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Abstract. The emergence of Generative Al systems has dramati-
cally transformed design workflows across multiple domains. While text
prompting remains the dominant interaction method with these systems,
visual prompting—the practice of guiding Al generation through visual
or semantic structure—offers designers potentially greater control and
expressivity. A critical challenge for design practitioners lies in under-
standing how different visual prompting modalities integrate into estab-
lished creative processes and impact design outcomes. This study exam-
ines this challenge in the context of UI mockup generation, a domain
with well-defined semantic elements and established design methodolo-
gies. We evaluate two visual prompting approaches: free-form wvisual
prompting, which creates outputs based on hand-drawn sketches, and
semantic-constrained prompting, which uses predefined visual vocabular-
ies to guide generation. Through experiments with 13 design practition-
ers, we explore how different prompting modalities impact both designer
experience and output quality in the creation of UI artifacts. Results
reveal that free-form visual prompting offers superior intuitiveness and
expressiveness for ideation, while semantic-constrained prompting pro-
duces higher quality and fidelity outputs. Our findings suggest that effec-
tive visual prompting strategies should adapt to different stages of the
design process, with implications for generative Al applications in design
practice. We propose a hybrid approach that leverages the strengths
of both modalities throughout the creative workflow, potentially offer-
ing design practitioners across domains a more balanced framework for
designer-Al collaboration.

Keywords: Visual Guidance - Generative Al - Ul Design - User
Interfaces + Design Practitioners - Image Generation - Human-AI
Collaboration

1 Introduction and Background

User interface designers face daily challenges in creating designs that are effec-
tive, usable, and innovative. They often draw inspiration from existing design
samples to come up with new ideas [17]. There are two main types of resources
that support this process of finding inspiration [19]. The first type are design

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025
C. Santoro et al. (Eds.): IS-EUD 2025, LNCS 15713, pp. 171-181, 2025.
https://doi.org/10.1007/978-3-031-95452-8_11


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-95452-8_11&domain=pdf
http://orcid.org/0000-0002-3200-2348
http://orcid.org/0000-0001-7647-6652
https://doi.org/10.1007/978-3-031-95452-8_11

