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ABSTRACT
Creative professionals (such as designers) have begun applying gen
erative artificial intelligence (GenAI) models to their workflows, from 
text to image production. This practical adoption has been explored in 
human-computer interaction (HCI), which guides the incorporation of 
these models into creative design processes. While HCI research 
explores GenAI, an underlying wave of research is emerging, incorpor
ating these models into Creativity Support Tools (CSTs). Our work aims 
to articulate the role of GenAI in supporting design creativity, an area 
that still requires research. This knowledge is essential for guiding the 
development of new CSTs. We contribute to this knowledge by devel
oping an LLM-based CST with two interactive visualization interfaces 
(idea generation and evaluation). Through an empirical study with 18 
participants (professionals and advanced design students) with design 
backgrounds, we demonstrated SAIESE’s potential to facilitate diver
gent and convergent thinking. We also identify opportunities and 
challenges of incorporating AI into the creative design process. Our 
results highlight the role and use of AI at each stage.
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1. Introduction

Creativity consists of generating and refining ideas (Guilford, 1950), creating new 
approaches to problems or tasks, original solutions to conflicts, or new perceptions 
from a set of data (Cropley, 2010; Lubart, 2016). In the context of design, creativity 
emerges from the interaction between aptitude, process, and environment, through 
which an individual produces a perceptible idea (Plucker et al., 2004). Thus, the 
design process is considered a central concept within HCI, a field that aims to 
support and enhance design activities (e.g., creativity and problem-solving). Despite 
its relevance, creativity during the design process is constrained by barriers, such as 
design fixation (Jansson & Smith, 1991) – a tendency for designers to become 
anchored to initial ideas, limiting exploration of the design space. One approach to 
minimizing these barriers is to incorporate design elements or support requirements 
through technology that fosters and stimulates creative thinking, such as the 
Creativity Support Tools introduced by Ben Shneiderman (Shneiderman, 2000, 
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2007). These tools are defined as ‘systems running on one or more digital systems 
that fulfill one or more creativity-focused capabilities and are employed to positively 
influence users of different expertise in one or more distinct phases of the creative 
process’ (Frich et al., 2019). Currently, these tools have evolved significantly with the 
integration of Artificial Intelligence (AI) techniques, which have transformed the way 
humans interact with and explore the creative process, consequently supporting the 
scalability of design processes (Allison et al., 2022; Bourgault & Jane, 2023; Takaffoli 
et al., 2024; Verganti et al., 2020). Therefore, AI capabilities in creative design 
processes (i.e., characterized as open, complex, and often ill-defined problems 
(Allison et al., 2022) have become particularly relevant. However, the emergence of 
Generative AI (GenAI), specifically Large Language Models (LLMs) (Muller et al., 
2023), has sparked interest across the entire HCI community for their ability to 
support creativity and redefine traditional problem-solving dynamics (Zorana 
Ivcevic and Mike Grandinetti, 2024). Despite the growing enthusiasm surrounding 
this paradigm, little is known about its impacts on creative workflows (Palani & 
Ramos, 2024). Recent studies have shown that GenAI can also have unintended 
negative effects on the creative process, such as reinforcing fixation or reducing the 
diversity of ideas generated (Wadinambiarachchi et al., 2024). However, other inves
tigations (Holzner et al., 2025) indicate that human-AI collaboration can improve 
creative performance when properly integrated into the design process. These results 
suggest that the application of GenAI throughout the creative process is not inherent 
to the technology but rather strongly depends on how systems are designed and used. 
In this context, the high-level principles proposed by Ben Shneiderman 
(Shneiderman, 2020) – human control, reliability, and explainability – offer 
a relevant framework for the design of AI-based tools for creativity support. 
However, how these principles translate into practice remains insufficiently under
stood, particularly with respect to the balance between structured guidance and 
creative flexibility during the exploration of the design space (Palani & Ramos, 
2024; Zorana Ivcevic and Mike Grandinetti, 2024). To address this gap, we investigate 
the SAIESE (System Approach to Idea Evaluation and Selection of Ecosystem) tool, 
a CST based on an LLM focused on sustainability, a domain that involves systemic 
and multidimensional challenges that require creative thinking to generate, evaluate, 
and select innovative ideas (Wadinambiarachchi et al., 2024). In previous studies, 
SAIESE was explored in a decision-making context, highlighting the potential of AI 
for creativity in idea evaluation and selection (Rodrigues et al., 2025). In this 
investigation, we reposition the system to examine its potential role in the broader 
creative design process, enabling us to explore how design decisions within such 
systems may influence user interaction, workflow structuring, and the perceived 
creative experience. In Figure 1, we present the SAIESE interfaces at each stage of 
the creative process, showing how the prototype integrates the creative process with 
AI. Based on this motivation, the research seeks to answer the following research 
questions: RQ1: How can SAIESE support designers during the creative process, 
considering the exploration and refinement of ideas? and RQ2: What are the oppor
tunities and limitations perceived by designers during the creative flow? To answer 
these questions, we developed a within-subjects design with 18 designers using 
a mixed-methods approach (quantitative and qualitative data). The study provides 
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exploratory insights into how designers perceived the integration of SAIESE during 
the creative workflow and how feedback mechanisms may influence the human-AI 
co-creative flow, particularly regarding the trade-offs between workflow organization 
and creative flexibility.

2. Background and related work

Our study is part of the HCI problem-solving perspective proposed by Oulasvirta 
et al (Oulasvirta & Hornbæk, 2016), which characterizes the field of human- 
computer interaction as a design-oriented discipline that combines empirical, con
ceptual, and constructive approaches to understand and improve interactive systems. 
Within this line of research, it is relevant to investigate the AI-driven creative 
process, as it allows us to analyze how humans can collaborate with AI systems to 
address complex design problems, focusing on the creative process (e.g., idea gen
eration, evaluation, and selection) (Huang et al., 2026; Wang et al., 2025). Previous 
studies (Oulasvirta et al., 2017) have demonstrated that computational support can 
guide designers in selecting functionalities and structuring creative workflows. In 
the following sections, we explore the theoretical foundations of creativity in design, 
the Human-AICo-Creativity paradigm, and the integration of LLMs into creativity- 
support tools.

