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Abstract 

The rapid development of artificial intelligence has enabled its use in many fields. 
However, for complex design tasks, the question arises of how AI can effectively support 
humans and lead to a symbiotic collaboration without replacing humans. During the 
design process of buildings in the architecture, engineering, and construction industry 
(AEC industry), there are many points of choice and decision where an AI-based support 
system can complement the designers` experience and managerial decision-making. 
With this in mind, the paper identifies design principles for a human-AI collaboration for 
architectural design. It explores the use of generative AI as creative stimuli provider (e.g. 
building footprints). We employ a design-oriented research approach (design science 
research) that paves the way to a concept for human-AI collaboration in the idea 
generation phase of architectural design.  

Keywords: Artificial Intelligence (AI), Generative AI, Human-AI Collaboration, Design Science 
Research, Creative Problem-Solving, Idea Generation, Architectural Design 

Introduction 

Artificial intelligence (AI) has proven its ability to make value-added contributions to many fields as a new 
method and component for enhancing and blending human decision-making in the form of a human-AI 
collaboration (Anthony et al. 2023; Dennis et al. 2023; Jia et al. 2023). AI has become an indispensable 
tool in many fields, ranging from applications in Industry 4.0 (Cioffi et al. 2020), social media (Liu et al. 
2021; Meske and Bunde 2022) to medicine (Lebovitz et al. 2021; Topol 2019). In deterministic 
environments and when problems are structured clearly, it is unsurprising that a machine makes fewer 
errors and works faster than humans. Additionally, AI has been accompanied by a paradigm shift and thus 
contributes to better decision-making that is not solely based on simple heuristics. However, in creative 
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fields like architecture, the integration of AI is not without its challenges. Architects often express concerns 
about losing creative control, feeling constrained by AI-generated suggestions, or encountering difficulties 
in adapting AI outputs to fit their unique design visions. As one architect noted, “in the end, it’s the 
emotional level that AI doesn’t have. And we make our decisions on this emotional level.”. These challenges 
highlight the need to carefully consider the design of AI tools to ensure they complement rather than hinder 
the creative process. 

In the context of creative problem-solving tasks like design, successful human-AI collaboration can reduce 
design time (e.g. increasing the speed of generating alternative ideas or increasing the speed of evaluating 
the feasibility of each alternative idea) while improving the design by providing content to support the 
design process. The design process is an iterative process of variety generation and variety restriction, 
whereby several points of choice and decision determine the situation and require decision-making. In this 
paper, we examine the case of architectural design as an example of design in the architecture, engineering, 
and construction (AEC) industry where creativity is a crucial component. We explore human-AI 
collaboration based on the technology of generative AI (i.e. a subset of AI that is focused on creating or 
generating new content, such as text, images, or audio) to delineate what human-AI interactions and 
decision-making in human-AI collaboration could look like in a creative problem solving-task as 
architectural design. In particular, we focus on an early phase of design (i.e. idea generation) and use 
Generative Adversarial Networks (GANs) to generate creativity-supporting content. GANs are a class of 
machine learning (ML) models that create new and original content by having two neural networks compete 
against each other, one generating content and the other refining it to improve the quality. While the first 
attempts based on GANs by other researchers have yielded promising results (Chaillou 2020; Huang and 
Zheng 2018), these attempts have taken place at the level of technical innovation and lack both further 
integration into work processes and investigation into the technological artefact in situ. Chaillou (2020), 
for example, made a promising proposal regarding how to use GANs and how to render them manageable 
for architectural application in a practical context; however, this proposal lacks a deeper examination of the 
interaction between the potential users and the system. 

Given the fact that technological opportunities for human-AI collaboration in design exist and that AI-
driven creativity seems promising, we want to explore possibilities to design successful human-AI 
collaboration in creative problem-solving. Nevertheless, it remains unclear what role AI-based systems (e.g. 
IS employing novel ML models like GANs) can and will play based on questions like how people perceive it 
concerning unstructured, complex, and multi-layered problems that require creative and collaborative 
problem-solving (Zhang et al. 2021) and for which human heuristics it can serve as a core element of design 
(Schön 1983). To address this research gap for human-AI collaboration in the creativity domain, we propose 
the following research question: 

“What design aspects of an AI-based system are critical for establishing a successful human-AI 
collaboration in creative problem-solving in architectural design?” 

To answer our research question, we follow the Design Science Research (DSR) paradigm (Hevner et al. 
2004). To produce prescriptive design knowledge for real world problems, we follow the established DSR 
process proposed by Peffers et al. (2007). To gain insight into the design of a system for successful human-
AI collaboration in creative problem-solving, we propose and evaluate design principles (DPs). Therefore, 
we gather context-related user needs in form of design requirements (DRs), which are the foundation for 
our DPs. We further evaluate the DPs in a use case in two architectural offices in Germany. Against this 
backdrop, we aimed to develop prescriptive and descriptive knowledge for the design of an AI-based system 
to provide knowledge on how generative AI can be used to support creative problem-solving tasks. In doing 
so, we seek to uncover the practical potential that AI has to support designers during creative problem-
solving in architectural design. Moreover, we aim to make a theoretical contribution by identifying DPs for 
the design of an Information System (IS) with regard to a successful human-AI collaboration. 

Related Work 

Artificial Intelligence 

AI is used to refer to technologies that lie at the “frontier of computational advancements [and] that 
reference […] human intelligence in addressing ever more complex decision-making problems” (Berente et 
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al. 2021). Recent advancements in AI signify a potential paradigmatic transition for many domains. A 
notable stride within this sphere of AI methodologies is the evolution in generative modeling techniques. 
Historically, design paradigms within the architectural realm were predominantly influenced by the 
heuristic methodologies employed by designers. However, AI, characterized by its statistical and data-
driven nature, emerges as a potential tool augmenting this creative problem-solving process (Chaillou, 
2020). An AI-based system can learn based on data, and develop “intuition” that can both complement and 
support human intuition (Huang & Zheng, 2018; Newton 2019). By deciphering data and inherent patterns, 
the system possesses the capacity to conceive solutions anchored in statistical paradigms.  

