rules to deduce answers from the knowledge base. The explanation facility
provides insight into the reasoning and decision-making process of the system. The knowledge
acquisition facility streamlines the process of gathering expertise from human experts and
translates it into a format that the expert system can utilize. Serving as the bridge between
human users and the expert system, the user interface enables efficient interaction, and ensures
that users can easily input queries and comprehend the system's responses (Giarratano & Riley,
2005; Waterman, 1985).

Traditional expert systems held several limitations. The knowledge acquisition bottleneck in
expert systems was a significant challenge, as the process was very labor intensive - it required
manual input and curation provided by human experts. Building, updating, and expanding the
knowledge base was a time-consuming and costly process, making it difficult to keep the
systems up-to-date and relevant (Chu & Hwang, 2008; Hubert & Dreyfus, 1997). Performance
was also a challenge in early expert systems, often attributed to the use of tools that interpreted
code expressions without prior compilation. As the knowledge base's size and complexity grew,
so did the computational demands, making even simple tasks computationally expensive
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(Partridge, 1987). Expert systems operated within a confined and static world of knowledge
(often confined to a selected discipline of knowledge), lacking understanding of concepts and
their interrelationships. This limitation made the systems unable to generate new insights or
understand the connections between different elements of the knowledge base (Mccarthy,
1984).

2.2 Generative Artificial Intelligence

Generative artificial intelligence refers to a category of artificial intelligence systems that are
designed to create new data, such as text, images, or audio, based on patterns learned from
existing data (Goodfellow et al., 2016). The technology started growing in significance around
2017-2018 with development of first transformer-based systems, then gained even more
traction in the following years (2019-2021), although the peak of applicability and development
of generative Al is currently ongoing.

Some of the most prominent developments include large language models, such as OpenAl's
GPT-1 through GPT-4, Meta Al's LLaMA, Gemini models from Google, or Claude models
from Anthropic. Large-scale language models function based on the principle of statistical
pattern recognition over extensive textual datasets. In the model training phase, they recognize
linguistic structures and probabilistic dependencies within the textual data. Later, upon
receiving a prompt, based on this body of knowledge, they produce human-like textual output.
These models lack cognition - they do not possess semantic understanding of the text they get,
similar to human cognition, but rather forecast subsequent textual elements based on previously
learned patterns (Janik, 2023). On the other hand, knowledge bases that these systems were
trained on were vast, thus the extent of information they can retrieve or produce is extensive
too, in many ways convincingly similar to human domain experts (Z. Wang et al., 2022).
Despite being young in development and application, LLMs are already considered as an
immense value added for businesses, aiding in tasks such as translation, summarization, and
guestion-answering (Brown et al., 2020).

Generative systems also provide significant capabilities in image generation. They are based
on deep generative neural networks, utilizing diffusion models (Chang et al., 2023). Thanks to
significant development of these methods, systems like Stable Diffusion, Midjourney or DALL-
E can generate high quality images based on text descriptions (prompts).

In the software development sphere, systems like GitHub Copilot are able to understand and
generate code in popular programming languages like Python, JavaScript, C and others
(Yetistiren et al., 2022). There were also significant advancements in audio generation (Borsos
et al., 2023), and there are ongoing attempts to generate video (Liu et al., 2024). Finally,
multimodal generative Al (Suzuki & Matsuo, 2022), which combines different data modalities
like text, images, and video, is an emerging area with immense application potential. By
integrating various output types, these models will enable more complex and versatile
applications.

Generative Al is foundational to GAEs. The multimodal capabilities of GAEs, including
natural language processing and image or code generation, are direct extensions of the
advancements in generative Al, allowing GAES to interact and respond in ways that are most
effective for the task at hand.

2.3 From Expert Systems to Generative Artificial Experts
Generative artificial experts are a technological leap from expert systems. This progression is

rooted in the shared goal of emulating human expertise, with advancements in generative
artificial intelligence being the cause for the significant technological leap.
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The term 'experts' in 'generative artificial experts' directly references and extends the concept
of 'experts' in 'expert systems.' In transitioning to generative artificial experts, we retain the
notion of specialized proficiency but introduce broader capabilities. This evolution reflects not
only advancements in Al technology but also a shift towards systems that are capable of
learning, adapting, and, most of all, generating new insights beyond static rule-based reasoning.
Therefore, while the name echoes the heritage of expert systems, it also marks a departure
towards more sophisticated systems, aiming to support human expertise rather than merely
replicate it.

When defining the ‘expertise’ of generative artificial experts, we follow the well-grounded
works on expert systems. According to Giarratano and Riley (2005), expert systems are defined
by their use of specialized knowledge to solve problems at the level of a human expert, and “an
expert is a person who has expertise in a certain area”. First expert systems were based solely
on expert knowledge, however that loosened with time with many expert systems being based
on explicit, codified knowledge. Giarratano and Riley propose a hierarchy, where true expertise
- rare and specific to one domain, is higher than generally available knowledge, however expert
systems should include both to function well. Authors add that “Expert systems, like human
experts, are generally designed to be experts in one problem domain.” and that “the expert
system reasons or makes inferences in the same way that a human expert would reason or infer
the solution of a problem”. This understanding of the concept of an ‘expert’ directly translates
to further work on generative artificial experts.

Expert systems, while groundbreaking, were fundamentally limited by their rigid rule-based
frameworks, which restricted their ability to adapt to new or unforeseen scenarios, often
resulting in error-prone performance in complex environments. These systems were isolated
from the continuous feedback loops typical in dynamic settings, lacking the capability to evolve
with the changing landscapes of their application areas, which rendered them obsolete as soon
as the external parameters shifted. Expert systems also faced significant scalability issues. Their
knowledge bases could not expand autonomously, requiring intensive manual intervention to
learn or update, which starkly contrasts with the self-improving capabilities of modern
generative Al. Moreover, the absence of collaborative and creative capacities in expert systems
severely limited their usability in interdisciplinary and creative problem-solving tasks, areas
where GAEs excel by design, leveraging continuous interaction and generative capabilities.