Figure 1. The user interface of SAIESE, a human-AI sustainable ideas co-creation environment.
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2.1. Creativity in design

Creativity is at the heart of design practice, essential for tackling complex problems and 
proposing innovative solutions (e.g., brainstorming, service prototyping, or designing 
interaction flows) (Biskjaer et al., 2017). Although it has been studied for over a century 
(Guilford, 1950), it is often described as the manifestation of innovative and valuable 
ideas, interpreted as ‘new and useful’ in their context (Cropley, 2010). Creativity is an 
essential requirement in design, as it constitutes the core of the creative process, which 
involves generating, evaluating, and refining interconnected solutions (Lubart, 2016). 
This process is iterative and requires constant alternation between exploratory and 
critical thinking. The literature describes creativity as composed of two complementary 
cognitive processes (Guilford, 1950; Lubart, 2016): divergent thinking – corresponding to 
the idea generation phase, which encourages the production of multiple alternatives – 
and convergent thinking – associated with the selection and improvement of ideas based 
on criteria of feasibility, innovation, and suitability to the context. In design, these 
processes are formalized in models such as the Double Diamond, which structures 
creative activity in successive phases of divergence and convergence, reflecting the 
cyclical and evolutionary nature of creative thinking (Banathy, 1996). However, this 
type of work is subject to several obstacles, such as creative blocks, cognitive overload, 
and selection bias, which can compromise the quality and diversity of the solutions 
generated (Hu et al., 2021; Sun & Yao, 2012). In this work, we explore the interdepen
dence between the creative phases in the design process and investigate how artificial 
intelligence-based tools such as GenAI can promote more informed, collaborative, and 
effective cycles without compromising the human sensitivity that characterizes the 
creative worker.

2.2. Human-AI Co-creativity

Creativity Support Tools (CSTs) have been extremely effective in accelerating the human 
creative process by tracking history, simulating and exploring alternatives, and reusing 
assets (Shneiderman, 2000). However, their capabilities and resources operate in a more 
segmented way, with each part of the flow (person and computer) contributing in 
isolation, limiting the process. Recent advances in artificial intelligence have changed 
this view, offering a more collaborative engagement. In this new paradigm, humans and 
artificial systems work together dynamically, involving different perspectives, references, 
and skills to move beyond traditional paradigms (Holzner et al., 2025; Lazovsky et al., 
2024; Singh et al., 2025). Co-creativity, therefore, involves two or more agents (of which 
at least one is human and at least one is an AI system) working together to generate new 
and valuable ideas and solutions in their context (Singh et al., 2025). Unlike collabora
tion, which focuses on the efficient execution of tasks, co-creativity highlights a more 
integrated interaction, where the result arises from active contributions from both the 
human and the AI system (Wang et al., 2025). Human-AI collaboration has been 
explored in various domains (e.g., decision-making (Cai et al., 2019; Jain et al., 2023; 
Puranam, 2021), games (Zahra Ashktorab et al., 2020; Zhang et al., 2021), and even 
education (Ng et al., 2020)). With this shift in focus, collaboration in creative contexts 
takes on specific characteristics, as creativity involves open, ambiguous activities that 
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depend heavily on human judgment (DiStefano & Beaty, 2026; Rodrigues et al., 2025). 
From this perspective, Wang et al. (Wang et al., 2020) state that effective collaboration 
requires mutual understanding of objectives, preventive co-management of tasks, and 
shared monitoring of progress. This conceptualization shifts the role of AI from 
a supporting tool to an active participant in the creative process (e.g., Brainwriting 
(Shaer et al., 2024), LAVE (Wang et al., 2024), or AngleKindling (Petridis et al., 2023)), 
assisting in both divergent and convergent thinking. According to Licklider (Licklider, 
1960), this novelty represents a significant step toward symbiotic collaboration between 
humans and AI, in which the role of AI extends beyond improving the creative process – 
it becomes an active collaborator or ‘content creator’ (Cetinic et al., 2022). In this sense, 
co-creation presents important implications for the design of CSTs, since these systems 
support the balance, guidance, and structuring of the creative process during problem- 
solving or even in simple tasks. To better understand how these dynamics manifest in 
practice, this work investigates the SAIESE tool during a co-creative interaction between 
humans and AI.

2.3. Large language models for creative support

GenAI technologies (like LLMs) have had significant implications for creative workers 
(Harvard Business Review, 2022), including designers (Olsson & Väänänen, 2021). The 
products arising from this technology can be considered creative, as they are novel, 
valuable, and surprising in the context of use, aligning with the very definition of 
creativity (Runco & Jaeger, 2012). This means that emerging GenAI methods have 
great potential to facilitate creative work in various ways. Thus, this technological 
advancement has become a topic of great interest in both creativity (Holzner et al., 
2025) and Creativity Support Tools (CSTs) (Rodrigues et al., 2023; Shneiderman, 2007). 
ChatGPT, for example, is an LLM that has achieved increasing performance during the 
creative process (Cropley, 2023; Hubert et al., 2023) and has been incorporated into 
several CSTs. The versatility of these models has been reflected in the development of 
new CSTs, whose approaches range from idea generation to workflow support. To 
support idea generation and collaborative ideation, Gonzalez et al. (Gonzalez et al., 
2024) developed the Collaborative Canvas for brainstorming sessions. This tool uses an 
LLM (Llama 2) that supports contextualized user actions throughout the process, includ
ing post-it note generation and progressive improvement of generated responses. 
Similarly, Shaer et al. (Shaer et al., 2024) developed a Brainwriting Group-AI CST to 
boost the Brainwriting tool. The framework incorporates two LLMs to support group 
brainstorming sessions: GPT-3 for idea generation and GPT-4 for evaluation during the 
creative process. Similarly, Petridis et al. (Petridis et al., 2023) developed an interactive 
web tool, AngleKindling, which supports journalists in summarizing press releases and 
generating angles through an LLM (GPT-3) during the writing process. Recent discus
sions in creativity-oriented HCI have also highlighted how LLM-based CSTs reinterpret 
traditional CST principles by enabling more adaptive, contextual, and iterative forms of 
interaction throughout the creative process (Rodrigues et al., 2026). Unlike previous AI- 
based CSTs, which often focused on predefined automation and decision support 
mechanisms, LLM-based approaches support conversational feedback, contextual rein
terpretation, and dynamic refinement of ideas (Rodrigues et al., 2026; Wan et al., 2024). 
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These characteristics influenced the development of SAIESE, especially regarding itera
tive idea exploration, user-controlled refinement, and the integration of contextual 
feedback mechanisms. Beyond this phase of the creative process, LLM-based CSTs 
have also been developed to support broader creative workflows. For example, Wang 
et al. (Wang et al., 2024) developed a CST that supports video creation using an LLM 
(GPT-4) during the idea generation task. While these approaches demonstrate the 
potential of LLMs during the creative process, open questions remain regarding the 
effective integration of this technology into design beyond idea generation and about 
how designers should be involved. In this study, we seek to address these limitations by 
exploring how an LLM-based CST can support designers throughout the creative 
process.