A pivotal advancement in AI implementation can be attributed to the introduction of machine learning 
algorithms, particularly those premised on neural networks. In this context, the emergence of novel 
algorithms associated with adversarial learning emerges as a significant development. Generative AI, 
epitomized by the architecture of GANs, exemplifies a distinctive subset of adversarial learning algorithms, 
endowed with the capability to generate data autonomously (Chaillou, 2020). GANs have found 
applicability across diverse domains, including but not limited to facial aging (Antipov et al. 2017), image 
inpainting (Pathak et al. 2016), and architectural footprint identification and generation (Chaillou, 2020; 
Huang & Zheng, 2018). The capability of GANs to identify and replicate patterns reveals unprecedented 
opportunities for AI in various sectors. Especially in architecture, GANs could deliver novel and inspiring 
stimuli to humans to improve creative problem-solving. However, possessing technological prowess alone 
is not enough to bring about a collaborative human-AI system capable of uncovering and implementing 
superior design solutions. Achieving such a symbiotic partnership necessitates a profound understanding 
and sustainable shaping of both the AI design and the intricate dynamics of human-AI collaboration. 

Human-AI Collaboration 

Collaboration is a dynamic and interactive process in which multiple parties actively participate in shared 
activities to achieve one or more common objectives (Bedwell et al. 2012; Randrup et al. 2018). Human-AI 
collaboration specifically refers to the partnership between humans and AI systems, where the latter work 
alongside the former as partners or teammates to solve problems, as opposed to solely automating routine 
tasks as in the past (Dennis et al. 2023; Seeber et al. 2020). 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 (Abedin et al. 2022; 
Dellermann et al. 2019; Elshan et al. 2022). The idea behind human-AI collaboration is to leverage the 
strengths of both human and AI in order to achieve better results than either could achieve alone 
(Daugherty and Wilson 2018) and increase productivity (Sowa et al. 2021). In our context of idea generation 
in an early design phase with a generative AI, this concept is particularly relevant as recent technological 
advances offer strong potential to augment humans in this context. 

Early research on human-machine collaboration by Nass et al. (1996) highlights the potential for 
collaborating as computers are seen as team members by humans. However, based on the role they play, 
the perception of them is different (Nass and Moon 2000). Thus, the role they play should be possibly in 
favor of the designers to foster complementary skills between humans and AI. In design processes, there 
are mainly two processes contributing to the generation of ideas, namely: divergent thinking processes 
which can be characterised as an open exploration of many possible ideas, and convergent thinking 
processes which are characterised by careful analysis and synthesis of ideas (Guilford 1967). Intuitively, AI 
can generate a large number of variations quickly (i.e. contribute to divergent thinking) while humans 
possess the ability to generate, evaluate, and refine these ideas (i.e. contribute to divergent and convergent 
thinking), which can ultimately lead to more creative and innovative solutions (Siemon et al. 2022). Initial 
results of human-AI collaboration are promising in the creative domain. They highlight that symbiotic 
collaboration is superior in performance in comparisons to AI only or human (Hitsuwari et al. 2023). 

However, while the benefits seem promising and the allocation of tasks in such a collaboration seems to be 
obvious (i.e. AI as divergent thinking support), there are still concerns and challenges with regard to 
human-AI collaboration (Abedin et al. 2022). For instance, people could consider the potential loss of 
autonomy when using AI in the design process. In other fields (e.g. data science), research showed that 
some humans value the AI in the collaboration process but some are still skeptical because of fear of 
automation (Wang et al. 2019) and need some degree of freedom (Elshan et al. 2022). Additionally, the 
transparency of how the AI derived its ideas may lead to a lack of trust and acceptance of the AI-generated 



 Designing Human-AI Collaboration for Creative-Problem Solving
  

 Forty-Fifth International Conference on Information Systems, Bangkok, Thailand 2024
 4 

suggestions (Vössing et al. 2022). In this line, research has already shown that various concerns like 
discrimination, biases, and inaccurate recommendations, or fear and scepticism among human workers 
towards working with AI can negatively impact trust (Davenport et al. 2020; Rampersad 2020). On the 
other hand, blind trust is not conducive to symbiotic collaboration. Results show that people tend to social 
loafing in this context (Stieglitz et al. 2022). These perceived concerns and threats often result in users 
rejecting or not purposefully adopting the technology, regardless of their initial enthusiasm for it (Elkins et 
al. 2013). Hence, it is important to reflect on these issues to achieve adequate trust and adoption of the 
technology that enables a symbiotic relationship of human creativity and computational creativity 
unleashing the full creative potential for creative problem-solving in design. 

Research Method 

DSR is an established approach in the field of IS research that aims to generate rigorously derived and 
relevant design knowledge. Design knowledge encompasses all aspects of the relationship between the 
problem space and the solution space (Venable, 2016; Vom Brocke et al., 2020) and aims to generate 
prescriptive knowledge that contributes to both the theory and practice of solving real-world problems 
(Hevner 2021; Meske and Bunde 2022; Vössing et al. 2022). In combination with case studies, it has the 
potential to enable better designs by fostering collaboration between the users and the system designer. We 
follow the DSR process according to Peffers et al. (2007) consisting of the following activities: 1) Problem 
identification to understand the real-world problem and gather design requirements, 2) Solution objective 
to derive DPs, 3) Design and development of a collaborative AI-based system that supports idea generation 
(i.e. creative problem-solving) in architectural design, and 4) Demonstration and Evaluation through use 
cases as a proof-of-concept.  