172 T. Calo and L. De Russis

gallery platforms, such as Dribbble [2] and Behance [1], which allow designers to
browse through a collection of designs and find examples that are interesting or
useful for their work. The second type are design inspirational tools that suggest
examples based on certain types of design input, such as a sketch or an existing
design, using algorithms to determine image similarity [4,26,34,37]. While these
approaches can be helpful in finding inspiration, they have limitations. Browsing
through design galleries can be overwhelming and lead to a shift in design ideas
away from the original focus, while relying too much on examples with similar
styles can lead to design fixation and hinder the originality of the work [21,28].
Artificial Intelligence has emerged as a potential tool for supporting and enhanc-
ing the creative process [36]. Al systems can be trained to generate ideas and
outputs based on a set of rules or guidelines, enabling the efficient production of
a wide range of options, and providing a variety of applications and systems to
support professionals in various visual art fields, such as graphic design [38], UI
design [39], webtoon [23], digital art [41], and new media art [33]. Scholars are
increasingly studying Al-powered, Al-enhanced, or Al-assisted human creativ-
ity [8,10,11,14,29], reporting the application of AI in the creative industry [3]
and art industries [9]. Designers and design researchers have also discussed and
practiced data-driven design [13,18,22]. Recent advancements in text-to-image
(T2I) model capabilities have enabled the generation of realistic images from tex-
tual descriptions [5]. These models not only streamline the process of visualizing
concepts but may also spark unexpected creative inspirations for users [35]. To
find a balance between targeted and serendipitous inspiration, Mozaffari et al.
[30] proposed a style-based generative adversarial network (StyleGAN) trained
on a large dataset of existing interface designs. It generates a diverse yet focused
set of examples based on a preliminary design input. While it can generate a
diverse range of interface mockups, the user has no control over the specific lay-
out or design elements of the mockup, which is crucial for a designer to express
ideas that are inherently visuo-spatial by nature. Recently, Garg et al. [15] pro-
posed a method to guide design exploration using diffusion models, [42] through
different modalities. However, it remains unclear which modality, if any, can
work better for specific design tasks and stages of the design process. A growing
alternative to text-only prompting is visual prompting, which allows users to
provide more explicit guidance through sketches, segmentation maps, or semantic
labels. This technique is exemplified by ControlNet [43], a deep learning frame-
work that enables fine-grained control over Al-generated outputs by conditioning
the model on structured inputs such as edge maps, human poses, or depth maps.
By incorporating structured constraints, ControlNet allows designers to generate
Al-assisted content that remains consistent with their original composition while
still leveraging the generative capabilities of diffusion models. There has been
limited focus on comparing different visual prompting modalities for controlling
the generation of design artifacts. Our work focuses on evaluating the effective-
ness and user experience of two different visual prompting modalities—sketches
and semantic-colored drawings—for generating design artifacts. We build upon
previous knowledge in several ways: First, the use of sketches as a modality builds
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upon previous research on the use of visual representations in the design process
[25]. Studies have shown that sketches can be used to quickly generate and com-
municate design ideas, allowing designers to explore a wide range of possibilities
in a relatively short amount of time. Additionally, sketches are often used as
a way to capture informal, early-stage design ideas, which can then be refined
and developed further [24]. Second, the use of semantic-colored drawings [20,44],
where each color represents a Ul element category, allows for a clear represen-
tation of the design elements and their relationships. In this paper, we aim to
answer the following research questions: RQ1: How do different modalities of Ul
mockup generation, such as sketches and semantic drawings, compare in terms
of their unique strengths, perceived usefulness, and impact on the creative pro-
cess? RQ2: What are the trade-offs between expressiveness, efficiency, and user
satisfaction when considering the level of control and abstraction afforded by
each modality in Ul mockup generation? We answer these questions by explor-
ing two distinct Al-assisted modalities: one based on sketches, and the other
based on semantic-colored drawings. Sketch-based mockup generation involves
the use of hands-drawn sketches to represent the desired design. Semantic-based
mockup generation, instead, involves the use of colored drawings that convey
specific design elements. The choice of these two modalities was based on a care-
ful review of the literature, indicating that sketching and semantic drawing are
commonly used in the design process due to their ability to balance precision
and speed (e.g., [7,27,31]). Sketch-based mockup generation allows for quick
exploration of ideas while semantic-colored drawing-based mockup generation
provides more accuracy in representing the final product.

2 Study: Evaluating Visual Prompting Modalities

This study aimed to evaluate the sketch-to-mockup and semantic drawing-
to-mockup visual prompting modalities in terms of time demand, ease, cre-
ative expressivity, and intuitiveness. The study was conducted with 13 human-
computer interaction students from the first-year master’s program in Computer
Engineering. The participants were asked to use both modalities to create a
mockup of a mobile application, retrieve the Al-generated mockups, and then
rate their experience with each modality and result on various dimensions.

Participants. The study was conducted remotely with 13 participants who gave
their explicit and informed consent to participate. All participants in the study
had received training in Ul design and programming as part of their curriculum
(e.g., through a dedicated Human-Computer Interaction course they all passed),
indicating that they had some level of experience in this area. The sample con-
sisted of 2 participants who identify themselves as female and 11 people who
identify as male, with an age range of 23 to 25 years old.

2.1 Procedure

Participants completed a two-phase task designing a mobile UI through sketch-
ing and semantic drawing. The task evaluated time demand, expressiveness,
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Fig.1. An example of the same user interface represented in the sketch-based and
semantic-based modalities. On the left, we can see a hand-drawn sketch of the user
interface (A), with various elements such as buttons, text fields, and icons depicted in
a freeform manner. On the right, we can see the same user interface represented in the
semantic-based modality (B). These elements are filled with different colors, with each
color representing a specific design element such as buttons, text fields, and icons.

intuitiveness, and ease of use in the first phase, followed by assessing the quality
and fidelity of generated mockups in the second phase.

In phase one, participants received instructions to design a mobile interface
using their preferred digital drawing tools. They first created a sketch, then
semantically drew the same interface. This order followed the natural design
progression from unstructured ideas to concrete iterations, allowing us to evalu-
ate each modality’s strengths in a contextualized design process. Figure 1 shows
an example interface in both modalities. After completing this phase, partici-
pants rated their experience on a 1-5 Likert scale (5 being most positive) and
provided rationales for their ratings.