3. SAIESE

SAIESE is a tool that supports creative problem-solving in sustainability contexts using 
o1-mini model. The prototype was developed around four design goals addressing key 
human-AI co-creation challenges. These goals guide the system’s functionality and are 
detailed in the following subsections.

3.1. Design space and rationale

Based on an analysis of the literature on AI-supported creativity, we derived four main 
objectives for designing an LLM-based CST: Goal 1: Support the complete creative 
process. The prototype was developed to support idea generation, followed by evaluative 
exploration and refinement of the generated ideas. Previous studies (Rodrigues et al., 
2024, 2025) indicate that CSTs tend to support decision-making and even include 
information visualization but rarely address the whole creative process. This objective 
aims to fill this gap, allowing the prototype to support designers in both divergent and 
convergent thinking. Goal 2: User-Centered Design Process. The prototype interface was 
developed using user-centered design principles, widely adopted in the HCI field, to 
promote usability and user engagement throughout the creative process. The soft UI or 
neuromorphic visual style (UX Design Institute [UX], 2022) was applied to create a less 
intrusive, more seamless visual experience that favors interpretation, exploration, and 
staying on task. Goal 3: Improve the presentation of information through GenAI. LLMs 
can enhance information visualization in several ways, allowing users to quickly evaluate 
generated information. According to Rodrigues et al (Rodrigues et al., 2024), visualizing 
sustainable metrics alongside textual feedback improves decision-making and empowers 
users to prioritize ideas. Based on this information, the tool provides graphs (e.g., bar 
charts) and detailed descriptions of each metric for the idea or evaluation, depending on 
the process stage, to support the user’s critical analysis. Goal 4: Promote human-AI co- 
creation. Humans actively participate in a hybrid process through a balanced partnership 
approach that enhances innovation and problem-solving with AI. This paradigm is 
extended and reconfigured for the context of creative design, operationalized throughout 
the creative flow to reinforce the designer’s autonomy and mitigate risks associated with 
excessive reliance on AI.
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3.2. System overview

The system presented in this research is based on a previously introduced prototype, 
designed for LLM-assisted decision-making in sustainable contexts (Rodrigues et al., 
2025). While the previous prototype focused primarily on supporting decision outcomes, 
the current system repositions SAIESE as a creativity support tool, based on an LLM that 
supports the entire creative process (i.e., idea generation, evaluation, and selection) 
within a creative designer’s workflow. The previous implementation is based on the 
GPT-3.5-turbo model, optimized primarily for evaluation tasks. However, despite ade
quate decision-making support, a limitation was detected regarding its flexibility for 
iterative idea exploration. In contrast, this version of SAIESE integrates the o1-mini 
model, which allows for more adaptive iterations, with contextual reinterpretation and 
responsive feedback.

The system was built on a Flask-based backend and a JavaScript frontend (Figure 2) 
and is based on three fundamental principles: (i) idea traceability; (ii) explicit user control 
over the refinement of AI-generated suggestions; and (iii) multidimensional evaluation 
of results. The web application initializes the main routes for idea generation, evaluation, 
and data management at startup. The backend uses the SQLAlchemy ORM for data 
modeling, and each core concept (i.e., user-submitted ideas, LLM-generated ideas, and 
their evaluations) is represented by models that ensure data traceability and integrity. 
Generated ideas and evaluations are linked to real users, and integration with the OpenAI 

Figure 2. Mappings between the compositional structures of the creative process identified in the idea 
development workflow and the SAIESE user interface. (a) Workflow around compositional structures; 
(b) the underlying compositional structures; (c) four views in the SAIESE user interface map to 
a corresponding compositional structure.
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API (o1-mini) allows for automatic idea generation and scoring based on three metrics 
(environmental impact, economic benefits, and social effects) derived from prior work 
on sustainability-oriented decision-making (Rodrigues et al., 2024). The metrics were 
operationalized through a combination of textual and visual representations, combining 
a set of qualitative and quantitative criteria. Environmental impact refers to the potential 
to reduce environmental footprint, conserve resources, and mitigate pollution; economic 
benefits capture aspects such as cost efficiency, profitability, and job creation; and social 
effects relate to improvements in quality of life, equity, and community well-being. The 
system then assigns a score to each metric on a normalized scale from 1 to 100, where 
higher values indicate stronger alignment with the respective dimension. This range 
allows for finer-grained differentiation across alternatives, enabling users to identify 
relative strengths and trade-offs between environmental, economic, and social dimen
sions. To maintain interpretability, the numerical scale is complemented by qualitative 
intervals ((Allison et al., 2022; Bourgault & Jane, 2023; Cropley, 2010; Frich et al., 2019; 
Guilford, 1950; Holzner et al., 2025; Jansson & Smith, 1991; Lubart, 2016; Muller et al., 
2023; Oulasvirta & Hornbæk, 2016; Palani & Ramos, 2024; Plucker et al., 2004; Rodrigues 
et al., 2025; Shneiderman, 2000, 2007, 2020; Takaffoli et al., 2024; Verganti et al., 2020; 
Wadinambiarachchi et al., 2024; Zorana Ivcevic and Mike Grandinetti, 2024) not impor
tant to [81–100] extremely important), balancing precision with usability. To ensure the 
prototype’s efficiency and scalability, the system includes a caching layer (Flask-Caching) 
to avoid redundant API calls. Finally, a benchmarking mechanism was implemented to 
compare recent ideas with previously generated ones, thereby reducing their similarity.