In activity 1) of our design activity, we conducted an exploratory focus group with domain experts (n = 5). 
The focus group technique, a qualitative tool in behavioral science research, involves group discussions for 
a given topic with a selected number of relevant participants guided by a moderator (Morgan 1998). We 
pursued a strategy of human risk and effectiveness because this strategy helps to minimise the risk of user-
oriented and social elements (Venable et al. 2016). In our focus group, we identify and describe user needs 
and requirements (i.e. which we subsequently clustered hierarchically into themes and subsequent 
categories) for our design activity that are important to architects in human-AI collaboration for 
architectural design. We define the DRs based on the emerged scheme of our focus-group discussion. The 
DRs define the criteria in terms of the goodness of a solution. They should be derived from different 
categories and perspectives to inform human-AI collaboration literature (Brocke et al. 2020). DRs are part 
of the problem space and guide the development and design of components. They are prescriptive and 
descriptive knowledge to guide design activities (Brocke et al. 2020; Gregor and Hevner 2013; Hevner 
2021). In activity 2), we then develop DPs based on the DRs and related literature. The transformation of 
DPs based on DRs is a common procedure (Möller et al. 2020, 2022). The DPs allow communication of 
design knowledge (Gregor et al. 2020) and could further be translated into Design Features. DPs allow the 
implementation of instantiations and prototype artefacts in further research. In activity 3), we demonstrate 
our DPs in a real-world setting. Therefore, we instantiate the DPs by using a generative AI-based system 
employing GANs trained with a publicly available data set from already published high-quality architectural 
drawings. We describe our approach and show how we proceed with the novel approach by using existing 
technological possibilities. In activity 4), we evaluate our DPs in the use case. The goal of activity 4 was to 
“show that an artefact is both applicable and useful in practice” (Sonnenberg and Vom Brocke 2012, pp. 
395–396) and to investigate how the architects react to our instantiation and the derived DPs for human-
AI collaboration. To reach this end, it was necessary to embed an artefact instance and evaluate it in 
organisational practice (i.e. real tasks, real systems, and real users) (Sonnenberg and Vom Brocke 2012). 

In summary, based on DSR, we develop DPs for human-AI collaboration in architectural design for an AI-
based system that is using GANs and a real-world data set. Through our design-oriented approach, we 
create practical knowledge for real-world problems and simultaneously contribute to research by deriving 
and evaluating DPs (i.e. contribute to the problem space and the solution space). 
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Design Science Process 

Activity 1: Problem Identification 

Understanding the Real-World Problem 

The focus group was conducted with five architects from Germany. One architect was a partner in an 
architectural office, one was an office owner (who taught at a university), two were employed architects, 
and one had just completed university at the time of the focus group interviews. In total, two male and three 
female participants with an average age of 37.8 years (SD = 6.1) and an average working experience of 8 
years (SD = 4.29) participated in the focus group. The procedure with the focus group was divided into two 
parts: In the first part, we asked the participants to discuss the general idea of using AI as a form of support 
during a design task (i.e. generating initial building footprints). We then demonstrated the idea of human-
AI collaboration in early design phases and gathered needs and initial requirements for a successful human-
AI collaboration. The complete focus group was audio-recorded and then transcribed into typed form. For 
the coding and analysis of the qualitative data, we carried out a modified Colaizzi method using MAXQDA 
to arrange words, phrases, and quotes with regard to AI as support in creative problem-solving as grouped 
in the moderators’ guides (Sanders 2003). After the transcription of the focus groups, we proceeded with a 
reflexive analysis by inductively extracting significant statements, creating formulated meanings, and 
building relevant themes. Afterward, all authors were part of discussions, in which they solved cases without 
matches to a theme (steps 5 to 7 of the Colaizzi method). Through our data analysis, a categorisation scheme 
emerged (Tremblay et al. 2010). The following categories emerged and were further clustered into three 
themes, which are highlighted below (see Table 1). 

Theme Category Illustrative Statements 

Degree 
of 
freedom 

Fear of lack 
of self-
expression 

"Doesn’t it [the AI] put a lot of pressure on you? […] I imagine that would be 
difficult. You would get kind of distracted.” 

“You begin with pre-conceived boundaries that you may not want to cross.” 
Abstraction "The more abstract the impulses are, the better it works." 

“I think simple shapes simply give more room for own creative solutions.” 
Trust in 
creative 
perfor-
mance 

Missing 
explanation 
of the 
methodology 

"The stimulus does not help because it does not follow a strategy." 
“But to just accept the results without knowing what factors played a role and 
how everything was done - to just accept the AI - I do not know. I do not think 
I would." 

Lack of 
creative 
competence 
in AI 

"There are a lot of offices that source out a lot to the computer and algorithms. 
For me, design always involves more chance – artistic elements that stem 
from outside of the box and that the algorithm just doesn't find." 

“The AI does not have to become an artist; the artist still sits in front of the 
computer.” 

Vari-
ations 

Broad 
repertoire 

"It's actually always about generating variations in the design and then 
finding the best solution based on that." 

"I find the situation with the building footprint interesting – getting to see 
variations and getting inspired […] based on this we can work with them." 

"When I look at the results of competitions [as inspiration] with different 
tasks, I always find all the results interesting. And it's always probably more 
of a mixture of all the results that you find most convincing […] or things that 
you discover that you had not thought of yourself.“ 
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Ambiguity "I would tell the AI to do something else. I would want to be surprised. That 
way, there would be no mistakes. And even if I wouldn't have come up with a 
structure like [the AI], I could see the value in it, too." 

“I would find a kind of random button interesting. Like, you could click on it 
and (tell the AI to) find a solution. You could click on it again and let it inspire 
you." 

Table 1. Themes and Categories 

According to the participants, the design of a human-AI collaboration for architectural design should give 
a certain 1) degree of freedom to its user, generate 2) trust in the system´s performance, and 3) offer content 
variations to explore possibilities in the solutions space of a design task. In more detail the aforementioned 
themes (1, 2, 3) can be described in more detail through the following categories: 1a) fear of lack of self-
expression, 1b) abstraction; 2a) missing explanation of the methodology, 2b) lack of creative competence 
in AI; 3a) broad repertoire, and 3b) ambiguity. The statements provide illustrative expressions with respect 
to the categories. 