Expert systems laid the groundwork for generative artificial experts by demonstrating that
Al can emulate human decision-making in specialized domains. By encapsulating expert
knowledge into a series of rule-based operations, these systems could offer consultation and
recommendations like a human expert. However, this emulation was often limited to specific,
narrowly defined problem spaces, lacking the ability to learn from new data or adapt to evolving
contexts. GAEs leverage advancements in generative Al, giving them the ability to process and
generate diverse data forms, fulfilling more complex roles within their domain of expertise.
Additionally, generative Al based systems can bring an element of creativity to problem-
solving - they can produce novel solutions, ideas, and insights (Rick et al., 2023). They can
manage larger scale tasks thanks to novel computational methods and higher processing power
available. Furthermore, GAEs are not just isolated decision-makers but collaborative tools
enhancing human capabilities.

3. Human-AlIl Collaboration as an Enabler for GAEs

In this section we explain how the ongoing development of the concept of Human-Al
Collaboration provides the grounds for emergence of generative artificial experts. Prior to that
though, in subsection 2.1 we lay down selected theories and empirical evidence on collaboration
in the business context, which constitute a set of six theoretical arguments validating the
conception of human-Al collaboration.
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We argue that understanding the concept of collaboration is fundamental for
conceptualization of human-Al collaboration and subsequently for generative artificial experts.
Though collaboration by definition happens between people (American Psychological
Association, 2024), we make a case that one can apply the knowledge about collaboration
between people to collaboration between people and artificial intelligence agents (within
human-Al collaboration).

3.1 Collaboration in The Business Context - Theories

Collaboration is a crucial aspect of the business landscape, as it stimulates sharing of
knowledge, resources, and skills among individuals and organizations. By engaging in
collaborative endeavors, businesses can unlock new opportunities for growth and innovation
(Jassawalla & Sashittal, 2006). The following is a set of six theoretical arguments supporting
emergence of human-Al collaboration and consequently generative artificial experts as
collaborative systems, and how these theories inform development of the concept.

3.1.1 COLLABORATION IS NATURAL FOR PEOPLE

Collaboration, being a mechanism resulting from evolutionary forces, happens naturally for
people (Hill, 2002). Peoples’ interdependence within groups led to development of cultural
conventions and norms based on collaboration, setting our species aside as intrinsically
collaborative (Tomasello et al., 2012). Thus, it is possible that human-Al collaboration may
arise from these natural predispositions (Jemielniak & Przegalinska, 2020). Consequently, the
benefits of collaboration between people and Al agents, as opposed to competition, may hold,
as they do when people collaborate (Sowa et al., 2021). Since the understanding of human-
human collaboration is extensive, it ought to be fundamental for considerations about human-
Al collaboration. Furthermore, the natural inclination of humans towards collaboration is
fundamental to GAEs, which are intended to work alongside humans in a collaborative manner.

3.1.2 PEOPLE PERFORM A COST-BENEFIT ANALYSIS OF COLLABORATION UNDER
SOCIAL EXCHANGE THEORY

Social Exchange Theory (American Psychological Association, 2018) how humans engage in
cost-benefit analyses when entering an interaction, and it is highly applicable to the case of
GAEs. Users are likely to engage more with GAEs when the perceived benefits, such as
enhanced productivity and decision-making, outweigh the costs. This theory underscores the
importance of designing GAEs to offer tangible value in collaborative efforts.

3.1.3 COLLABORATION OUTWEIGHS COMPETITION, UNDER SOCIAL
INTERDEPENDENCE THEORY

Social Interdependence Theory is a theoretical framework that directly supports the idea that
collaborative (cooperative) efforts in certain contexts can lead to more beneficial outcomes than
competitive strategies (Deutsch, 1949; Johnson & Johnson, 1989). This theory suggests that the
way in which goals are structured within groups can significantly affect the outcomes of those
groups, with cooperative (collaborative) goal structures often leading to more positive
outcomes compared to competitive or individualistic structures. Positive interdependence exists
when individuals working in tandem reach their goals together. In competition, people waste
resources trying to outdo each other, while in collaboration resources are shared for a common
goal, making this approach much more productive in the long-term. Furthermore, collaboration
can provide emotional satisfaction and a sense of belonging. When individuals or groups
collaborate, they can experience a sense of shared purpose and achievement, which can be
emotionally rewarding (Nowak & Highfield, 2011). The value of collaboration over
competition is mirrored in the design of GAEs. These systems are developed to collaborate with
humans, sharing resources and expertise for a common goal, thereby enhancing overall
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productivity and fostering innovation, much more effectively than competitive approaches.

3.1.4 CPM MODEL INFORMS THE DESIGN OF GAES

Collaboration Process Model (CPM) (Mattessich & Monsey, 1992) offers a structured
framework to analyze and comprehend the complexities of collaboration. According to the
model, there are nineteen factors that influence the success of collaboration. The model assumes
managing all the factors simultaneously, however in the context of this paper we highlight three:
(1) mutual respect, understanding, and trust; (2) clear roles, policy guidelines; (3) multiple
layers of decision-making. Collaboration thrives when participants recognize and value each
other's expertise and more importantly - trust each other, fostering an environment where open
communication and reliance. Well-defined responsibilities and expectations for all
collaborators ensure that everyone understands their role and the rules governing the
collaboration. The presence of different levels of decision-making authority within the
collaborative process allows for a more nuanced and adaptive approach to problem-solving and
decision-making, further enhancing the effectiveness of the collaboration. The factors of
mutual respect, clear roles, and multiple layers of decision-making in CPM need to be reflected
in the design of GAEs, which must respect human expertise, have well-defined functions, and
be capable of making decisions (within boundaries) at different levels of autonomy within
collaborative settings.