The user interface is organized into two main workflows: idea generation and idea 
evaluation – built with a responsive, neuromorphic style that mimics how the brain 
processes information (UX, 2022). Figure 2 presents the Compositional Structures 
with subtle color variations to conceptually distinguish the phases of the creative 
workflow and illustrate the transitions between divergent and convergent activities. In 
the implemented interface, a more consistent visual palette was maintained to pro
mote interface cohesion. Both interfaces are developed using HTML and AJAX 
templates for real-time updates. In the idea generation interface (Figure 3(A)), users 
describe the task or problem, and the system then returns a set of ordered ideas. Each 
idea is presented with two refinement options: Originality and Feasibility. These 
options allow for targeted idea regeneration, prioritizing conceptual novelty or prac
tical feasibility, respectively. The separation of these parameters is an intentional 
design decision, intended to support focused iterations without compromising user 
agency. In the evaluation interface (Figure 3(B)), users can submit a limited set of 
ideas for analysis. The system presents evaluation results progressively, combining 
numerical values with textual explanations for each metric in each idea. The system 
also allows the user to request additional feedback on the feasibility and possible 
implementation strategies. To support the interpretation and comparison of results, 
SAIESE integrates interactive visualizations developed in D3.js. Specifically, the eva
luations are represented as vertical bar graphs showing the scores for each sustain
ability metric for each idea. Here, the colors are consistently associated with specific 
evaluation dimensions (environmental impact, economic benefits, and social effects). 
Additionally, a horizontal benchmarking visualization presents the relative position
ing of ideas across the sustainability metrics on a normalized scale from 0 to 100, 

298 A. RODRIGUES ET AL.



supporting comparative interpretation. Hover interaction allows users to access 
explanatory information, and the visualization supports comparisons among various 
ideas, helping identify relationships between environmental, economic, and social 
metrics (Figure 4).

4. Method

This study investigated how the developed CST, SAIESE, supported designers’ creative 
process. In this section, we describe the details of the experiment developed and the 
analysis of the data obtained, and the respective results.

Figure 3. Printscreens of different user interfaces of SAIESE. (A) Generation process and (B) evaluation 
process.
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Figure 3. (Continued).
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4.1. Participants

We recruited 18 designers through word of mouth (denoted as P1 � P18). 
Participants were subsequently selected based on their active involvement in 
design-related practices and their ability to participate in creative tasks. Of the 
18 participants, 10 were women, and 8 were men, aged 28–42 years 
(M ¼ 35:28;Mdn ¼ 35:50; SD ¼ 4:30). Participants had diverse backgrounds in 
design, with graphic design (n ¼ 13) as the central area of expertise, followed by 
product design (n ¼ 5). The sample consisted of 12 professionals with 2 to 5 years 
of experience (M ¼ 2:92;Mdn ¼ 3; SD ¼ 0:99) reflecting early- and mid-career 
professionals. While the remaining participants (six) are still students (2 with 
master’s degrees and 4 with doctoral degrees), they are actively involved in design 
practices (1 freelancer, 1 belonging to a research team, and 4 with completed 
internships). This diverse sample allowed us to capture a range of experience 
levels. In this way, we ensured that all participants possessed sufficient knowledge 
in the field to interact with the prototype. Participants’ experience in creative 
processes was assessed through a self-reported item in the initial questionnaire – 
‘I have experience working on my creative process (generating, evaluating, and 
selecting ideas)’ - rated on a 5-point Likert scale (1 = strongly disagree, 5 =  
strongly agree). Participants reported a high level of experience 
(M ¼ 4:67;Mdn ¼ 5:00; SD ¼ 0:49). Participants also reported familiarity with var
ious generative AI tools, including Adobe Firefly, Ideogram, and ChatGPT. They 
use these tools for occasional exploratory use and integration into their 
workflows.

Figure 4. Printscreen of interactive visualizations about the evaluation and comparison process.
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4.2. Experimental design

To study workflow support during the creative process, we designed a within-subjects 
experiment with two conditions: (1) exploration without a prototype – participants 
received definitions of each metric (i.e., environmental impact (the idea’s potential to 
reduce the environmental footprint, conserve natural resources, mitigate pollution, and 
protect habitats), economic benefits (the idea’s potential to generate profit, save costs, 
increase financial efficiency, and create jobs), and social effects (the idea’s potential to 
improve people’s quality of life, promote equality, strengthen communities, and increase 
access to essential services) and the parameters applied in both the idea generation phase 
(i.e., originality and viability) and the convergent phase (i.e., feasibility, technologies/ 
implementation methods, and time window) organized on paper. Participants followed 
the instructions in a structured way, without direct interaction with the LLM, allowing 
the effect of the prototype on the creative process to be isolated as a baseline control; and 
(2) Exploration with the prototype – participants interacted with the o1-mini model. The 
prototype used the same prompts and parameters as in the previous condition, allowing 
a comparison of the effect of the digital interface on the process. Half of the participants 
(P1 � P9) began with condition 2, and the other half (P10 � P18) began with condition 1 
to control for order effects. Both conditions were also applied to isolate the prototype’s 
effect on the creative process. Counterbalancing ensures that differences in results are not 
solely due to the order of exposure (e.g., fatigue, learning, or task familiarity). We applied 
the CSI (Cherry & Latulipe, 2014) and NASA-TLX (Hart, 2006) questionnaires, which 
allowed for a comparison of support for creativity and cognitive load between the two 
conditions. Details of the instruments and data collection are described in section 4.5. In 

Figure 5. Participant output in the baseline condition (pen-and-paper) and the prototype-supported 
condition (SAIESE). The example (participant P2) illustrates how ideas and their evaluations were 
manually recorded in the baseline, compared to the more structured, interactive representation 
provided by the prototype.
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Figure 5, we present a representative example of a participant’s output in both the 
baseline (pen-and-paper) and prototype-supported conditions, highlighting differences 
in how ideas are generated and evaluated. Before starting the tasks, participants received 
a brief introduction to the SAIESE tool, including an explanation of its interface and 
features. The goal was to familiarize participants with the system and how it supports the 
different stages of the creative process (i.e., idea generation, evaluation, and selection). 
Following this, participants received clear instructions on how to interact with the 
prototype, including how to enter tasks, interpret feedback, and navigate the process’s 
different stages. We ensured that all participants, regardless of their level of experience 
with generative AI tools, could effectively interact with the system during the experiment.

4.3. Scenario and task

We asked participants to generate innovative ideas, evaluate them based on environ
mental impact, economic benefits, and social effects, and finally select an idea given the 
following scenario: ‘CO2 emissions from urban transport are one of the main sources of 
pollution and contribute significantly to climate change. People are increasingly con
cerned about air quality and the need for greener city transport solutions’ (European 
Commission, 2024). To address this concern, you must find new solutions to reduce CO2 
emissions from urban transport.

4.4. Procedure

All studies were conducted through face-to-face meetings over approximately one hour 
and fifteen minutes (M ¼ 60:49;Mdn ¼ 59:21; SD ¼ 5:14). At the beginning of the 
experiment, participants were informed about the study and asked to complete an 
informed consent form. The study was divided into two 20-minute sessions, with a 10- 
minute break in between: the first for the task without the prototype and the second for 
the task with the prototype. After each session, we administered the questionnaires 
described in section 4.5. After completing both sessions, we conducted a semi- 
structured interview to collect qualitative data on participants’ experiences with 
SAIESE, lasting approximately 15 minutes. Participants did not receive financial com
pensation. However, during the coffee break, they were offered a beverage (coffee, tea, or 
water) and a cookie (we had asked about food intolerances previously).