Derivation of Design Requirements 

To inform the human-AI collaboration research and our further steps, we define DRs as goodness criteria 
based on the focus-group discussion. That guides our design activities by exploring the real-world problem 
space and helps to evaluate the designed solution. While there is knowledge about the AI-based technology 
of GANs, the technology is not yet designed or investigated against the backdrop of human-AI collaboration. 
Hence, we decided to derive the user needs and requirements in the architectural design for our solution 
based on the results of the focus-group discussion. In the following, we derive the DRs accordingly to the 
categories that emerged and are described in Table 1. 

Fear of lack of self-expression was a concern the architects commented. We identified the concern that the 
architects worry about being replaced within the human-AI collaboration and that they are not able to 
express their ideas in the way they are used to. They are concerned about the information given by the AI 
(e.g. stimuli) that sets boundaries within the search for a new solution in the design process. DR1: When 
users are provided with AI-based stimuli, the solution should not suppress designers’ expression. 

Abstraction within the human-AI collaboration was another important aspect the architects commented 
on. We identified the need that architects wanted the AI-based content in an abstract form. This is also in 
line with theoretical foundations in information systems-based creativity support suggesting that stimuli 
should not be to close with the task at hand in order to create original ideas (Wang and Nickerson 2019). 
The more abstract and interpretable the content, the less restricting the content seems to be which helps to 
search for new solutions within the solution space of a design process. DR2: When users are provided with 
AI-based stimuli, the solution should not be restricted through too much detailed information. 

Missing explanation of the methodology was another problem that occurred during the discussion. As 
machine learning principles are not familiar content for designers, they did not know anything about the 
mechanisms and principles of the technology. In this regard, it was important that they, e.g. know that the 
AI-based content is always based on real-world data and published drafts. DR3: When users are provided 
with AI-based stimuli, the solution should deliver information about the database and the principles of 
GANs. 

Lack of creative competence in AI was something that the architects assumed when discussing human-AI 
collaboration. When looking at the exemplary statements (Table 1), we see that the architects have an 
understanding of creative work that is related to arts and thinking out of the box. However, creativity is not 
only related to chances but also to a persistent exploration of the possibilities in the solution space (Cropley 
et al. 2022; Runco 2004). The users have to be aware that also a data-based approach in discovering the 
solution space of a design task can lead to a better solution faster and that the AI-based content can further 
lead to new chances. Further, the solution should not be creative by itself, however, the creative 
performance occurs within the collaboration between human and AI.  DR4: When users are provided with 
AI-based stimuli, the solution should deliver information and increase trust in the human-AI 
collaborations’ creative performance. 
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Broad repertoire seems to be a very important aspect of human-AI collaboration. That is not surprising, as 
theoretically designing is about finding a satisfying solution within the possibilities in the solution space. 
Based on that understanding there is not one correct solution like in deterministic environments. Based on 
that conceptual understanding and the statements in the focus-group our solution should provide 
numerous variations as inspiration giving the architects the freedom to find variations that correspond to 
their general ideas of a solution to the problem at hand and work on this basis. DR5: When users are 
provided with AI-based stimuli, the solution should deliver variations of one possible design solution. 

Ambiguity is another aspect related to a broad repertoire and can be explained through the nature of the 
creative problem-solving of a task and the understanding of design as a search process in the solution space. 
Ambiguity can foster creativity, chance, and thinking out of the box which all leads to a higher likelihood, 
that a good solution can be found for a design task. Therefore, the solution should promote ambiguity by 
providing different design variations to challenge users' expectations and preconceptions. DR6: When users 
are provided with AI-based stimuli, the solution should deliver different approaches for design solutions. 

Activity 2: Solution Objective 

DPs allow communication of design knowledge in a prescriptive manner (Gregor et al. 2020). Based on our 
DRs, we will now derive DPs based on the human AI and creativity literature for a generative AI-based 
system in an initial design phase of generating building footprints for architectural design. According to our 
results of the focus group, participants recognized the AI not only as a teammate for collaboration but also 
expressed fear that the AI-based stimuli put pressure on them and that may feel restricted in their search 
for a creative solution (DR1). Based on this, we thus propose the following DP (see Table 2). 

DP1: Principle of Self-Expression 
Aim For developers to design an AI-based system that allows users the capability to enable their 

own expression without feeling limited by the AI-based stimuli. 
Mechanism By giving the users the ability to neglect stimuli and manipulate stimuli until it matches 

their preferences. 
Rationale Because the literature suggests that autonomy is a crucial factor for creative output among 

creative individuals (Sheldon 1995). However, the integration of generative AI in the 
design process may have negative implications for individuals' perceived autonomy. This 
is consistent with the self-determination theory, which posits that autonomy is one of three 
fundamental needs that must be met in order for individuals to perceive their actions as 
self-determined (Ryan and Deci 2017). As such, the potential diminishment of autonomy 
may hinder designers' ability to tap into their creative self-expression and might negatively 
impact collaboration with AI (De Vreede et al. 2021). 

Table 2. Principle of Self-Expression 
Another issue mentioned in the focus group was that participants preferred abstract stimuli to work with 
(DR2). Meaning that AI as a symbiotic collaborative partner should assist in such a way that it does not 
limit the solution space too strongly and leaves the creative potential for designers. Hence, we propose the 
following DP (see Table 3). 