3.1.5 COLLABORATION ENHANCES INNOVATION AND KNOWLEDGE TRANSFER

Collaboration in business may take various forms, ranging from informal knowledge sharing to
more structured partnerships and alliances. For instance, cross-functional teams can benefit
from the exchange of expertise and resources (Jassawalla & Sashittal, 2006). Inter-
organizational collaboration is also positively linked to companies’ performance (Cao & Zhang,
2011). Other benefits include increased innovation, improved product quality, cost saving in
some cases. The same factors that influence the effectiveness of knowledge transfer between
organizations, are also relevant when considering collaboration among individuals, as concepts
of collaboration and knowledge transfer apply there as well. By engaging in collaborative
efforts, individuals can expand their knowledge, enhance their skills, and increase their
problem-solving capabilities, ultimately benefiting their personal and professional growth
(Nonaka & Takeuchi, 1995). By integrating into various domains and working alongside human
experts, GAEs facilitate the sharing of knowledge and foster innovative solutions, significantly
benefiting from the diverse perspectives and expertise found in collaborative environments.

3.1.6 COLLABORATION IMPROVES PRODUCTIVITY

Collaboration is essential for entrepreneurs, particularly in fostering innovation and leveraging
diverse skills to increase efficiency. By engaging in collaborative efforts, entrepreneurs can tap
into the collective intelligence of others, enabling them to generate new ideas and create
innovative solutions. Entrepreneurs with more extensive and diverse networks are better able
to generate high-quality innovation ideas than those with more limited or homogeneous
networks. By actively seeking out and leveraging diverse network connections and
collaboration, entrepreneurs can enhance their innovation capabilities (Bjork & Magnusson,
2009). In industry 4.0, collaboration can act as an enabler and driver for increased productivity,
provided that companies apply certain collaborative practices (Schuh et al., 2014). When
technology is added to the mix, studies found interdependence between collaboration,
technology and productivity (Sanders, 2007). Similarly, on the level of individual employees
or entrepreneurs, technologies (social networks in this case) were found to increase
collaboration between professionals and therefore lead to their higher productivity (Ferreira &
Du, 2009). Though the consensus is that collaboration has a positive effect on productivity, a
collaborative overload may bring the opposite effect (Lansmann & Klein, 2018).
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3.2 Human-Al Collaboration (HAIC)

While human-Al collaboration is still an emerging concept, there has been a strong uptake in
scientific publications featuring it (Hemmer et al., 2023). We start with a highlight of human-
computer interaction, which we consider as step one, then human-Al interaction - step two, and
then onto step three - human-Al collaboration. The conceptualization of generative artificial
experts and their application in knowledge work relies fundamentally on human-Al
collaboration.

3.2.1 FROM HUMAN-COMPUTER INTERACTION TO HUMAN-AI COLLABORATION

Human-computer interaction (HCI) is a well-grounded field of research focused on interaction
between people and technology, traditionally addressed by design and evaluation of computer
interfaces. The emphasis lies in usability, ergonomics, and user experience. The field has
evolved significantly since its inception, broadening to include interdisciplinary studies that
encompass psychology, design, and social sciences (Kim, 2015). This process has led to
increasingly sophisticated interfaces, both in hardware and software, aimed at enhancing the
user's interaction with computer systems. These include interfaces employing natural language
processing, such as chatbots or voice assistants, where rather than clicking buttons or sliders on
a graphical user interface people use natural language to communicate their needs to the
machine.

Advances in Al and subsequently increasing quality of natural language interaction forced
emergence of human-Al interaction as a new construct. Human-Al interaction follows all key
principles of HCI, as well as several new guidelines, applicable only to specificity of interaction
with systems based on artificial intelligence (Amershi et al., 2019).

Using language is natural for humans, and so is collaboration (Hill, 2002). In the high-
quality, natural language-based interaction between people and Al, collaboration between them
is plausible, and would be a natural, next step. It goes beyond the simplified back and forth
gueries or commands characteristic for insofar human-Al interactions, entering a new space
where both parties (human and Al agents) adapt, learn from interacting with each other. Simple
interaction denotes a one-sided or transactional engagement - one party (human) needs
something (e.g. an information or a solved task) and queries the other party (Al) for it. On the
other hand, collaboration implies a more mutualistic relationship - that is both parties working
together towards the same goal.

What may also draw people into collaborative endeavors with Al is their usual tendency to
seek self-benefit from any interactions (Social Exchange Theory). As such, collaboration with
Al has potential to bring several benefits to people, some of which have already been proven in
experimental studies (e.g. increased productivity or possibility to automate selected tasks), and
many are yet to be researched (Campero et al., 2022).

Collaborative intelligence is another theoretical construct that further substantiates the
rationality of human-Al collaboration. While traditionally it focused on networks of people
working together to solve a common problem with technology acting as an enabler, it has
already been established that Al can become an intrinsic part of the “multi-agent problem-
solving networks”, working hand-in-hand with people (Gill, 2012). Daugherty and Wilson
(Daugherty & Wilson, 2018) extensively address the idea in their book, arguing that it is more
likely for people to work together with artificial intelligence based systems rather than to be
replaced by them in workplaces. Another substantial contribution to the field was Thomas
Malone’s “Superminds” (Malone, 2018), showcasing the possibility for humans and computers
to think and solve problems together. He distinguished four roles that machines can take
towards people in such collaboration — ‘tools’, ‘assistants’, ‘peers’ and ‘managers’. All of them
provide value to the user, as well boosts the teams’ performance, but on various levels of
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proximity. With ‘tools’ the interaction is one-sided, always initiated by a human. ‘Assistants’
act more autonomously, though within limits, and alike ‘tools’, their actions are fully controlled
by human users. ‘Peers’ have a greater level of autonomy, yet always working at least under
human supervision, they seamlessly interact with their user, as well as other parties. ‘Managers’
will possibly distribute and manage workload in mixed human and Al teams. Malone also
argues that people and machines working together are examples of collective intelligence. Al
can handle tasks such as data collection, pattern recognition, analyses, while humans can
manage tasks that require emotional intelligence, empathy, abstract thinking, or ethical
considerations. This division of labor can maximize the strengths of both entities and lead to a
greater result than if they were working separately. As Malone argues, the role of such
collaborations in driving innovation is emphasized to achieve outcomes neither could achieve
alone. The concept of collaborative intelligence, where Al becomes a part of problem-solving
networks alongside humans, is central to the idea of GAEs. GAEs are designed to act as
assistants, peers, or even managers within these networks, complementing human intelligence
with their data processing and analytical abilities, and contributing to a collective intelligence
that surpasses individual capabilities.