4.5. Data collection

After each session, two standard questionnaires were administered: the Creativity 
Support Index (CSI) (Cherry & Latulipe, 2014) – a standardized psychometric tool that 
assesses a system’s support for creativity. The CSI provides quantitative assessments on 
six dimensions of creativity support (Collaboration, Enjoyment, Exploration, 
Expressiveness, Immersion, and Results Worth Effort (RWE)) and allows us to assess 
how different design exploration features supported the participants’ creative work; and 
NASA Task Load Index (TLX) questionnaire (Hart, 2006) – a tool that assesses workload 
through six factors (Mental, Physical, Temporal, Performance, Effort, and Frustration), 
allowing us to assess participants’ cognitive workload during the task. Although the CSI 
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and NASA-TLX are widely used standardized measures, we developed six questions 
through a semi-structured interview to more directly assess how the prototype aligns 
with its stated goals. The interviews were audio-recorded and transcribed for later 
analysis. Appendix lists the predetermined questions.

4.6. Data analysis

We analyzed the quantitative data using IBM SPSS Statistics software (version 28.0.0.0 
(190)) (IBM Corp [IBM], 2021). First, we verified the normality of the data using the 
Shapiro-Wilk test (p< 0:05). Since the data were normally distributed, a paired t-test was 
applied to determine whether there were statistically significant differences between the 
two experimental conditions. The Bonferroni correction was applied to minimize multi
ple-comparison errors across the questionnaire factors, and the results were reported 
with an adjusted significance level of α ¼ 0:008. For the analysis of the qualitative data, 
we applied thematic analysis and iterative open coding (Clarke et al., 2015). We coded the 
interview data analyzed the transcripts for emerging themes.

5. Results

5.1. Creativity support index

The results indicate a statistically significant difference between the condition with the 
prototype and the condition without the prototype in the overall CSI score, 
t 17ð Þ ¼ 8:06; p< 0:001. The results are shown in Figure 6. We performed post hoc 
comparisons between the two conditions in the six factors. We found statistically 
significant differences in five criteria: Collaboration (t 17ð Þ ¼ 7:1; p< 0:001), 
Enjoyment (t 17ð Þ ¼ 9:7; p< 0:001), Exploration (t 17ð Þ ¼ 5:1; p< 0:001), Immersion 
(t 17ð Þ ¼ 4:5; p< 0:001), and RWE (t 17ð Þ ¼ 5; p< 0:001). On the other hand, the 
Expressiveness factor did not present significant differences between the condition 
with the prototype and the condition without the prototype (t 17ð Þ ¼ 2; p ¼ 0:061). 
However, the mean was slightly higher in the session with prototype 
(M ¼ 7:53;Mdn ¼ 7:50; SD ¼ 1:33) when compared to the session without prototype 
(M ¼ 6:97;Mdn ¼ 7:00; SD ¼ 0:87). The results suggest that the perception of expres
siveness may not depend directly on the presence of the prototype. A possible explana
tion is related to the fact that the participants are designers, already familiar 
(M ¼ 4:67;Mdn ¼ 5:00; SD ¼ 0:49) with creative and expressive processes. This famil
iarity could have contributed to the participants feeling comfortable enough to express 
themselves in both conditions, reducing the need for additional support. In the case of 
the RWE factor, despite the statistically significant difference observed, the average value 
in the condition without prototype (M=7:89;Mdn ¼ 8:00; SD ¼ 1:23)was already high 
when compared to the average value of the condition with prototype 
(M ¼ 9:61;Mdn ¼ 10:00; SD ¼ 0:70). This indicates that the participants already recog
nized the task as close to the real world, even without the prototype’s support. However, 
the presence of the prototype reinforced this connection, further consolidating the 
perception of realism and the practical relevance of the experience.
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5.2. NASA task load index

The paired t-test revealed statistically significant differences between the condition with 
the prototype and the condition without the prototype t 17ð Þ ¼ 8:5; p< 0:001. The results 
of the NASA-TLX questionnaire are presented in Table 1. Post-hoc comparisons showed 
statistically significant differences in three factors: Mental demand 
(t 17ð Þ ¼ 8:3; p< 0:001), Temporal demand (t 17ð Þ ¼ 5:1; p< 0:001), and Effort 
(t 17ð Þ ¼ 6:6; p< 0:001). The results indicate that the prototype significantly reduces 
mental demand during the task and participants’ perceived effort, suggesting clear 
improvements in usability and the cognitive load associated with the creative process. 
The prototype made the task easier to perform, less mentally demanding, and more 
direct.

On the other hand, the factors Physical demand (t 17ð Þ ¼ 0:3; p ¼ 0:790), 
Performance (t 17ð Þ ¼ 0; p ¼ 1:000), and Frustration (t 17ð Þ ¼ 1:6; p ¼ 0:124) did not 

Figure 6. Comparison of CSI factor scores (p< 0:001).

Table 1. Results of the NASA-TLX questionnaire comparing the task without a prototype with the task 
with a prototype, where the means, standard deviations (in parentheses), and p-values for the six 
paired-sample t-tests with Bonferroni correction are presented. The p-values in bold are statistically 
significant.

NASA-TLX Factors No Prototype Prototype p-value

Mental Demand 7:67 1:14ð Þ 4:67 1:24ð Þ <0.001

Physical Demand 4:11 1:75ð Þ 4:22 1:26ð Þ 0:790
Temporal Demand 6:33 1:90ð Þ 3:89 1:49ð Þ 0:001
Performance 8:22 1:44ð Þ 8:22 1:31ð Þ 1:000

Effort 7:67 1:41ð Þ 3:83 1:50ð Þ <0.001
Frustration 3:33 1:78ð Þ 2:67 1:33ð Þ 0:0082
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present statistically significant differences between the condition with the prototype and 
the condition without the prototype. These results suggest that participants felt they 
performed the task at the same level of success, even though the effort required was lower 
with the prototype. In other words, the task yielded the same result, but it was achieved 
more lightly and efficiently. The frustration levels were low from the beginning of the 
study. The result suggests that the task was not perceived as emotionally exhausting or 
frustrating. Thus, the potential for improvement was reduced from the start.