DP2: Principle of Abstraction 
Aim For developers to design an AI-based system that allows the system to achieve illustration 

of stimuli in an abstract way. 
Mechanism By training the system in a way that it generates abstract stimuli. 
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Rationale Because previous literature on creativity support systems posits that in early idea 
generation, divergent thinking is important (Guilford 1967). This body of work identifies 
two disparate methods for fostering creativity - flexibility and persistence -each influenced 
by the degree of stimuli relatedness  (Althuizen and Reichel 2016; Nijstad et al. 2010). 
Depending on the level of relatedness (i.e. abstractness of the stimuli), a more flexible or 
persistent exploration of ideas is encouraged. It is posited that stimuli with greater 
abstractness are more likely to induce broader thinking (i.e. flexible pathway) and more 
flexible thought processes. In contrast, stimuli that are more related or detailed tend to 
provoke constrained and narrow thinking styles (i.e. persistence pathway) and limit the 
exploration to a select number of ideas (Althuizen & Reichel, 2016). Therefore, to increase 
flexibility and divergent thinking, the AI-based system should provide abstract stimuli. 

Table 3. Principle of Abstraction 
 Furthermore, the results of the focus group highlight the importance of information about the vague term 

AI and its functionality in the phase of idea generation (DR3; DR4). Against this background, we propose 
the following DP (see Table 4). 

DP3: Principle of Trustworthiness 
Aim For developers to design an AI-based system that allows the system to provide features 

based on XAI that generate a general explanation that enables users` interpretation of the 
stimuli and generates trust in AI. 

Mechanism By providing user-friendly explanations of how the AI-based system generally works, 
derives stimuli, and how it was trained. 

Rationale Because people do often not know what AI means and these misconceptions can limit 
people’s ability to effectively use and collaborate with it (Fast and Horvitz 2017). Studies 
have shown that AI literacy is important (Ng et al. 2021) and that explainable AI is 
important to gain trust which in turn is a vital antecedent of adoption and thus 
collaboration (Shin 2021; Vössing et al. 2022). As such, the AI-based system should be 
well explained and provide an explanation of its generated stimuli.  

Table 4. Principle of Trustworthiness 
 Finally, the results of the focus group show the importance of multiple possible solutions (DR5; DR6). 

Hence, we posit the following DP (see Table 5). 
DP4: Principle of Broad Repertoire 
Aim For developers to design an AI-based system that achieves the capability to enhance users` 

repertoire by allowing several solutions for the task. 
Mechanism By giving the user the ability to create several stimuli variations for the same task. 
Rationale Because idea generation is an early and creative phase which involves exploring the 

possible solution space as broadly as possible to derive the best possible solutions (so-
called divergent thinking; Guilford 1967) an AI-based system should provide as many 
variants as needed to enhance the designers’ repertoire for a successful collaboration. 

Table 5. Principle of Broad Repertoire 
 In sum, we identified six design-requirements and derived four design principles for successful human-AI 

collaboration in architectural design, each identified with a short title, as illustrated in Figure 1. 
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Figure 1. Deriving Design Principles from Design Requirements 

Activity 3: Design and Development 

Design of the User Interface 

For our proof-of-concept evaluation, we developed an artifact that embodies the functionalities outlined in 
the DPs to enable human-AI collaboration. Figure 2 offers a snapshot of this instantiation, emphasizing an 
excerpt of its design nuances. 

 

Legend 

 
Figure 2. Excerpt of the User Interface and Description of the Stimuli 

For the principle of self-expression (DP1), our system provides designers with the flexibility to ignore 
certain stimuli by generating alternative variants or excluding specific buildings from the proposed 
stimulus. Users can also "lock" a building as indicated by a red lock in Figure 2, ensuring its retention during 
subsequent variation generations. The interface further allows users to bring in their perspectives by 
manipulating generated buildings by, e.g. rotating, moving, or removing them. Additionally, they have the 
autonomy to specify the desired number of buildings to be generated. Importantly, our system operates 
independently of existing software, such as CAD tools, ensuring that users can choose to use it as and when 
they see fit. Further, we developed an independent system instead of integrating the functionalities 
described into existing CAD software as a plugin or module. The actual work and design process in the CAD 
program is not restricted. The stimuli do not limit the actual design process in any way. Should the architect 
have reasons to do so, thus supporting the principle of self-expression. Regarding the principle of 
abstraction (DP2), the user interface presents design suggestions as abstract geometric shapes, with 
buildings represented in black and entrances in white. All available operations, be it moving, removing, or 
rotating, are presented in this abstracted manner. Figure 2 shows an exemplary stimulus (description on 
the right side: (A) surrounding buildings; (B) site; (C) proposed footprint; (D) building entrance set by 
architects; (E) access to the building site set by architects; (F) existing building on site). More details about 
the training of the algorithm that enables such stimuli are described in the next chapter. 
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To address the principle of trustworthiness (DP3), the original input is always displayed, allowing users to 
compare the generated content with the source, ensuring the integrity of their data. The ability for users to 
define the number of buildings to be generated, coupled with immediate feedback during variation 
generation, further bolsters trust in the system. Furthermore, the system describes the source of data and 
the principle of GANs in a user-friendly manner.  

The fourth principle of broad repertoire (DP4) addressed the category variants and was operationalized as 
follows. Since it is common for architects to work with multiple variants, the system should provide variants 
to best complement the architects' repertoire as stimuli. In this regard, our system is equipped to produce 
an extensive array of variations from the given input, enriching the user's design repertoire. Furthermore, 
as described in DP1 they can further explore and manipulate specific variations fostering different design 
approaches. A "favorites" feature is also incorporated, allowing users to revisit and draw inspiration from 
designs they have previously generated. Beyond these DPs, the design of the user interface is intentionally 
minimalist, with brief explanations made available when hovering over specific icons or question marks. 

Data, Data Annotation and Training of the Algorithm  

In addressing DP2, the training of the GAN was instrumental. The training data utilised, specifically 
building footprints, were not only recognised and valued but also routinely serve as a significant source of 
inspiration for architects during the design phase. More precisely, the exclusive training data incorporated 
were drawings sourced from a particular magazine [name omitted for review], known for showcasing high-
quality, award-winning architectural designs. In the following, we provide a more detailed exploration of 
our training pipeline. 