In phase two, participants’ drawings were processed by a network (see “Imple-
mentation” section), and the results were shown to them. Participants then eval-
uated the generated mockups’ quality and how well they respected their imagined
interface (fidelity), using the same Likert scale. They also had the opportunity
to provide additional comments and suggestions at the end of the study.

Implementation. To translate sketches and semantic colored drawings to mock-
ups we finetuned a Pix2Pix [40] model for sketch-based mockup generation and
the SPADE [32] model for semantic-based mockup generation, following the
same procedure used in [30]. We trained the model on the RICO dataset [12],
which uniquely provides both sketches and semantic annotations of the same
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UI designs. It is important to acknowledge that the quality of the generated
mockups in our study may not be optimal, as the focus of this research is on
evaluating the visual prompting modalities rather than the generation results
themselves. While the generated mockups may exhibit some artifacts or incon-
sistencies, the rapid progression of AI technologies suggests that the quality of
the generated mockups will likely improve in the future. Nevertheless, our find-
ings and discussions regarding the strengths, weaknesses, and user preferences
of the sketch-to-mockup and semantic drawing-to-mockup are expected to hold
independently of the specific model performances.

3 Results and Discussion

Table 1. Results of sketch-to-mockup and semantic drawing-to-mockup on intuitive-
ness, ease of use, perceived time demand, and expressiveness (first phase), as well as
the quality and fidelity of the Al-generated mockups (second phase), on a 1 to 5 Likert
scale.

Sketch-to-mockup | Semantic drawing-to-mockup
Intuitiveness |4.54 4 0.78 3.15 + 1.28
Fase of use 3.38 + 1.04 3.69 £ 1.25
Time Demand | 3.54 + 1.13 3.77 £ 1.09
Expressiveness | 4.15 4 0.55 3.38 + 1.12
Quality 1.50 + 0.58 2.75 + 0.50
Fidelity 3.38 + 2.20 3.60 + 0.55

The study analyzes the sketch-based and semantic-based visual prompting
modalities by gathering participant feedback on their level of intuitiveness, ease
of use, and time demand during the generation process, as well as the quality and
fidelity of the generated mockups. The results of the questions provide insight
into how participants perceive these modalities and their relative strengths and
weaknesses. Numerical results are reported in Table 1, and the following sections
describe the quantitative and qualitative aspects of those results.

3.1 Intuitiveness

The comparison between modalities revealed a clear preference for the intu-
itiveness of sketch-based visual prompting. Most participants (11/13) rated the
sketch-based modality as fully intuitive (score 5), while only two gave semantic
generation a score of 5, and most (8/13) rated it 3 or lower.

Participants favoring the sketch-based approach cited that sketching allowed
them to “show others what you have in mind” and “represent at a higher level
each part of the layout” (participants 1 and 6). The sketch-based modality made
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it easier to “imagine the layout” (participant 9) and “pour the idea in mind into
drawings” (participant 10).

Some participants found the semantic-based modality challenging, expressing
difficulty understanding the “rules about the colors” (participant 4) and finding
it “not so clear how it can be useful” (participant 1). However, a few found
semantic generation more intuitive, appreciating the “map about element types”
(participant 10).

Overall, the sketch-based modality emerged as superior for intuitiveness,
facilitating effective communication and translation of mental concepts into
visual form, while the semantic-based modality was hindered by its color-coding
rules and perceived complexity.

Ease of Use. The comparison between the sketch-based and semantic-based
visual prompting modalities for ease of use yielded mixed results, with no sta-
tistically significant difference in the mean scores between the two methods.
This indicates that both approaches presented challenges and advantages to the
participants.

For the sketch-based visual prompting modality, a majority of participants
(7 out of 13) rated it as difficult to use, assigning scores of 3 or lower. The
primary reasons cited for this difficulty were the need for “drawing skills and
tools” (participant 9) and the requirement of “some drawing skills are needed to
convey information in a reasonable and clear way” (participant 1). Furthermore,
some participants found it “difficult to use the mouse to draw” (participants
3, 4, and 11), while others found it difficult to use because they “had to use
different devices to complete the task” (participant 13).

On the other hand, the semantic modality also had its share of ease-of-use
concerns. Participant 9 noted that the semantic approach “needs to remember
the colors according to the legend,” which can be cognitively demanding. How-
ever, some participants found the semantic modality easier to use because it
“only requires squares and rectangles” (participant 4) and is “just a mechanical
exercise” (participant 3). Participant 10 also found the semantic generation easy
to use because it is “much more descriptive” and “easier regarding positioning
the items” as compared to sketch generation.