5.3. Qualitative user experience results

5.3.1. Perception of the value and usefulness of SAIESE
Users recognized the value of the prototype, especially in structuring and organizing the 
creative process, highlighting the clarity of the evaluation metrics (Environmental 
Impact, Economic Benefits, and Social Effects) and the immediate feedback. 
Participant P3 stated that ‘what helped the most was the immediate feedback and the 
clear way in which ideas are evaluated in the different metrics,’ while participant P7 
highlighted that ‘the interface provided organization and an overview of my usual process.’ 
However, some participants noted difficulties with the interface. Participant P11 men
tioned that ‘the evaluation process seemed a bit bureaucratic and limited my spontaneity,’ 
while participant P15 reinforced that ‘navigation could be more intuitive, some functions 
were hidden, and I had to waste time figuring out how to move forward.’ These limitations 
indicate that, although structure is valued, it is essential to balance the interface’s 
organization with flexibility to accommodate different creative styles and working 
preferences.

5.3.2. Integration of SAIESE into the workflow
The prototype is well accepted as an integration into the participants’ workflow. It 
supports validating ideas during the creative process (i.e., generating and evaluating 
ideas). Participant P2 considered that ‘the tool is great for validating ideas before present
ing them’. At the same time, participant P9 emphasized that ‘I see it as a support to give 
more rigor to my creative process, but not to replace the free brainstorming phase.’

When comparing the time spent in each session, we observed a 26% reduction in 
average time in the condition with the prototype compared with the condition without 
the prototype. The average time to complete the task without the prototype was 
M ¼ 17:01;Mdn ¼ 16:57; SD ¼ 2:00, while with the prototype it was 
M ¼ 12:44;Mdn ¼ 12:58; SD ¼ 2:26. This result suggests that the prototype can support 
a more structured, guided workflow, helping participants maintain focus during valida
tion and organize their ideas. However, it cannot be interpreted as a direct improvement 
in creativity. In this context, the observed reduction in average execution time suggests 
that the prototype can provide a scaffold workflow during the creative process – support
ing tasks associated with the evaluation, refinement, and selection of ideas. Qualitative 
feedback reinforces these results, for example, P6 ‘The process was faster using the 
prototype; I was able to complete the task quickly.’ These findings suggest that the 
prototype supports a more targeted, structured approach to task resolution. However, 
some interruptions to the creative flow were reported due to the system’s rigid structure. 
For example, participant P5 noted that ‘there were times when I wanted to be faster and 
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explore more ideas at the same time, but I understand the technical limitations.’ 
Although the prototype supports the convergence of ideas, the mentioned rigidity may 
indicate a limitation in the ideation process (i.e., divergent thinking). In turn, participant 
P17 commented that ‘structured processes sometimes interrupt the creative flow and 
cause frustration,’ having rated his level of frustration on the NASA-TLX questionnaire 
as a score of 3 and a score of 1 when he performed the task without the prototype’s aid. 
This difference in reported frustration suggests that the prototype, while supporting task 
completion, can also disrupt creative flow. These results indicate that SAIESE was 
primarily perceived as a tool that supported convergent thinking throughout the task. 
Participants’ perceptions of integrating SAIESE into their workflow varied by individual 
creative preferences and expectations for flexibility during ideation. Participants who 
preferred more open exploration processes reported greater disruption to the creative 
flow when interacting with the system’s structured workflow. For example, participant 
P14 stated: ‘The structuring helped me organize the task, but I felt somewhat limited 
during the more spontaneous exploration of ideas. It’s a free process that I follow during 
brainstorming.’ Some participants associated reduced task time and perceived cognitive 
effort with the structured presentation of ideas, evaluation mechanisms, and the ability to 
compare sustainability dimensions through visual feedback. Participant P12 commented, 
‘I liked having the ideas organized and evaluated, as this way I could more quickly 
observe the most relevant options.’ Participant P9 also said, ‘The visual comparison of 
metrics facilitated understanding the strengths and weaknesses of each idea without me 
having to overthink the process.’ These findings suggest that the successful integration of 
these tools may depend not only on the system’s capabilities but also on contextual 
factors such as workflow preferences, interaction expectations, and tolerance for struc
tured guidance during ideation. Furthermore, usability and navigation were highlighted 
as areas for improvement to enhance workflow. Participant P8 said ‘navigation could be 
simpler so as not to break the rhythm of the session.’

5.3.3. Role of AI in the creative process
Participants responded that SAIESE provided sufficient support in fostering divergent 
and convergent thinking as they recognized its potential. Participant P3 said, ‘I liked the 
feeling of being in dialogue with the system, especially when I adjusted ideas and saw the 
results change in real-time.’ Participant P4 also stated, ‘The prototype brought some new 
ideas, but mainly it helped me to organize and reflect on them better.’ While participant 
P12 pointed out that ‘I see the prototype as a complementary tool to support the organiza
tion and evaluation of ideas, but not as a main source of innovation.’ These results reflect 
participants’ tolerance level for the accuracy of the results presented by the system. We 
observed that participants understood the reflective and organizational roles of the 
results. However, participants felt that communication with the system had certain 
limitations. Participant P10 expressed, ‘I felt that the system followed a very rigid flow, 
and I would have liked to have had more freedom to adjust the parameters.’ Participant P17 
said: ‘I would have liked to have had more customization options regarding the criteria to 
be applied so that I could experiment with different approaches.’ In this sense, limitations 
in user control over the prototype and the perception of the ‘black box’ in the LLM’s 
functioning emerge. This lack of transparency, a familiar feature of AI models (Glassberg 
et al., 2025; Sunny, 2025), undermines user confidence and the perception of control (a 
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topic widely discussed in the literature on explainable AI and user-centered design) 
(Glassberg et al., 2025). For example, P8 commented: ‘Some ideas presented seemed 
disconnected from the scope of the task or even from what I intended to explore’ and P11 
commented: ‘The ideas presented were good, but then the evaluation was superficial and 
technical’. These results indicate the need for and importance of developing LLM-based 
CSTs that increase user control, provide clear justifications for the phases of AI models, 
and thereby allow for more coherent and transparent responses. However, we observed 
that participants adopted a more critical and conscious stance toward the system’s 
results, grounded in their personal and professional judgment and informed by their 
experience in creative processes, as measured in the initial question
naire (M ¼ 4:67;Mdn ¼ 5:00; SD ¼ 0:49).