Data acquisition. The efficacy of AI methodologies is inherently dependent upon the integrity of the data 
employed, necessitating the employment of pre-assessed data. Traditionally, reliance on public datasets 
such as Google Maps, which do not offer assurances of architectural quality, has posed challenges. In 
divergence, our approach encompassed assembling a dataset derived from the outcomes of architectural 
competitions over the preceding decade. By solely incorporating the most commendable results from these 
public competitions, we assured an elevation in quality relative to existing methodologies. Given the 
proclivity of architects to draw inspiration from these competition results, the propensity for a positive 
reception towards this source of data is anticipated. We assembled site plans from awarded entries and 
potential honourable mentions, focusing exclusively on one typology – educational buildings – to avert 
conceivable distortions in the results yielded by the algorithm, attributable to diverse patterns across 
typologies. This meticulous methodology culminated in the collation of 1,921 site plans. 

Data annotation. The process of ensuring accurate data annotation was of paramount importance. Each 
element of the site plan, including surrounding and existing buildings, the site itself, and access points to 
both the building and the site, was systematically annotated. Figure 4 provides an intricate visual 
representation of this annotation process. The raw data, represented by footprints in the diagram, were 
delineated and colour-coded according to the respective elements they represented (e.g. surrounding 
buildings annotated in red, existing buildings on the site in black, and the site in magenta). 

Data (competition, 1st place) Annotated Data 

  

Figure 4. Exemplary Data Annotation 

The implementation of the algorithm training. Subsequently, the focus was directed towards training a 
GAN for the synthesis of images, utilising the GauGAN architecture (Park et al. 2018), which is a conditional 
GAN that allows semantic image synthesis. This method allowed for nuanced manipulation of the semantics 
of the generated images, facilitated by a detailed semantic-label map. This map was meticulously 
constructed, with each colour corresponding to a specific label (e.g. red pixels symbolising surrounding 
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buildings, blue pixels denoting existing buildings on the site). In a bid to optimise the quality of the final 
outcomes, the initial dataset of 1,921 images was strategically expanded to encompass 5,763 images through 
a series of exemplary transformations, including rotations and flips. While this approach did amplify the 
relationship dynamics between site dimensions, site form, and the surrounding buildings, it necessitated a 
trade-off in terms of the consideration of sun position. Although the sun’s position is a crucial aspect for 
determining later room occupancy, it remained a non-pivotal element for the application example at hand, 
and thus, the compromise was deemed acceptable given the myriad advantages gleaned from the process. 

Activity 4: Demonstration and Evaluation 

Use Case 

Our proof-of-concept case were two well-established German architectural office. The offices were part of 
different research projects of one of the university of the authors. Furthermore, both offices are active in 
the architectural competition industry. The first office had 10 employees and the second office had eight 
employees during the time of our investigation in 2022 and 2023. In total, five male and five female 
employees with an average age of 39.9 years (SD = 8.5) and an average working experience of 16.8 years 
(SD = 8.9) of the first office participated in the case. From the second office, five male and three female 
participants with an average age of 40.5 years (SD = 7.5) and an average working experience of 17.1 years 
(SD = 8.1) participated. After a consultation about their current competitions (i.e. competitions for 
designing educational buildings), our instantiated AI-based system was fed with high-quality data. The 
architects could use the system for one week during the stage in which an initial building footprint for the 
building had to be created. In order to gather a deeper understanding, we then interviewed the project 
teams about their experiences with the usefulness of the AI-based system and evaluated the DPs. The semi-
structured interviews were conducted by two researchers and lasted approximately 60 minutes each. The 
interviewees supported the idea of introducing such an AI-based system to inspire them with further ideas 
and challenge their existing ideas. The interview evaluation aimed at identifying indications that our proof 
of concept and the DPs did meet the DRs and at exploring the human-AI collaborations’ capabilities for 
enhancing divergent thinking during idea generation.  

Evaluation Findings 

In the following, we present our results. First, we present overall feedback based on the interviews 
(illustrative statements of the interviewees are presented in table 6), then reflect them based on the 
identified DPs and finally about the repertoire-enhancing capabilities of human-AI collaboration that are 
related to divergent thinking in idea generation. The overall evaluation criterion was the capability of 
human-AI collaboration in divergent thinking processes during idea generation. 

Design Principle Illustrative Statements 

Principle of self-
expression (DP1) 

“But if […] the AI said that it had the one and only solution, I would feel uncertain 
and sceptical. But with the possibilities like rotation or adding and removing 
buildings - this is really nice.” 

“It didn't limit me; it's basically like looking at the works of other architects.” 

“I especially appreciate that no settings need to be made for the initial design of a 
project. This allows for quick and uncomplicated generation of first draft ideas.” 

“Another feature I find really cool is the ability to individually adjust areas of the 
design. You can fix certain areas, delete others, or even rotate parts without 
changing the entire design. This gives us architects impressive control and 
flexibility to tailor the design to our vision and the needs of the project.” 

Principle of 
abstraction (DP2) 

“I thought the images were very good. They were pictogram-like and did a great 
job at getting the AI’s idea across [...]. I could imagine working with the AI like 
that.” 

“These simple structures... the algorithm also understands that they are actually 
the right solution at that point.” 
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“What I particularly like is that the system leaves a lot of room for creativity. By 
the AI primarily providing designs for the building footprints, we as architects still 
have a lot of flexibility in elaborating on the design. When it comes to the number 
of floors, for example, we can still decide.” 

Principle of 
trustworthiness 
(DP3) 

“This would be really beneficial. Even though you explained how the AI works, we 
tried to understand why [it proposed certain solutions]. It would be interesting to 
know why the AI makes a certain suggestion.” 

“In the end, it’s the emotional level that AI doesn’t have. And we make our 
decisions on this emotional level.” 

“Since you can't define so many parameters from the beginning, it [the AI] is not 
yet so specifically tailored to our competition, so we could still incorporate more 
parameters. But I could imagine that if you could map out all this complexity, the 
situation would be completely different. Right now, we still have the feeling that 
we are superior to the AI.” 

