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Abstract

Recent computational advancements in artificial-intelligence (AI)-based systems have pushed forward
the frontiers of creativity. The collaboration between humans and AI promises to unleash new creative
potential. Accordingly, the proposed study aims to provide a better understanding of what is needed to
accept generative Al as a co-creative partner by researching the necessary skills via the collaboration
between humans and AI. The cross-sectional study will examine the interaction effect of domain
knowledge and prompt engineering skills with regard to the creative quality of human—AI-generated
content. By researching these relationships, the study will contribute to the literature on human—AI
collaboration and creativity by broadening our understanding of how prompt engineering skills and
domain knowledge affect the creative quality of human—AlI-generated content. The findings will have
practical implications for adopting Al as a co-creative partner and should provide a more nuanced view
of the concept of human-Al-based creativity.

Keywords: creativity, artificial intelligence (AI), generative AI, human—AI collaboration, prompt
engineering
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1 Introduction

The human-like perception of machine output has long been relevant in many fields, ranging from
computer science, philosophy, and psychology to information systems (IS) research (Cole 2004; Schuetz
and Venkatesh 2020; Schuetzler et al. 2021). In this line of research, tests have also been proposed for
deciding whether machines (i.e., artificial-intelligence-based systems) exhibit the capabilities to mimic
humans. Such tests include the Turing Test, proposed by Turing (1950), and the Lovelace Test, proposed
by Bringsjord et al. (2003). By mimicking how humans process and interpret information, artificial-
intelligence (AI)-based systems are designed to better understand and respond to the needs and wants
of humans. One crucial example stems from the domain of creativity. Indeed, creativity has been one of
the most important skills in the development of humankind. Creativity represents the pillar of progress,
and it is hence crucial to discover how far Al-based systems can go with regard to creative output
generation.

In this line, Al-based systems are mostly perceived as being limited in their ability to fully process and
interpret the world around them, and they lack the necessary skills to make decisions and judgments
based on their experiences alone when tested on their ability to successfully mimic human capabilities
(Hulman et al. 2023; Powell 2019). However, Al-based systems — which are described as systems that
implement recent computational advancements that reflect human intelligence (Berente et al. 2021) —
are now expanding the frontiers with regard to capabilities such as creativity. Current advancements in
the field of generative Al can transform text-to-text, text-to-audio, text-to-image, text-to-video, text-to-
code, or text-to-3D (GitHub Inc. 2022; OpenAl 2022; Poole et al. 2022). After input has been provided,
these Al-based technologies are capable of generating convincing output. For instance, an artist recently
won an art contest using the generative Al program Midjourney (Roose 2022). This event highlights the
fact that a symbiotic collaboration between humans and AI can unleash new creative potential. However,
while the artist in this case did have knowledge in his domain, in the future, it will become increasingly
common for several jobs to be taken over by one person, even when this person does not have expertise
everywhere.

It is hence essential to grasp the requirements for successful collaboration with generative Al in the
realm of creative endeavors. On the one hand, domain knowledge is paramount to producing meaningful
creative output in human—AI collaborations (Baer 2015). A deep understanding of the subject matter
ensures that the AI's responses are both contextually relevant and accurate. On the other hand, prompt
engineering skills are equally vital and could even mitigate lacking domain knowledge. Prompt
engineering refers to the formal search for prompts that elicit creative output from language models for
a specific task and represents both a burgeoning field and an invaluable skill (Liu and Chilton 2022).
With today's rapid advancements and the vast array of applications for generative Al, users are
simultaneously creators and consumers. The fast and broad-based adoption of this technology — as can
be seen, for example, in the 100 million active users of ChatGPT within just two months of its debut (Hu
2023) — underscores the significance of the technology. In terms of crucial dependent variables, such as
long-term usage and successful human—AI collaboration, both domain expertise and proficient prompt
engineering skills play a central role in perceiving Al as a co-creative partner.

The proposed study therefore aims to shed light on the acceptance of generative Al as a co-creative
partner by contributing to two research gaps: a) the impact of domain knowledge on creative content
quality produced with generative Al and b) the ability of prompt engineering skills to mitigate lacking
domain knowledge. For this purpose, we will conduct a cross-sectional study that researches the impact
of prompt engineering skills and domain knowledge on the creative quality of textual content. Our
results will shed light on the following two research questions (RQs):

RQ1: How crucial is domain knowledge when it comes to producing creative output through
human-—AI collaboration?

RQ2: How does the level of prompt technical skills affect creative output for people with lower
levels of domain knowledge versus people with medium or higher levels of domain knowledge?