5.4. Synthesis of key findings

Based on the user study results, we identified the strengths and weaknesses of the SAIESE 
prototype, focusing on the LLM-supported functionalities that shape the creative process. 
Table 2 summarizes these observations, with each row corresponding to a specific feature 
of the prototype. The Strengths column highlights the study’s identified strengths that 
improve efficiency, structure, and participant engagement. The Weaknesses column 
identifies the areas where the prototype has limited user control, transparency, 

Table 2. Strengths and weaknesses of SAIESE output.

SAIESE Features Strengths Weaknesses Possible Solutions

Idea Generation Rapid idea generation helps 
unlock individual creativity – 
organize and reflect on 
them with a useful and 
modular overview.

Lack of personalization and 
low control over metrics 
can reduce perceived 
creative value and limit user 
autonomy.

Add customization options 
(style, tone, parameters); 
allow human intervention in 
prompts and evaluation 
criteria.

Idea Evaluation Objective assessment based on 
clearly defined metrics. 
immediate textual and 
visual feedback clarifies 
ideas.

Some evaluations are 
perceived as shallow, 
inconsistent with the 
designer’s intent, or overly 
rigid.

Allow user review or 
adjustment of criteria; 
introduce explainable AI 
features with clear 
justifications.

Realism & Context Reinforcing perception of task 
realism (high RWE) and 
contextual relevance using 
the prototype.

Some AI suggestions are 
disconnected from the 
briefing or real context.

Anchor suggestions in the 
project history or briefing 
provided; use data from 
previous sessions for greater 
contextual coherence.

Cognitive Load Significant reduction in mental 
load, effort and time on task 
with the use of the 
prototype; supports 
a structured and efficient 
workflow.

Rigid structure or navigation 
may interrupt creative 
momentum and reduce 
fluidity.

Improve usability and 
navigation; integrate 
shortcuts and contextual 
suggestions to maintain 
fluidity.

Trust & Expertise Designers maintain critical 
judgment, combining 
SAIESE outputs with their 
knowledge.

Lack of transparency and 
predictions that conflict 
with experience generate 
distrust.

Provide historical AI 
performance; allow 
comparison between SAIESE 
suggestions and user 
judgments; enhance 
transparency of AI 
reasoning.
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adaptability, and different profiles. Finally, the Possible Solutions column suggests ways 
to mitigate the limitations identified in the previous column. This synthesis consolidates 
quantitative (i.e., CSI and NASA-TLX) and qualitative feedback, in which patterns such 
as improvements in the idea generation and evaluation process stand out, while reducing 
cognitive load. These findings also inform the broader implications for AI-supported 
creativity, discussed in the following section.

6. Discussion

Based on the synthesis presented in Table 2, this section discusses the implications of the 
identified strengths and weaknesses, as well as the limitations and future research 
directions to advance the development of creative design tools with AI support.

6.1. CST for creativity support

The quantitative and qualitative results of user studies indicate that SAIESE supports the 
organization of ideas and facilitates divergent and convergent thinking through struc
tured feedback and criteria-based guidance, consistent with previous work on LLM- 
based CSTs. SAIESE also shapes the structure of divergent and convergent mechanisms 
through feedback and guidance from explicit evaluation criteria (i.e., sustainability 
metrics). This support aligns with the study reported in (Oh et al., 2024), which 
demonstrates how CSTs structure and facilitate the creative process. The integration of 
explicit evaluation criteria provided structured support for creative tasks, guiding both 
idea generation and refinement. Similarly, some participants reported that the system 
allowed them to refine ideas during their generation and evaluation. For example, P3 
said, ‘I liked the feeling of being in dialogue with the system, especially when I adjusted 
ideas and saw the results change in real-time,’ while Participant P4 noted, ‘The prototype 
brought some new ideas, but mainly it helped me to organize and reflect on them better.’ 
Accessing criteria helped participants focus on other relevant points of the processes, 
exclude ideas, and select the most efficient and effective one. With the adoption of CSTs 
based on LLMs, concerns arose about LLMs’ impact on the diversity of ideas, specifically 
the potential for homogenization in the creative context. According to Anderson et al 
(Anderson et al., 2024), the application of LLMs as a creativity support tool can lead 
different users to produce semantically less distinct ideas. This factor constitutes 
a relevant point of reflection in this investigation. In light of the data collected, partici
pants did not explicitly report homogenization effects. However, some ideas generated by 
the prototype were perceived as not very daring, e.g., the Expressiveness factor in the CSI 
questionnaire did not increase significantly with the prototype’s application. These 
results may suggest a tendency toward similar levels of expressiveness. However, this 
observation is preliminary and should be interpreted with caution, aligning with the 
concerns identified in the literature. However, it was also observed that the SAIESE 
prototype presented distinct ideas (e.g., P4 said, ‘The prototype brought some new ideas, 
but mainly it helped me to organize and reflect on them better’). Based on these observa
tions, these findings indicate key design considerations for LLM-based CSTs. Structured 
guidance supports evaluation and decision-making but can restrict exploratory ideation. 
When we add structure – through criteria, rankings, and guided feedback – we reduce 
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cognitive load and improve decision flow. However, this may lead to reduced lateral 
exploration and fewer out-of-the-box ideas. Providing users with greater control and 
flexibility helps maintain creative flow and minimizes design space fixation. 
Transparency throughout the process, especially in model outputs, is essential for mean
ingful interaction. These points illustrate how LLM-based CSTs may shape creativity 
during human-AI co-creation.

6.2. Human and AI interaction for creativity support

Our findings suggest that participants perceived the relationship with AI as a strategic 
partner rather than an autonomous creative agent. A dynamic of complementarity 
characterized the interaction, with AI being used to stimulate, organize, and critique 
ideas. However, the final decision was left to the human, in line with research presented 
by Amershi et al (Amershi et al., 2019), where they highlight the importance of main
taining human capacity during interactions with AI, including suggesting practical 
guidelines such as ‘helping but not dominating’ and ‘adapting to the user’s pace,’ 
which provides validation for the design of tools to support creativity.