“I like the data foundation on which the AI operates. Essentially, it's the same data 
that I, as a human, work with. So, this gives me great confidence in the system […] 
I mean, of course, one must remember that the AI's suggestions are typically initial 
drafts. But that's precisely why I find it so valuable, as it provides a solid base for 
the further design process.” 

Principle of broad 
repertoire (DP4) 

“We [architects] work with variations, so it was good to have [several suggestions 
and ideas].” 

“We sat here and really reflected [on the stimuli] bit by bit, which led to new 
perspectives and insights… and we even changed our opinion completely.” 

“I believe it would be ideal if, instead of a single design, we could receive four 
different initial designs, similar to the platform midjourney. This would allow us 
to have a broader selection of concepts right from the start and then choose the 
direction that is best suited for the project […] I believe it would make sense to 
design the collage in such a way that it shows all the designs that were created 
during the session. Particularly favored or promising designs could be highlighted 
or enlarged to immediately recognize the development and preferred ideas.” 

Table 6. Evaluation of the Design Principles 

Beyond the general appreciation for the collaboration with the AI-based system expressed by the 
interviewees, they also uncovered additional avenues for enhancement. They expressed a curiosity to delve 
deeper into the mechanism by which the AI formulated solutions and its underlying strategy. Furthermore, 
they highlighted the intriguing possibility of incorporating more parameters into the algorithm. In relation 
to the evaluation of the DPs, a distinct shift in perspectives was observed between the initial interviews and 
the evaluations conducted in a more realistic environment. Initial concerns, for instance, about self-
expression, evolved to present a more nuanced view favouring the AI-based system upon practical 
application, proving its utility. 

1) Principle of Self-Expression (DP1): This principle was operationalised to reduce (perceived) boundaries 
and facilitate personal self-expression. Our results show, that there was no indication of perceived 
boundaries and the architects indicated a high level of self-expression in relation to the AI. Thus, the 
principle not only ensured autonomy but also supported their persistent pathway in idea exploration, 
enabling the architects to develop a variant that aligned with their expectations. 

2) Principle of abstraction (DP2): This principle was operationalised by the abstract nature of the stimuli 
(represented through the building footprints) to support divergent thinking. The results highlight that the 
AI effectively communicated the conceptual ideas by providing a foundation to further explore the solution 
space. More specifically, the architects valued the balance between offering initial structural guidance while 
preserving autonomy for detailed design decisions. Furthermore, the integration of the AI-based system 
into the architects' existing workflow was perceived as seamless. However, the architects recognized the 
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importance of further human input in the subsequent stages of the design process, affirming the system’s 
role in supporting the flexible pathway in the exploration of ideas. 

3) Principle of trustworthiness (DP3): This principle was operationalised to address the opaqueness of the 
AI. The evaluations concerning our assumptions regarding DP1 and DP2 showcased that trust as a variable 
is indeed multifaceted. Ultimately, the architects opted not to place unequivocal trust in the AI in certain 
scenarios, particularly when their initial building placements did not align with their expectations, leading 
them to explore alternative designs. Nonetheless, they perceived the system as beneficial, facilitating novel 
thought processes and reinforcing the rationale behind their chosen solutions. Essentially, it can be inferred 
that, while architects generally trust the stimuli as a source of inspiration during the iterative design 
process, they want to retain the final say in design activities — even in the initial phases. This insight paves 
the way for future research, exploring the nuanced dynamics of trust and control throughout varying stages 
of the design process. Generally, we posit that achieving a certain threshold of trust is imperative. The level 
of trust must be high enough to encourage architects to utilise the system. Beyond this point, it is the trust 
in the system’s creative performance that influences the perceived utility of the AI-based system. 

4) Principle of broad repertoire (DP4): We operationalised this principle by enhancing architects’ personal 
repertoire through generations of many variants, which allowed different interpretations and solutions. In 
the case study, we discovered that architects were satisfied with the affordances of the system and produced 
a lot of variations. However, they also mentioned that the system should produce initially own suggestions 
without parameter manipulation, more variants in one generation, and a summary at the end of one session 
in form of collage depicting the history of stimuli. Generally, the ability to produce more variations seems 
to be an important aspect of our system as their use showed us. Further, the stimuli generation should also 
be able to adapt to new parameters/requirements (the architects asked for further features like the ability 
to neglect existing buildings or mark areas where no building should be produced) in an agile manner. 

Discussion 

Based on the findings of our study, we are now able to shed light on our research question. We empirically 
derived six DRs and four DPs by using a focus group and expert interviews (in two architecture offices) to 
inform the design of AI-based systems fostering collaboration. In doing so, we developed a structured 
approach to explore the relationship between AI-based systems and early design phases in architectural 
design, with a focus on creative problem-solving. In this section, we discuss the results, interpret our 
findings, and highlight our shortcomings. 

Effects of the Design Principles 

Our comprehensive evaluation illuminated the significant potential of AI as a catalyst for creative problem-
solving. Participants reported diverse experiences, showcasing the AI’s adeptness in facilitating innovative 
solutions and navigating through complex design challenges, thereby significantly enriching the creative 
design process. A pivotal finding was the role of the principles of abstraction (DP2) and broad repertoire 
(DP4) in fostering creative problem-solving (i.e. divergent thinking). While DP2 broadens the scope of 
exploration by providing abstract stimuli, DP4 enhances creativity by offering a diverse range of alternative 
solutions. DP2 ensured that architects retained creative flexibility, with the AI’s stimuli effectively 
communicating conceptual ideas in an abstract manner. This balance allowed architects to explore 
innovative solutions while maintaining autonomy (i.e. supporting DP1 – principle of self-expression), 
highlighting the nuanced interplay between abstraction and specificity in problem-solving. Trust emerged 
as a central requirement, with the evaluation of the principle of trustworthiness (DP3) revealing a prevailing 
sense of trust among participants in the AI system’s problem-solving competence. The transparency and 
integrity embedded in the AI’s suggestions bolstered confidence, affirming its capacity to inspire and 
support the derivation of innovative solutions. The insight gained from the principle of broad repertoire 
(DP4) was equally significant, which underscored the importance of AI systems providing a diverse array 
of problem-solving approaches, thereby also supporting the principle of self-expression (DP1). The ability 
of our AI system to offer a variety of solutions enriched the architects' problem-solving repertoire, fostering 
a multifaceted and versatile approach to address design challenges. While the AI system garnered positive 
reception and trust, our evaluation did also identify areas necessitating refinement. Participants highlighted 
the desire for an even broader spectrum of problem-solving approach and a more in-depth exploration of 
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the AI’s methodology, pinpointing avenues for further enhancement of the system’s support in creative 
problem-solving. 