The diverse opinions on the ease of use of both visual prompting modalities
suggest that individual preferences, skills, and familiarity with the tools play a
significant role in determining the perceived difficulty or ease of use. The sketch-
based visual prompting modality may be more challenging for those lacking
drawing skills or struggling with input devices, while the semantic modality may
be seen as cognitively demanding in terms of color association but appreciated
for its simplicity and descriptiveness in positioning elements.

Time Demands. The time demand comparison yielded mixed results. Partici-
pants had varying opinions on each approach’s efficiency.

Some found sketch generation quicker due to its ability to represent layouts
at a higher level. Participant 5 mentioned it “only took me some minutes to
complete” the sketch, suggesting faster translation of mental concepts. However,
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others cited challenges affecting efficiency, including “difficulty drawing with a
mouse” (participant 10) and “difficulty in getting a decent result” (participant
3).

For semantic generation, some found it less time-demanding. Participant 8
considered it “the quickest one because it’s similar to sketch generation but
with even fewer details to represent,” while participant 3 found it “fairly quick
to draw what I was thinking in the semantic way.” Conversely, others found
it more time-consuming. Participant 1 reported spending “very much time in
finding a software to draw colored squares,” while participant 12 noted “it can
take a long time because there is often a difference between ideas and reality.”

Time efficiency ultimately depends on the user’s tool familiarity, ability to
translate ideas visually, and layout complexity.

Ezxpressivity. The comparison between the visual prompting modalities in terms
of expressivity revealed a clear preference for the sketch-based visual prompting
modality. Most participants (10 out of 13) rated the sketch generation as highly
expressive, assigning it a score of 4 or 5, indicating that they found it to be fully
capable of conveying their ideas. In contrast, the majority of participants (7 out
of 13) gave the semantic generation a score of 3 or lower, suggesting that they
perceived it as less expressive.

Participants who favored the sketch-based visual prompting modality cited
several reasons for their preference. They found that sketching “makes it easiest
to describe how you want the final result to look like” (participant 3) and “irons
out some ambiguity” (participant 5). The ability to “draw almost everything”
(participant 5) and express “the alignments and the position of the items” more
easily (participant 6) were also highlighted as advantages of the sketch-based
visual prompting modality.

On the other hand, some participants found the semantic generation to be
less expressive. They felt that it “just conveys information with colored and
filled squares that don’t reflect very well the actual elements” (participant 1)
and is “too restrictive” (participant 4). Participants also encountered difficulties
in defining “the role of each component” (participant 7) using the semantic
approach.

These findings suggest that while the sketch-based visual prompting modality
is generally preferred for its expressivity, the semantic-based modality may still
have a role to play in certain contexts or for specific design tasks.

Quality and Fidelity of the Generated Mockups. The evaluation of the generated
mockups revealed that the semantic-based modality outperformed the sketch-
based modality in terms of both quality and fidelity to the original idea. The
mean quality score for the semantic-based modality was 2.75, considerably higher
than the 1.50 mean score for the sketch-based modality. This suggests that the
mockups generated using the semantic-based approach were generally perceived
as being of higher quality compared to those generated using the sketch-based
approach.
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Similarly, the semantic-based modality scored higher in terms of fidelity to
the original idea, with a mean score of 3.60 compared to 3.38 for the sketch-
based modality. Although this difference is not as pronounced as the quality
score difference, it still shows a significant difference. It indicates that the sketch-
based approach was less effective in preserving the designer’s original intent and
not accurately translating their ideas into the generated mockups.

Additional Comments and Design Implications. The analysis of participant
comments reveals diverse opinions regarding the best method for generating
mockups. Several participants proposed hybrid solutions integrating elements of
both modalities. Participant 7 suggested incorporating color conventions into
sketching, combining expressive freedom with semantic clarity. Participant 11
acknowledged each approach’s limitations and proposed leveraging their respec-
tive strengths. Participant 12 took a context-dependent stance, arguing that
method selection should depend on project circumstances.

Our findings indicate that sketch-based approaches are more intuitive and
expressive, aligning with research highlighting sketching’s importance for design
ideation [6,16]. However, this approach requires drawing skills and suitable input
devices.