By answering these RQs, we will contribute to research on human—AI collaboration in creativity-based
tasks (Feuerriegel et al. 2023) both in the IS domain and beyond. This paper is structured as follows:
First, in the section on related work, we introduce Al-based creativity and human—AI collaboration to
derive hypotheses. Then, we describe the methodology, including the procedure, measurements, data
collection, and data analysis that we will use. Finally, the paper closes with a short outlook section.
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2 Related Work
2.1 Creativity & Al

Creativity plays an important role in innovation and competitiveness. It is a critical skill for individuals
and organizations to develop in order to adapt to changing environments and to stay ahead of the
competition. Creativity can lead to new discoveries, which can improve the quality of life for individuals
and society as a whole. Hence, it is no wonder that technology-supported creativity has gained
momentum, which is also evident in the literature on creativity support systems (Wang and Nickerson
2017). However, recent Al-based systems capabilities represent a paradigm shift in technology-enabled
creativity (Runco 2023a, 2023b). For instance, the Lovelace Test (a modified version of the Turing Test)
was designed to evaluate the creativity and originality of computer programs in terms of the ability of
Al to mimic human creativity. The test was proposed by Bringsjord et al. (2003) as a way of measuring
the level of creative intelligence in a computer program. Against the background of the recent
advancements in generative Al, a new version was also proposed (Riedl 2014). In general, the Lovelace
Test aims to determine whether a computer program can create something new beyond what it has been
explicitly programmed to do. The test does so by requiring the program to generate a creative artifact,
such as a piece of art or text, which is then evaluated by human judges. The judges rate the artifact in
order to determine whether it satisfactorily meets all the predetermined criteria. In this regard, no
specific details on the criteria for a standardized evaluation yet exist. However, the creativity literature
has already elaborated on this issue by defining creativity and proposing evaluation criteria (Dean et al.
2006; MacCrimmon and Wagner 1994; Plucker et al. 2004; Runco 2023a, 2023b). With regard to the
definition, creativity has been defined as requiring both originality and effectiveness (i.e., ideas should
be novel and useful) (Runco and Jaeger 2012). Recent research suggests that with the advent of Al a
further distinction should be made between artificial creativity and human creativity (Runco 2023a,
2023b) because the creativity of Al is viewed as inauthentic and perhaps also unintentional.

Yet, with regard to evaluating creative output, the dimensions of creativity remain the same. Dean et al.
(2006) proposed measuring the creativity of ideas in four dimensions that reflect the term’s definition:
novelty, feasibility, relevance, and specificity. Novelty refers to the originality or uniqueness of an idea
or solution, feasibility refers to easy implementation without violating any constraints, relevance refers
to usefulness in solving a problem, and specificity refers to the degree to which an idea is worked out in
detail. In this context, research has tested the performance of generative AI, with mixed findings
(Chakrabarty et al. 2023; Guzik et al. 2023; Koivisto and Grassini 2023). On the one hand, results
indicate that generative Al possesses the ability to generate new, unique, and unexpected ideas that
match or exceed levels of human creativity (Guzik et al. 2023; Koivisto and Grassini 2023), but on the
other hand, humans remain superior in terms of creative output (Chakrabarty et al. 2023; Koivisto and
Grassini 2023). In conclusion, studies have thus far only researched the creative performance of
generative Al in comparison with humans with mixed results and have neglected human—AI
collaboration, which is the current modus operandi. Nevertheless, all existing studies that have
examined Al vs. humans have required humans to provide the initial prompt for the Al. Therefore, it is
important to also investigate the decisive factors that enable AI to produce creative output (in
cooperation with humans).

2.2 Human-Al Collaboration in Creativity-Based Tasks

Collaboration is a dynamic and interactive process in which multiple parties actively participate in
shared activities in order to achieve one or more common objectives (Bedwell et al. 2012). Human—AI
collaboration specifically refers to the partnership between humans and Al-based systems, with the two
entities working together as “teammates” to solve problems as opposed to solely automating routine
tasks, as was done in the past (Lai et al. 2021). With the rise of AI (Schuetz and Venkatesh 2020),
human-—AI collaboration is an emerging area of research that has gained significant attention in recent
years, particularly in the field of IS and human—computer interaction (Dellermann et al. 2019; Wang et
al. 2020). The idea behind human—AI collaboration is to leverage the complementary strengths of
humans and Al in order to achieve better results than either entity could achieve alone (Daugherty and
Wilson 2018). In our context of producing creative output with generative Al, this concept is particularly
relevant because recent technological advances offer strong potential to augment humans in this
context. With generative AI, humans have the role of providing input, modifying this input, and
evaluating it. In this line, prompt engineering skills and domain knowledge with regard to the task are
crucial variables that should be scrutinized with regard to creative output.