Wang et al. (2020) call for a shift in focus from mere interaction to true collaboration
between humans and Al, proposing a framework for Computer-Supported Cooperative Work
to enhance mutual goal understanding and task co-management. Dellerman and colleagues
(2021) identify the need for socio-technological ensembles that combine human and artificial
intelligence, offering a structured design taxonomy to guide the development of systems that
can achieve complex goals through hybrid intelligence. Nah and Zheng (2023) highlight the
transformative potential of generative Al across diverse sectors including business, healthcare,
and education, emphasizing the necessity for human-centered approaches to address ethical,
technical, and regulatory challenges. Lastly, Memmert (2023) explores the dynamics of human-
Al collaboration in brainstorming tasks, revealing that while generative large language models
like GPT-3 can stimulate cognitive processes, they also include risks such as free riding,
underscoring the complexity of integrating Al into traditional human group settings. This body
of literature underscores the evolving landscape of human-Al interaction and sets a foundation
for the introduction of generative artificial experts.

3.2.2 EXAMPLES OF HUMAN-AI COLLABORATION

Just as human-human collaboration in knowledge work can take many forms, so can human-
Al collaboration, as demonstrated by several examples. The growing corpus of recent literature
on the topic provides several case studies showcasing the versatile application areas of human-
Al collaboration.

In an experimental study, human-Al collaboration in the field of marketing has been proven
to bring better results in terms of productivity and work satisfaction, as compared to people
working on their own (Sowa & Przegalinska, 2020). Other examples in knowledge work
include possible usage of HAIC in disseminating expert knowledge in organizations and
training new employees (Spitzer et al., 2022). Wang et al. (2023) presented an instance of
employing HAIC for data science work. They demonstrated a process where a human worker
and Al work together on solving a problem, handing over the task between them several times.
First, the human prepares grounds for a data analysis, selects key data points and appropriate
visualization layouts, then the Al system performs an analysis and creates slides. Later, the
human judges the outcome, proposed refinements, and customizations, which are handled by
the Al system.

A strong case has been made for HAIC in healthcare, where it could help address a problem

of qualified staff shortages, increase specialists’ productivity, and benefit the overall patient
care. Though there are many challenges to address, such as transparency of decision-making,
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bias, data security, further research is needed (Lai et al., 2021). Optimal model for human-Al
collaboration in medical decision-making is still in search, though without a doubt the
emergence of the phenomena is beneficial to patients. In an experimental study of analyzing
colonoscopy videos, “human-Al hybrid teams” outperformed humans alone or Al agents
tackling the same task on their own (Reverberi et al., 2022).

In a physical world, truck drivers were proven to be more efficient in route planning when
they were teamed up with an assistive Al. In this case, human-Al teams were found to achieve
better results than humans only, even though they were experienced in the field (Loske &
Klumpp, 2021). Another tangible example are cobots - collaborative robots, which solve
complex tasks in factories “hand-in-hand” with people (Colgate et al., 2023). Saffiotti et al.
(2020) proposed a model of human-Al collaboration in arts and music performances -
combining human pianists with Al drummers, human dancers with Al drummers and human
pianists with robot dancers.

These examples present the potential of human-Al collaboration across diverse fields,
demonstrating its ability to enhance productivity, improve decision-making, and tackle
complex tasks more effectively than humans or Al alone. The breadth of applications highlights
the importance of continued research on the topic but also warrants a wide spectrum of possible
applications for GAEs.

4. Generative Artificial Experts in Detail

This section addresses the definition of generative artificial experts and provides practical
insights into the concept. In the first part we provide a definition of GAEs and list seven defining
traits of GAESs. In the second part we present illustrative examples of GAEs which help to
understand their applicability and later discuss how existing technologies relate to GAEs.

4.1 Generative Artificial Experts - Definition

A generative artificial expert is a collaborative generative Al agent designed for human-Al
collaboration within a specialized domain. GAEs are based on multimodal generative Al,
perform actions, work within bounded autonomy, among other features, to actively participate
in problem-solving and decision-making processes with people. GAEs harness the capabilities
of generative Al in a manner that prioritizes collaboration and enhances human work. These
agents are designed to interact with users using conversational interfaces, providing targeted
assistance in solving complex and specialized tasks that require expert-level knowledge. This
approach distinguishes GAEs from other Al systems where generative components are just one
part of a larger, less focused system.

What differentiates GAEs from generic LLM-based systems such as ChatGPT, Gemini or
Claude is their in-depth understanding of a selected, specialized domain. This specialization is
achieved through training on domain-specific data and scenarios. Another differentiator is the
ability to operate semi-independently within user's workflow, make certain decisions, and
execute a range of tasks.

4.2 Defining Traits of GAES

The defining traits of GAEs is a list of 7+1 elements which provides a detailed understanding
of the concept and sets them apart from other Al-based systems. The combination of all these
seven traits contribute to the definition of the concept. The defining traits were described in
Table 1. A system to be considered a GAE needs to fulfill all the listed traits. It is possible that
some systems, even existing ones, might resemble GAEs - achieving some of the traits, but not
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all of them. We would refer to these kinds of systems as quasi-GAEs, if they were applied in a

GAE context.

Table 1. Defining traits of generative artificial experts

Defining trait

Description

Implementation perspective

Collaborative

Acting as collaborative partners that enhance

Ensure that communication style and
approach to problem-solving is
collaborative. GAEs anticipate needs,

Attitude productivity by working alongside humans. proactively provide support, and discuss
solutions.