The emergence of challenges related to the usefulness of the system’s feedback and its 
ability to respond to the proposed task reflects the difficulties associated with LLM-based 
systems. Faggioli et al. (Faggioli et al., 2024) discuss this point by questioning who 
decides what is relevant during the process – humans, AI, or both – and emphasize 
that the balance between human judgment and automated recommendations is still 
unstable. In the case of SAIESE, human judgment remained predominant in most 
cases, but the perceived value of the system varied with the degree of alignment with 
the context and the task at hand, as determined by the prompt inserted into the tool. 
Another relevant result was the prioritization of ideas. The ranking and selection 
structure adopted by SAIESE dialogs with approaches such as CrowDEA (Baba et al., 
2020), which propose more robust methods of collaborative evaluation. Although the 
present study used a simplified approach, future work could explore weighted voting 
mechanisms or multi-criteria analysis that incorporate both human and AI-suggested 
evaluations. The results suggest that careful contextualization is important when inte
grating AI techniques into tools that support creativity, given that participants’ percep
tions varied by workflow preferences, interaction expectations, and tolerance for 
structured guidance during ideation. In this sense, the findings should be interpreted 
as observations situated within a specific experimental design context and oriented 
toward sustainability.

6.3. Reflections, limitations, and future work

The results of this study make a relevant contribution to the role of SAIESE as a tool for 
supporting creativity, with the support of an LLM. However, it is necessary to acknowl
edge limitations that constrain the interpretation of the findings and to provide clear 
directions for future work.

Participants perceived the interface and feedback mechanisms as factors that increased 
clarity and a sense of control during the generation and evaluation of ideas, supporting 
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reflection and iterative refinement throughout the creative process. However, these 
results should be interpreted in light of a set of methodological limitations.

Although the experimental design allows for the rigorous isolation and comparison 
of participants’ interaction with and without the prototype, the duration (20 minutes) 
may not reflect the complexity and prolonged nature of creative processes in real 
design contexts. Generally, the process of generating, evaluating, and selecting ideas 
occurs iteratively over more extended periods. In the future, we plan to explore 
longitudinal evaluations of SAIESE in real-world professional settings, tracking multi
ple cycles of idea generation, evaluation, and selection over time. This future 
approach will allow us to observe how the continuous use of the system influences 
the evolution of ideas, the exploration of the design space, and even potential 
dependency and saturation effects. Regarding the scope of the task, although an 
empirical reference on European attitudes toward sustainability was used, this 
approach raises questions about the contextual sensitivity of LLM-based systems. 
One way to address this limitation would be to investigate systems that explicitly 
integrate contextual parameters, such as geographic location, cultural framework, and 
specific environmental priorities. In this sense, the results can contribute to more 
situated and contextually informed solutions. Also, participants’ limited perception of 
AI as a strategic partner is not uniform and may be related to differences in 
experience, creative styles, and expectations. Although the sample’s diversity reflects 
the potential use of the system, the study was not designed to support a comparative 
analysis across different profiles, given that the literature suggests that experienced 
and less experienced designers approach creative problems differently (Chen et al., 
2022). Currently, the prototype incorporates a relatively uniform interaction model. 
In this sense, it becomes relevant to develop more flexible and personalized collabora
tion modes that can accommodate different user profiles and levels of human-AI 
collaboration. Future developments may include adaptive interfaces that fit the 
profile, style, preferences, and levels of collaboration. However, many questions 
remain unanswered about what AI can generate, how it can do so, and how people 
can and should get involved in the creative process (e.g (Muller et al., 2023)).

Regarding the impact of LLMs on the diversity of ideas, the following observations are 
based on an exploratory analysis, which is interpreted as preliminary, given the study 
design and sample size (n = 18). Some indicators (e.g., absence of significant differences 
in the Expressiveness factor of the CSI – does not provide evidence of increased diversity, 
but it also does not allow conclusions regarding reduced diversity) indicate a possible 
tendency toward similar levels of expressiveness. These observations align with concerns 
raised in recent literature (Anderson et al., 2024) about possible homogenization effects 
associated with LLM use, although our results do not provide sufficient evidence to 
support such claims. Future studies could address this issue through longitudinal studies 
and by introducing creative stimulation mechanisms or adaptive interfaces that deliber
ately promote diversity and the exploration of the design space. Finally, central theme 
emerging from the qualitative data concerns the strong need for greater control and 
transparency in SAIESE’s functioning, leading to a perception of a ‘black box’ effect 
associated with LLMs. This limitation is relevant in this creative context, as human 
judgment plays a central role. These findings provide initial empirical observations that 
can inform future, more controlled investigations. As future work, we propose 
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integrating mechanisms for explainability and visualization of reasoning into the proto
type, anchored to evaluations, to reinforce confidence and ownership of the system.

7. Conclusion

SAIESE is a creativity support tool that integrates an LLM-based approach to support the 
creative process through idea generation and evaluation, guided by user-defined tasks 
and contextualized stimuli. This enables designers to collect and evaluate ideas in a more 
structured and efficient manner and with greater evaluative support. In this sense, 
SAIESE supports the different stages of the creative workflow by structuring idea gen
eration and evaluation across divergent and convergent processes within a controlled 
experimental setting. Our study with 18 designers provides initial evidence that the tool 
supports aspects of the creative process by facilitating the exploration and refinement of 
ideas and reducing cognitive effort during the task. This experiment explores the 
relationship between human creativity and LLM-assisted interaction, highlighting how 
different system functionalities affect designers’ workflows and experiences. The results 
suggest that SAIESE can support designers at different stages of the creative process, from 
idea generation to exploration and iterative evaluation (RQ1). However, we identified 
a set of opportunities and limitations perceived by participants during the creative 
process (RQ2) – including gains in efficiency, structure, and feedback, alongside chal
lenges related to system flexibility and user control. These challenges, related to trans
parency, control, and the perceived ‘black box’ nature of LLMs, raise important 
directions for the development of human-AI co-creative systems. In conclusion, this 
work provides an exploratory empirical basis for understanding the role and impact of 
Generative Artificial Intelligence (GenAI) in supporting human creativity in the design 
process.
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Appendix

A.1. Interview questions

(1) Did you find that the interface made generating and evaluating ideas easier than your usual 
process? What helped the most? What made it more difficult?

(2) Do you think this tool could integrate well into your current workflow? Why? How do you 
imagine using it in your day-to-day work?

(3) How did you feel about the speed and fluidity of exploring ideas? Was it satisfactory? Were 
there times when you felt blocked or frustrated?

(4) Was the level of control you had over the AI outputs sufficient? Did you feel you could guide 
the creative process, or were you more passive? Would you prefer more customization options, 
or was the system flexible enough?

(5) After using the prototype, how do you see generative AI’s role in your future work? Did you 
think that the AI brought new ideas, or did it just reorganize what you already had in mind?

(6) Did you feel that the results presented by the prototype in both generation and evaluation were 
consistent and accurate for your needs? Was there ever a situation in which you doubted the 
quality of the suggestions?
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