Australasian Conference on Information Systems Weber et al.
2023, Wellington Is a Fool With a(n Al) Tool Still a Fool?

Domain Knowledge. In the realm of IS research, the rise of generative Al for specialized tasks is evident.
The effectiveness of Al — particularly in tasks that demand creativity — is intrinsically linked to domain
knowledge. Not only is this knowledge foundational for guiding data input, but it is also critical in
refining, modifying, and evaluating the output that the Al systems produce. The essence of domain-
specific knowledge extends far beyond the confines of Al applications and is a cornerstone in the broader
field of creativity research. Exemplary studies by Baer (2012), Feldhusen (2010), Huang et al. (2017),
Mayer (2010), and Silvia et al. (2009) have all emphasized the profound impact that domain knowledge
has on enhancing creativity. Moreover, research has unveiled discernibly low inter-correlations in
creativity ratings across varied domains, which suggests that domain knowledge primarily magnifies
creativity within its inherent domain (Baer 2015). As the frontiers of generative Al expand and we
continue to harness their capabilities, the use of domain expertise in user interfaces with these systems
is becoming increasingly crucial in shaping the trajectory of outcomes and ensuring alignment with
domain-specific nuances and requirements. However, Al could serve as a buffer against the limitations
posed by lacking domain knowledge. Advanced Al-based systems that are equipped with vast datasets
and sophisticated algorithms can access and process information far beyond human capabilities
(Schuetz and Venkatesh 2020). In certain situations, this ability could compensate for the user's lack of
domain expertise. By suggesting a context, offering insights, or even simulating potential outcomes
based on patterns from vast datasets, Al can provide users with a scaffolded experience, thereby bridging
gaps in these users’ domain knowledge. Moreover, the iterative feedback loop between users and Al can
serve as a learning mechanism (Grassini 2023) whereby users gradually augment their domain
understanding through constant interaction. Hence, we hypothesize:

H1: Domain knowledge should be found to be positively associated with the creative quality of
the output.

Prompt Engineering Skills. Providing input and modifications is referred to as prompt engineering.
More specifically, this practice can be defined as the formal search for prompts that retrieve desired
output from language models for a given task (Liu and Chilton 2022). Researchers and practitioners
alike now tackle the open problem of prompt engineering for large pre-trained models. Most work in
prompt engineering has concentrated on the text generation problem from natural language processing.
The term prompt engineering originally came from a popular online post about GPT3 (a large language
model) and its capabilities in writing creative fiction (Gwern 2020). Gwern (2020) suggested that
prompt engineering models could become a new paradigm of interaction in which users would only need
to discover how to prompt a model in order to elicit the specific knowledge and abstractions that are
necessary for completing tasks. While momentum has begun to build in the field of prompt engineering
for text generation purposes, it is important to research the impact of prompt engineering skills on
creative output with regard to creative quality. Prompt engineering is a valuable form of interaction to
study in detail because it can help users develop mental models of generative models. In a paper
investigating human—AlI interactions in a gameplay setting, Gero et al. (2020) demonstrated that people
can construct mental models of AI through repeated interactions with a model that help them
understand the AI's knowledge distribution and behavior. Using prompts to generate image evidence of
Al knowledge is a further way of reducing uncertainty with AI, which is one of the fundamental
challenges in human—AlI interaction (Yang et al. 2020). On the Internet, a variety of users have already
scrutinized prompt engineering and discussed specific keywords and phrases that can help them
understand the knowledge distribution of the generative AI models in order to discover what input can
help tune models to their goals. For example, adding text before a task — such as “write this as an expert
in domain X” —yields a different output than would otherwise be achieved. These tricks and many others
along the same vein have established a growing trend within online communities in getting the best out
of prompts. Research has also elicited similar ideas by proposing guidelines on prompt engineering in
the domains of text-to-text- (White et al. 2023) and text-to-image-generative AI (Liu and Chilton 2022).
Recent results highlight that optimized prompts lead to better solutions (Yang et al. 2023). In this vein,
this skill could be crucial when it comes to fully unleashing the potential of generative Al. Hence, we
hypothesize:

H2: Prompt engineering skills should be found to moderate the relationship between domain
knowledge and the creative quality of the output. Specifically, among participants with low
levels of domain knowledge, those with higher levels of prompt engineering skills should be
found to produce creative output that is comparable to that of participants with higher levels of
domain knowledge.

In summary, the literature has shown that domain-specific knowledge is an important predictor of
creativity. However, in times of generative Al, new opportunities continue to arise. To the best of our
knowledge, the literature on creativity has so far only compared humans and AI - but not important
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factors in the context of collaboration on creative tasks. Al could possess complementary capabilities in
mitigating the lack of domain knowledge. Prompt engineering, however, is an important capability for
unlocking the full potential of AI. Figure 1 summarizes the proposed research model to test our
hypotheses.