Possess specialized knowledge in a specific A common knowledge base gives the system
Domain field, applying this expertise effectively to ability to reason on a general level.
Expertise specific problems with precision, in a way Specialist expertise is achieved through

suitable for a given domain. training of domain-specific data.

S:OUId be designed \,N|th‘cr§fted personas (e.g. Incorporating language models with adjusted

. a mature professor’ or ‘laid back : .

Synthetic entrepreneur), aligning their communication tone, formality, and terminology based on
Persona preneur), aligning . user preferences and the professional

style and interaction to resonate with the

; context.

cultural and professional context of users.

Process and generate various data forms, Enable multimodal capabilities by
Multimodal adapting to user needs and task requirements | integrating models that allow GAEs to
Capabilities by switching or combining modalities for a process and generate textual data, images,

richer experience. video, code, audio and other modalities.

Seamlessly embedded in workflows. Can be
Personal or customized to align with specific user or Achieve personal or organizational fit by

Organizational
Fit

organizational needs, e.g. in terms of
terminology, work patterns, organizational
knowledge.

enabling users to teach GAEs, e.g. about
user-specific workflows or terminology.

Operate within predefined autonomy,

Define bounded autonomy by setting up
triggers and constraints within the GAE

Bounded executing selected_ tasks _mdc_ep_enden_tly within system, allowing it to perform some tasks
Autonomy set parameters while maintaining alignment : - . .
h - B independently while flagging exceptions for
with human oversight and objectives. -
human review.
Facilitate action performance by connecting
Performin Perform a range of actions within the user's GAEs to various enterprise systems and
. 9 workflow, interacting with various systems to | databases, enabling them to execute tasks
Actions - h
proactively complete tasks. such as data entry, file management, and
system monitoring autonomously.
. . . . Implement ethical safeguards by embedding
Require users to ensure operations align with compliance checks and ethical quidelines
Ethical ethical standards, maintaining oversight and p g

consideration

accountability for all generated content and
decisions.

within the GAE’s decision-making
algorithms, ensuring all actions align with
ethical, organizational and legal standards.

4.3 Hlustrative Examples of GAEs

We employ the method of illustrative examples to showcase generative artificial experts in
practice (Rawson et al., 2015). It involves the creation of detailed, hypothetical examples that
are designed to simulate the practical application and outcomes of GAES, due to the absence of
existing real-world examples. They are described in detail in this section, and positive and
negative aspects related to GAEs were addressed later in the paper.
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4.3.1 FINLEY - FINANCIAL TRADING ANALYST

Finley, a generative artificial expert, is developed for applications in the financial sector,
particularly concentrating on stock market data and investment strategies. This GAE supports
employees of corporate financial institutions, such as trading teams in consulting companies,
banks or funds. The primary function of Finley is to analyze and interpret market trends and
stock exchange data, guiding investment decisions and trade executions. The base knowledge
includes understanding of financial theories and practical methodologies in asset management
and investment analysis. Its knowledge and skills were confirmed by the passing financial
certification tests such as CFA, CFP, CPA and CAIA. Finley is capable of processing real-time
market data, generating and verifying investment strategies, and analyzing present and past
market trends.

Table 2. Defining traits of Finley GAE

Defining trait Description

Engages in active discussions on investment strategies, their potential gains and
Collaborative Attitude costs. Is flexible to act as an advisor or to execute trade requests from a user,
depending on which behavior is necessary.

Comprehensive database of market data, understanding of financial instruments and
Domain Expertise concepts; real time update with market research and news. Knowledge confirmed
with passing of CFA, CFP, CPA and CAIA certifications.

Professional, data-driven communication style; adjusts complexity based on user's
expertise, varying from technical to educational. Adopts a tone that's assertive and
Synthetic Persona jargon-heavy, reminiscent of a Wall Street veteran, often using complex financial
terms and industry slang that resonates with the 'investment club' ethos, conveying
market savvy and insider knowledge.

Generates and interprets financial charts, graphs, and heat maps; converts text reports
Multimodal Capabilities | into spoken briefings for auditory updates. Able to run data analysis and interpret
results.

Configurable to match user-specific investment strategies, risk profiles, and
regulatory environments; adapts to different user needs from investment funds to
individual traders.

Personal or
Organizational Fit

Autonomously monitors market data, alerts users, and executes trades within set

Bounded Autonomy parameters; maintains alignment with user's risk tolerance and strategy.

Executes financial tasks beyond analysis, including automated trading, portfolio

Performing Actions rebalancing, and interfacing with financial databases for data gathering.

4.3.2 FLOWMASTER - DEVOPS COORDINATOR GAE

FlowMaster, as a DevOps Coordinator GAE, is designed to optimize the DevOps processes
in software development environments. Its primary function is to automate and refine various
stages of the software development lifecycle, including code integration, testing, deployment,
and subsequent monitoring phases. In its alignment with CI/CD methodologies, FlowMaster
integrates with pre-existing infrastructures, through automated code merging, testing, and
deployment processes. The GAE evaluates existing workflows, identifying and addressing
inefficiencies, thereby optimizing both speed and resource allocation. Post-deployment, it
engages in performance monitoring, providing feedback for the refinement of development
processes.
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Table 3. Defining traits of FlowMaster GAE

Defining trait

Description

Collaborative Attitude

Proactively suggest solutions to problems it discovers.

Domain Expertise

In-depth understanding of DevOps lifecycle; knowledgeable in coding, testing,
deployment strategies, and system monitoring.

Synthetic Persona

Communicates effectively with developers and operations staff. It is proactive in
communication. Adopts the persona of a DevOps expert, communicating with
technical precision and clarity, using a language that resonates with both developers
and operations staff, facilitating effective and efficient project collaboration. Tone is
methodical and authoritative, often using structured, concise language that conveys a
sense of expertise and reliability.