Implications 

This research highlights an exploration into human-AI collaboration, with dual objectives of advancing 
understanding in human-AI collaboration and creating innovative tools in the realm of creativity (Abedin 
et al. 2022; Siemon et al. 2022). Furthermore, our results highlight which design aspects are crucial for a 
successful human-AI collaboration in the domain of creative problem-solving. 

The synergy between humans and AI emerged as a novel method, enriching designers’ repertoire and 
fostering divergent thinking during creative problem-solving (i.e. idea generation). Unlike established 
methods focused on optimizing the rather deterministic (design) processes, our approach uniquely 
amalgamates both - deterministic aspects and heuristic, artistic, and discovery aspects, essential in 
architecture (Schön 1983). It ventures beyond rational decision-making to nurture (bounded) creativity 
through data-driven strategies, offering new AI-based systems for architectural design. We contribute 
through our research to DSR (guideline 4: research contribution (Hevner et al. 2004) by solving the 
problem of making new machine learning algorithms available for architects. We categorize our research 
as exaptation, extending established techniques to novel problem areas. (Gregor and Hevner 2013). 

In dealing with structured decision-making tasks and “black-box” approaches it is known that especially 
cognitive trust and its predecessors are crucial to enable successful collaboration  (McAllister 1995; Vössing 
et al. 2022). In our case, the established cognitive trust enabled the inspiration through stimuli without 
necessitating finality or credibility. However, trust in the creative performance of an AI-based system seems 
to be also emotional in the creative problem-solving domain. In this line, establishing affective trust, could 
serve as a further catalyst. Summarizing, human-AI collaboration did not directly dictate the final 
architectural designs. Nevertheless, it significantly influenced the design by serving as an inspiring 
stimulus, leading to shifts in perspective and idea refinement. In this line, we have shown how human-AI 
collaboration can foster divergent thinking by supporting the flexible and persistent exploration of ideas 
(Althuizen and Reichel 2016; Nijstad et al. 2010).  

Finally, the role of AI in design, and how innovation can take place with practical relevance and 
accountability, also depends on the following questions, where our work contributes as an initial step. The 
question arises as to what will happen if all designers resort to the same stimuli and the repertoire is reduced 
at the level of society. It also raises the question of how to incorporate human-AI collaboration into student 
curricula. It is important that they build up a repertoire and experience and do not exclusively rely on AI, 
which might even lead to skill erosion (Lebovitz et al. 2021; Rinta-Kahila et al. 2023). Additionally, the role 
of human-AI collaboration changes with the rise of AI and further avenues of how human machines (i.e. 
cognitive computing systems) arise (Schuetz and Venkatesh 2020). We also contribute to that stream with 
our proposed human-AI collaboration and open the research opportunity to investigate how systems can 
foster humans’ trust (see Schuetz & Venkatesh, 2020) in the case of design. DSR can further succeed in 
addressing the aspects of technological possibility and social aspects simultaneously. 

Limitations and Outlook 

In reflecting upon the findings of this study, it is crucial to acknowledge several limitations that delineate 
the scope of this research offering avenues for future research. Firstly, a limitation arises from the reliance 
on self-reported data, which inherently carries the risk of subjective bias and inaccuracies. The potential 
influence of social desirability or misinterpretation of questions on participants’ perceptions and responses 
could affect the validity of the findings and necessitates cautious interpretation. Secondly, the study’s 
employment of qualitative methods, while offering in-depth insights and a nuanced understanding of user 
experiences with AI in architectural design, is inherently subjective and context-specific. The interpretative 
nature of qualitative analysis may constrain the generalizability of the findings to different settings, 
underscoring the need for diverse methodological approaches in future research. The absence of 
quantitative methods in the current study further restricts the ability to measure and statistically analyse 
variables related to inspiration and creativity. Thirdly, the results are context-specific to the fields of 
architecture, engineering and construction. Therefore, to improve external validity, further insights from 
other contexts are needed. Finally, while this study highlights tensions regarding explainable AI, trust, and 
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AI literacy, these topics were not fully explored due to the study's focus on DPs for human-AI collaboration 
in creative problem-solving. Future research should delve deeper into these issues to better understand how 
AI can be designed to enhance trust, transparency, and creativity without compromising user autonomy. 
Looking forward, there are several promising directions for future research. A balanced integration of 
qualitative and quantitative methods will be instrumental in offering a holistic perspective on how AI 
influences inspiration and creativity in creative problem-solving. 

Conclusion 

This investigation delved into the realm of collaboration between humans and AI, shedding light on crucial 
aspects for crafting such interactions and their capacity to spur creative problem-solving (instantiated in 
the process of divergent thinking). We demonstrated the utility and potential of AI in aiding designers 
during creative problem-solving endeavours, thereby providing opportunities to expand their repertoires. 
The practical implications are significant, given the nascent state of generative AI in this domain and its 
promising ability to unveil myriad possibilities for improving design quality and efficiency through human-
AI synergy. Our findings pave the way for future studies to build upon this knowledge, exploring further 
intricacies of human-AI collaboration and developing innovative design tools informed by our insights. 
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