The semantic-based approach, while less intuitive, produced higher qual-
ity mockups with better fidelity. Its color-coding and predefined elements con-
tributed to more consistent translations of designers’ intentions [32].

These results suggest each approach has unique merits, with selection
depending on specific designer needs and project requirements. Future research
could focus on developing hybrid tools that integrate both approaches, allowing
designers to leverage their respective strengths at different design stages.

4 Conclusions and Future Work

The paper investigated sketch-based and semantic-based visual prompting
modalities for Al-assisted mockup generation, evaluating their intuitiveness, ease
of use, time demand, expressiveness, quality, and fidelity.

The findings suggest the sketch-based modality is more intuitive and expres-
sive, enabling designers to quickly convey ideas and explore concepts. However,
its effectiveness depends on designers’ drawing skills and input devices. The
semantic-based modality, while less intuitive and expressive, produced higher
quality mockups with better fidelity to original designs.

Based on these findings, we conclude that a hybrid approach combining
strengths of both modalities offers a promising direction for future research. By
integrating sketching and semantic drawing capabilities, Al-assisted tools could
provide designers with more flexible, expressive, and accurate means of creating
high-quality mockups.

Future work should focus on: (1) larger-scale studies with diverse designer
samples to validate findings; (2) developing and evaluating hybrid tools integrat-
ing both modalities; (3) conducting longitudinal studies to track how preferences
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evolve as designers become familiar with Al-assisted tools; (4) exploring integra-
tion into existing design workflows; and (5) addressing ethical implications of
Al-assisted design tools.

References

1. Behance - search projects: Photos, videos, logos, illustrations and branding (2022).
https://www.behance.net

2. Dribbble - discover the world’s top designers and creative (2022). https://dribbble.
com/

3. Anantrasirichai, N., Bull, D.: Artificial intelligence in the creative industries: a
review. Artif. Intell. Rev. 55 (2022). https://doi.org/10.1007/s10462-021-10039-7

4. Behrang, F., Reiss, S.P., Orso, A.: Guifetch: supporting app design and devel-
opment through gui search. In: Proceedings of the 5th International Conference
on Mobile Software Engineering and Systems. MOBILESoft 18, pp. 236-246.
Association for Computing Machinery, New York (2018). https://doi.org/10.1145/
3197231.3197244

5. Betker, J., et al.: Improving image generation with better captions. Comput. Sci.
(2023). https://cdn.openai.com/papers/dall-e-3.pdf

6. Buxton, B.: Sketching user experiences: getting the design right and the right
design. Morgan Kaufmann (2010)

7. Calo, T., De Russis, L.: Style-aware sketch-to-code conversion for the web. In:
Companion of the 2022 ACM SIGCHI Symposium on Engineering Interactive
Computing Systems. EICS ’22 Companion, pp. 44-47. Association for Comput-
ing Machinery, New York (2022). https://doi.org/10.1145/3531706.3536462

8. Carter, S., Nielsen, M.: Using artificial intelligence to augment human intelligence.
Distill (2017). https://doi.org/10.23915/distill.00009, https://distill.pub/2017/aia

9. Chen, W., Shidujaman, M., Xuelin, T.: Aiart: towards artificial intelligence art
(2020)

10. Chen, X., Duan, Y., Houthooft, R., Schulman, J., Sutskever, 1., Abbeel, P.:
Infogan: interpretable representation learning by information maximizing gen-
erative adversarial nets. In: Lee, D., Sugiyama, M., Luxburg, U., Guyon, 1.,
Garnett, R. (eds.) Advances in Neural Information Processing Systems. vol. 29.
Curran Associates, Inc. (2016). https://proceedings.neurips.cc/paper/2016/file/
7c9d0b1f96aebd7b5eca8c3edaal9ebb-Paper.pdf

11. Colton, S., Wiggins, G.: Computational creativity: the final frontier? Front. Artif.
Intell. Appl. 242, 21-26 (2012). https://doi.org/10.3233/978-1-61499-098-7-21

12. Deka, B., et al.: Rico: a mobile app dataset for building data-driven design appli-
cations. In: Proceedings of the 30th Annual Symposium on User Interface Software
and Technology. UIST ’17 (2017)