Multimodal Capabilities

Processes and generates data in various forms including text, code, charts, and audio
alerts, ensuring effective communication in preferred formats.

Personal or
Organizational Fit

Seamlessly integrates with DevOps tools; automates code merges, testing, and
deployments. Adapts to specific organizational DevOps practices; aligns with coding
standards, deployment practices, and operational policies for personalized
integration.

Bounded Autonomy

Executes tasks with bounded autonomy like initiating deployments and managing
resources, under human supervision to align with organizational goals and
compliance.

Performing Actions

Actively performs tasks in DevOps cycle; manages deployments, cloud resources,
automated testing, and applies updates, directly contributing to software
development.

4.3.3 MUSE - CREATIVE DIRECTOR GAE

Muse, the GAE, has the ability to emulate the role of a creative director in a small business
organization, with a particular focus on advertising and product design. Central to Muse's
capabilities is the ideation, generation and review of campaign concepts, brand identity, product
designs, and marketing content. Muse is proficient in crafting both visual elements and copy,
tailored to align with the thematic essence of campaigns and the overarching brand voice. This
capability extends to the production of diverse multimedia content, including digital graphics,
video concepts, and interactive web designs, positioning Muse as a comprehensive creative
tool. Muse can work alongside creative or marketing teams, or act as a consultant for companies
which do not have these teams yet.

Table 4. Defining traits of Muse GAE

Defining trait

Description

Collaborative Attitude

Acts as a consultant for firms without in-house creative teams or a brainstorming
collaborator to those that do.

Domain Expertise

Expertise includes an in-depth understanding of visual aesthetics, knowledge of art,
design and branding principles, storytelling, campaign conceptualization, and
audience engagement strategies. Has the ability to create and maintain a creative
vision

Synthetic Persona

Embodies the persona of an experienced and insightful creative director, articulate
in conveying complex creative concepts with clarity and engaging in thoughtful
dialogue, often using vivid, imaginative language to inspire and guide teams. Uses
a tone that is vibrant and imaginative, often weaving creative expressions and
storytelling elements into its communication.
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Defining trait Description

Generates a range of creative outputs, from text and visuals to multimedia,

Multimodal Capabilities adaptable to various project needs.

Integrates with existing creative processes and teams, contributing to ideation,
Personal or strategy formulation, and feedback. Adapts to the unique creative, stylistic, and
Organizational Fit branding requirements of different organizations, ensuring alignment with each
brand's identity and campaign objectives.

Operates within set strategic and creative boundaries, autonomously generating

Bounded Autonomy concepts and content while adhering to campaign goals and brand values.

Directly contributes to the creation of advertising materials, drafting copy,

Performing Actions designing visuals, and producing multimedia content.

4.4 Existing Technologies and GAEs

As of now (Q1 2025), there are no existing systems that meet all defining traits of GAEs.
However, with the rapid development of generative Al and Al agents, it is likely that soon such
technologies will exist. In this section we briefly describe existing systems that that include
some defining traits (quasi-GAES), which could be a starting point to develop fully functioning
generative artificial experts.

“GPTs” created by OpenAl and launched in November 2023 within their product ChatGPT
are a close representation of what GAEs could be. GPTs are “custom versions of ChatGPT that
combine instructions, extra knowledge, and any combination of skills” (OpenAl, 2023). Some
examples of GPTs include “Academic Assistant Pro”, which supports users in writing papers,
data interpretation and other research related tasks, “DesignerGPT” which generates website
designs and writes HTML code for them. GPTs have some domain expertise, although they are
not trained on domain-specific data, they have multimodal capabilities and could have a
persona. However, their ability to integrate in collaborative workflows, personalized fit,
performing actions and bounded autonomy are limited or not possible currently.

Another link from existing technology to GAEs can be found in multi-agent systems. These
systems have received increasing attention in recent years, especially as generative Al becomes
more capable and more widely adopted. Multi-agent systems are composed of several Al agents
aligned together, where each is designed to perform a specific task and is equipped with the
necessary capabilities to execute them effectively (Dorri et al., 2018). For example, Li et al
(2023) successfully developed a multi-agent system for financial trading. Using several LLM-
based agents, authors aimed to better emulate human cognitive processes, compared to a single
LLM-based agent, therefore making the system more useful in decision support for human
traders.

Deep research agents, such as those developed by OpenAl, Perplexity, Google, and X, are
another example. These systems are built to browse the web intelligently, searching through
text, images, and documents to find, analyze, and summarize useful information. They use
advanced models designed for web research and data processing, allowing them to quickly
adjust as new information comes in. They can create detailed, well-sourced reports in any
domain, similar to what a professional researcher would produce (OpenAl, 2025). In terms of
GAEs similarity and differences, they execute tasks with bounded autonomy and provide
users with reports that include a synthesis of findings. They are somewhat collaborative, i.e.
they typically ask users for directions before executing the research task. However, despite
being able to produce a domain-specific report, they themselves do not have the domain-
specific training. Their scope is currently limited to online search, and they do not have a
synthetic persona.
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5. Impact and Discussion

This section discusses the positive and negative impacts that generative artificial experts may
bring. Since GAESs do not exist in the real world yet, any claim related to its impact would be
speculative. Instead, we use analogical reasoning to draw connections from fields of research
of technologies that share fundamental similarities with GAEs, allowing us to apply insights
from a well-understood area to make possible predictions. The true impacts of GAEs remain
unknown until such systems are developed and empirically evaluated.

5.1 Positive Impacts of GAEs

5.1.1 PRODUCTIVITY INCREASE

Generative Al has already demonstrated significant productivity gains across various
organizational settings (Dell’Acqua et al., 2023; Noy & Zhang, 2023; Reverberi et al., 2022;
Sowa & Przegalinska, 2020). Generative artificial experts will likely extend this capability, by
providing targeted, domain-specific support to users. Users may decide to delegate mundane or
routine tasks, or offload some cognitive processes, creative tasks or engage in brainstorming
(Epstein et al., 2023; Platt & Platt, 2023). In any case, their productivity is likely going to
increase (Brynjolfsson et al., 2023).