Prompt Engineering Skills

Hz| +

Hi | Creative Quality
of Output

Domain Knowledge
+

Figure 1. Research Model

3 Methodology
3.1 Participants

We plan to recruit a diverse sample of participants in order to ensure a range of domain knowledge and
prompt engineering skills. The sample will be selected from different sources (e.g., university students,
online platform participants, etc.). In line with the rule of thumb presented by Green (1991), we will
acquire at least 107 participants.

3.2 Measurements

In order to measure independent variable domain knowledge, we will use a validated scale from Wang
and Nickerson (2019) that contains seven items (e.g., "Compared with the average person, I do not know
much about...”), which we will adapt to suit our context of the tasks. The instrument will use a seven-
point Likert scale (ranging from 1 = strongly disagree to 5 = strongly agree). We will also adapt this
scale to ChatGPT use as alternative self-report scale of the moderator prompt engineering skills.

Furthermore, to measure the moderator prompt engineering skills based on abilities, we will generate
a test (i.e., measurement) based on the catalogue proposed by White et al. (White et al. 2023). To do so,
we will adapt the approach by MacKenzie and Podsakoff (2011), which will begin with a
conceptualization of the construct and end with the validation of the measurement instrument.

In terms of evaluating the dependent variable creativity, we will follow Dean et al. (2006), who advise
four dimensions for rating creativity: novelty, feasibility, relevance, and specificity. The instrument will
use a seven-point Likert scale (ranging from 1 = not novel / feasible / relevant / specific at all to 7 =
highly novel / feasible / relevant / specific) to evaluate the creativity of the generated output.

3.3 Procedure

The procedure will be structured in two parts: First, the creative output will be produced, and afterward,
the output will be evaluated.

For the first step, each participant will be given the task of reading an online newspaper article from the
sports domain (without a title) for 5 minutes. Afterward, the participants will have the task of interacting
with ChatGPT (GPT-4) for 10 minutes in order to generate one creative title for the article that yields
the maximum number of clicks. The procedure will be repeated with an online newspaper article from
the politics domain. Subsequently, the participants will fill out a survey regarding their prompt
engineering skills, domain knowledge, and demographics.

In the second step, the headlines will be collated in a random order and presented (anonymously) to a
panel of expert judges for creativity assessment.

3.4 Data Collection & Analysis

The goal of this research is to understand what is needed to view perceive generative Al as a co-creative
partner. To do so, we conduct a cross-sectional survey study researching the effect of the independent
variable domain knowledge and the moderator prompt engineering skills on the dependent variable
creative quality. The primary objective of the data analysis will be to discern the influence of domain
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knowledge and prompt engineering skills on creative output and to ascertain whether prompt
engineering skills moderate the effect of domain knowledge on creativity in ChatGPT-generated
headlines. Initial analyses will entail computing descriptive statistics — including means and standard
deviations —, for domain knowledge, prompt engineering skills, and creative output scores as well as
identification of possible confounders to take measures accordingly. Then, an interaction term will be
generated for the moderator analysis by multiplying the scores on domain knowledge and prompt
engineering skills. Subsequently, a hierarchical multiple regression will be conducted, with creative
output as the dependent variable. In the initial step, domain knowledge and prompt engineering skills
will serve as predictors. In the following step, the interaction term will be added to the model. This
hierarchical approach will enable main effects to be examined prior to considering the interaction effect.
We will begin with a pre-test in order ensure that our chosen domain is suitable. Based on this
determination, possible further adaptions will be made in order to conduct the study adequately.

4 Outlook

Overall, we aim to address the current stream of technological advancements and the impact of these
advancements on creativity. By answering the RQs, we will theoretically contribute to the literature on
human-—AI collaboration and creativity. We aim to broaden our understanding of how essential skills —
such as prompt engineering — can generate qualitative creative output using generative Al. Furthermore,
we aim to better understand how prompt engineering skills might mitigate negative creativity-related
conditions (e.g., low levels of domain knowledge). For practitioners, the findings will also provide
substantial added value regarding the adoption of generative Al for use both as a co-creative partner and
in job design, and they should additionally yield a more nuanced view of creativity. Future research
could then build on our findings in various ways. First, external validity could be increased by
researching further tasks. Second, the pathway to creativity could be scrutinized more closely. In this
regard, better understanding whether and how inspiration (Béttger et al. 2017; Weber et al. 2023) is
evoked would represent an interesting path forward. Finally, longitudinal studies could be conducted
that evaluate human—AI collaboration in the creativity domain over time.
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