5.1.2 DEMOCRATIZATION OF KNOWLEDGE

Generative Al systems, such as ChatGPT. facilitate the democratization of knowledge by
making it easily available to non-experts (Bilgram & Laarmann, 2023; Brynjolfsson et al.,
2023). GAEs could do the same, however with disseminating expert-level knowledge (harder
to come by) to individual workers. This accessibility allows employees to improve their work
performance and provides them with self-development opportunities. For example, a GAE
could provide real-time guidance to a junior researcher conducting advanced scientific
experiments, enhancing their capability to operate at a higher level and accelerating their
learning curve. It does not mean that a junior researcher teamed up with a GAE could
outperform a human research expert, however it would mean that the outcome of the work could
be better, and the junior researcher would make less mistakes.

5.1.3 ACCESSING CAPABILITIES THAT REQUIRE SIGNIFICANT RESOURCES

Adopting any innovative and powerful technology might give small organizations a competitive
edge (Makkonen, 2008). Generative artificial experts could significantly empower smaller
organizations by providing them with expert-level capabilities that are usually prohibitive due
to costs or the scarcity of specialized human resources. An example could be a small company
using a GAE for financial forecasting, tasks that would traditionally require the hiring a
consultant.

5.1.4 ENHANCED DECISION-MAKING

Studies on decision support systems have shown their effectiveness in enhancing decision-
making accuracy across various domains (Sharda et al., 1988). Generative artificial experts
build on this foundation, potentially offering even greater precision and adaptability in decision-
making processes. An example could be a GAE used in healthcare to assess patient data and
recommend personalized treatment plans, thereby increasing the accuracy and personalization
of medical care.

5.1.5 REDUCING MODEL HALLUCINATIONS

Generic generative Al systems often produce hallucinations, particularly when dealing with
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niche domains, leading to unreliable or inaccurate outputs (Li et al., 2023). Generative artificial
experts are specifically designed to address this issue, promising a significant reduction in
hallucinations by leveraging training on specialized, high-quality datasets tailored to specific
domains.

5.2 Negative Impacts, Concerns and Challenges of GAEs

5.2.1 POSSIBLE JOB LOSS

The introduction of generative artificial experts in the workplace raises concerns about job
displacement. However, while GAEs can automate certain tasks, their primary role is to support
human capabilities, not replace them. Bessen (2019) suggests that work automation may
necessitate disruptive transitions for workers, who must adapt to new industries requiring new
skills. Tschang and Almirall (2021) elaborate on the dual nature of Al effects on the job market,
noting that while Al can augment jobs and reduce the demand for routine skills, it may also
transform the balance of work, potentially reducing the quantity of high-skilled roles over time.
The expected impact of GAES on the labor market is no different than that expected and already
studied in relation to a wide adoption of Al technologies, particularly generative Al. That being
noted, GAEs are expected to be niche systems, rather than mainstream, thus their
macroeconomic impact might be limited.

5.2.2 DEPENDENCE ON TECHNOLOGY

In a study about marine navigation Wu and colleagues (2022) clearly express that “over-
reliance on technologies in (...) may have disastrous consequences”. An over-reliance on GAEs
could lead organizations to become overly dependent on technological solutions, potentially at
the expense of human expertise and judgment, or making ruinous mistakes. This dependence
could make businesses vulnerable to system failures or cybersecurity attacks, where significant
portions of their operations could be disrupted due to issues with their Al systems. For instance,
an investment firm that relies heavily on a GAE for financial forecasting and analysis, might be
led to financial loss in case the system’s predictions prove wrong.

5.2.3 CREATION OF ECHO CHAMBERS

Echo-chambers are studied in the context of social media platforms, where users are exposed
primarily to information and opinions that reinforce their existing beliefs, often limiting
exposure to diverse perspectives and creating polarized communities (Terren & Borge-Bravo,
2021). GAEs might become such chambers and reinforce existing ideas without offering
critical or diverse perspectives. A GAE that would be designed to be agreeable and supporting
will simply repeat and agree to notions proposed by human users. For example, A GAE used
for legal research might prioritize delivering case law that aligns with a lawyer’s previous
arguments, potentially overlooking important contrary precedents.

5.2.4 SKILL DEGRADATION

A study of flight planners has shown a cognitive skills degradation of workers, as a result of
task automation (Volz & Dorneich, 2020). As GAEs take over more complex and varied tasks,
there's a risk that human skills could degrade over time. Workers may rely too heavily on Al
for decision-making, problem-solving, and creative processes, potentially leading to a decline
in critical thinking and problem-solving abilities in the workforce. For instance, engineers who
rely on a GAE for troubleshooting machine performance, might gradually lose their own ability
to diagnose and solve complex problems without Al assistance.

5.2.5 REDUCTION IN HUMAN AGENCY

Increased use of algorithmic management in gig economy platforms has been critiqued for
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diminishing worker autonomy by dictating work patterns and behaviors. While this led to some
desirable outcomes (e.g. increased flexibility, autonomy of workers), it also led to lower pay,
social isolation and overwork, among others (Wood et al., 2019). There is a concern that as
decision-making processes become more automated and reliant on GAEs, human agency could
be diminished. This could lead to a scenario where individuals feel less in control of their
decisions, potentially impacting mental health and job satisfaction. To provide an example, we
can imagine a consulting firm using a GAE to assign tasks and evaluate employee performance,
leading employees to feel they have little control over their work choices or career progression.

5.2.6 EXPLOITATION BY BAD ACTORS

The use of generative Al for creating deep-fakes has been documented in creating false media
content, impacting public opinion and privacy (Chesney & Citron, 2019). The advanced
capabilities of generative artificial experts could be exploited by malicious entities. Bad actors
could use these systems to enhance their efforts in cyber-attacks, fraud, and misinformation
campaigns. For example, GAEs could be used to create sophisticated phishing emails that are
indistinguishable from legitimate communications or to generate fake news articles and deep-
fake videos that could sway public opinion or manipulate financial markets. The potential for
such misuse raises significant security concerns and necessitates robust mechanisms to prevent
unauthorized access and misuse of these powerful tools.

5.2.7 EVALUATION OF EXPERTISE

Evaluating and validating the expertise of generative artificial experts is a crucial challenge to
address. In traditional human settings, an 'expert' is often validated through a mixture of formal
credentials, demonstrated experience, peer recognition, and contributions to the field. These
methods, however, are not applicable to generative artificial experts, necessitating the
establishment of alternative validation mechanisms to ensure their reliability and relevance. We
call for a strict control over the training data used in developing these systems, with a strong
emphasis on transparency throughout the training process, per the nature of the data and specific
application areas. Reinforcement learning with feedback should prove particularly useful as a
method for refining the outputs of these Al systems based on human expert evaluations. To
robustly address the validation of domain knowledge and expertise embedded in these systems,
we recommend three primary approaches: human-grade assessments such as examinations or
certifications (wherever feasible), real-world scenario testing supplemented by human expert
feedback, and known technical evaluations of Al model performance (e.g. benchmarking,
knowledge probing, domain-specific assessments, reasoning tests, bias evaluations, and
robustness testing). Explainability of Al systems is a known research problem that also concerns
GAEs. It is vital that the results of any evaluation of a generative artificial expert's expertise be
transparent to its users, as it fosters trust in the system especially among users with high domain
expertise (Bayer et al., 2022). Should these evaluation methods prove insufficient, this area
would undoubtedly require further in-depth research to develop more effective validation
mechanisms.

5.2.8 SUMMARY OF CHALLENGES

The deployment of GAEs necessitates a strong focus on ethical considerations. This includes
ensuring data privacy, avoiding biases in Al decision-making, and maintaining transparency in
Al processes, and above all - ethical application of GAEs. Responsible use of GAEs involves
regular monitoring for ethical compliance and the establishment of guidelines to govern their
application. For example, the IEEE’s Ethically Aligned Design could be used as an ethical
framework to guide discussion and development of GAEs. This framework, particularly its
principles related to human rights and data agency, is critical for shaping responsible Al
practices and can be adapted to guide the creation and application of GAEs. Building on this, a
tailored set of ethical guidelines should be developed, emphasizing transparency, fairness, and
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accountability throughout the lifecycle of GAEs. Additionally, the necessary measures should
be taken to ensure GAEs transparency within explainable Al frameworks, to make GAE
decisions understandable and justifiable for users. Practical measures to enhance transparency
include incorporating user-friendly interfaces that explain Al decisions in simple terms and
ensuring training documentation and system updates for all stakeholders, thus fostering a deeper
trust and broader acceptance of GAE technology.

5.3 Discussion

In this paper we devised a path for emergence of generative artificial experts, and proposed a
definition of this concept, together with defining traits which set them apart from other
generative Al systems. We highlighted possible positive and negative impacts, using analogical
reasoning based on other technologies. The discussion section primarily focuses on issues that
we observed along the way that are related to GAEs and that remain open and require further
exploration and understanding.

Based on our findings from analyzing existing research on human-Al collaboration, there is a
need for a revised theoretical framework of collaboration in general, one that specifically
addresses human-Al collaboration. Current collaboration models primarily focus on human-to-
human interactions and may not fully capture the unique challenges that Al introduces, such as
cognitive dissonance related to accepting Al-driven insights, communication barriers,
ambiguity in role hierarchy, power dynamics etc. Therefore, developing a theory that
collaboratively integrates humans and Al agents is crucial for understanding and optimizing
these new forms of interaction.

Addressing the possible negative impacts of GAEs mentioned in Section 5 is paramount. So are
ethical and societal implications related to GAEs. Ensuring ethical development and
deployment of GAEs will require collaborative efforts among technologists, ethicists,
policymakers, and other stakeholders.

The technological feasibility and challenges of creating GAEs also warrant attention. The
technical side of development of these advanced Al systems has not been addressed yet. Further
technical research and development is required to prove feasibility of developing GAEs in the
described form.

Another issue related to the ‘expertise’ of generative artificial experts is the validation of their
knowledge and expertise. For now, authors propose using a combination of methods such as
human-grade assessments (e.g. certifications, evaluations by independent judge panels, or
exams), real-world scenario testing with feedback from human experts, and technical
evaluations of the Al model's performance. If these methods prove insufficient, there is a
significant opportunity to develop new standards and techniques for evaluating Al-driven
knowledge and expertise. In any case, generative artificial experts should always undergo
transparent validation before their real-world application to ensure reliability and accuracy.

While this study establishes a foundational understanding of Generative Artificial Experts, it
does not discuss strategies for managing organizational change or user adoption of GAEs. These
are significant topics that warrant detailed exploration in future studies to fully understand their
implications in practical settings.

In conclusion, while GAEs present a future brimming with possibilities, realizing this potential

necessitates continued research. As this concept evolves, it is vital to proactively address the
challenges and opportunities that GAEs bring to the forefront.
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6. Conclusion

This paper provided a conceptualization of generative artificial experts. It provided a
comprehensive definition of the proposed system, including the defining traits that sets them
apart from typical generative Al systems. Several possible avenues for development were
discussed and illustrative examples were employed to present GAEs’ potential applications.
Possible positive and negative impacts of GAEs were also highlighted, including enhanced
decision-making and productivity, and echo chambers problem or impact on labor market. The
article contributes to understanding GAES' role as a possibly relevant system in the future of
future knowledge work.

The future of GAEs, while promising, remains uncertain. The concept of GAEs, as outlined in
this paper, offers a compelling vision of Al's potential but is still in its conceptual phase. Factors
such as technological feasibility, system design, user acceptance, ethical standards alignment,
will play significant roles in determining the timeline and extent of GAEs' development and
adoption. These need to be addressed by future research.
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