13. Dove, G.: Codesign with data (2015)

14. Fischer, G., Nakakoji, K.: Amplifying designers’ creativity with domain-oriented
design environments, pp. 343-364. Springer, Dordrecht (1994). https://doi.org/10.
1007/978-94-017-0793-025

15. Garg, A., Jiang, Y., Oulasvirta, A.: Controllable gui exploration. arXiv preprint
arXiv:2502.03330 (2025)

16. Goldschmidt, G.: The dialectics of sketching. Creat. Res. J. 4(2), 123-143 (1991)

17. Gongalves, M., Cardoso, C., Badke-Schaub, P.: What inspires designers? Prefer-
ences on inspirational approaches during idea generation. Des. Stud. 35 (2013).
https://doi.org/10.1016/j.destud.2013.09.001


https://www.behance.net
https://www.behance.net
https://www.behance.net
https://www.behance.net
https://dribbble.com/
https://dribbble.com/
https://dribbble.com/
https://doi.org/10.1007/s10462-021-10039-7
https://doi.org/10.1007/s10462-021-10039-7
https://doi.org/10.1007/s10462-021-10039-7
https://doi.org/10.1007/s10462-021-10039-7
https://doi.org/10.1007/s10462-021-10039-7
https://doi.org/10.1007/s10462-021-10039-7
https://doi.org/10.1007/s10462-021-10039-7
https://doi.org/10.1007/s10462-021-10039-7
https://doi.org/10.1007/s10462-021-10039-7
https://doi.org/10.1145/3197231.3197244
https://doi.org/10.1145/3197231.3197244
https://doi.org/10.1145/3197231.3197244
https://doi.org/10.1145/3197231.3197244
https://doi.org/10.1145/3197231.3197244
https://doi.org/10.1145/3197231.3197244
https://doi.org/10.1145/3197231.3197244
https://cdn.openai.com/papers/dall-e-3.pdf
https://cdn.openai.com/papers/dall-e-3.pdf
https://cdn.openai.com/papers/dall-e-3.pdf
https://cdn.openai.com/papers/dall-e-3.pdf
https://cdn.openai.com/papers/dall-e-3.pdf
https://cdn.openai.com/papers/dall-e-3.pdf
https://cdn.openai.com/papers/dall-e-3.pdf
https://cdn.openai.com/papers/dall-e-3.pdf
https://cdn.openai.com/papers/dall-e-3.pdf
https://doi.org/10.1145/3531706.3536462
https://doi.org/10.1145/3531706.3536462
https://doi.org/10.1145/3531706.3536462
https://doi.org/10.1145/3531706.3536462
https://doi.org/10.1145/3531706.3536462
https://doi.org/10.1145/3531706.3536462
https://doi.org/10.1145/3531706.3536462
https://doi.org/10.23915/distill.00009
https://doi.org/10.23915/distill.00009
https://doi.org/10.23915/distill.00009
https://doi.org/10.23915/distill.00009
https://doi.org/10.23915/distill.00009
https://doi.org/10.23915/distill.00009
https://doi.org/10.23915/distill.00009
https://distill.pub/2017/aia
https://distill.pub/2017/aia
https://distill.pub/2017/aia
https://distill.pub/2017/aia
https://distill.pub/2017/aia
https://proceedings.neurips.cc/paper/2016/file/7c9d0b1f96aebd7b5eca8c3edaa19ebb-Paper.pdf
https://proceedings.neurips.cc/paper/2016/file/7c9d0b1f96aebd7b5eca8c3edaa19ebb-Paper.pdf
https://proceedings.neurips.cc/paper/2016/file/7c9d0b1f96aebd7b5eca8c3edaa19ebb-Paper.pdf
https://proceedings.neurips.cc/paper/2016/file/7c9d0b1f96aebd7b5eca8c3edaa19ebb-Paper.pdf
https://proceedings.neurips.cc/paper/2016/file/7c9d0b1f96aebd7b5eca8c3edaa19ebb-Paper.pdf
https://proceedings.neurips.cc/paper/2016/file/7c9d0b1f96aebd7b5eca8c3edaa19ebb-Paper.pdf
https://proceedings.neurips.cc/paper/2016/file/7c9d0b1f96aebd7b5eca8c3edaa19ebb-Paper.pdf
https://proceedings.neurips.cc/paper/2016/file/7c9d0b1f96aebd7b5eca8c3edaa19ebb-Paper.pdf
https://proceedings.neurips.cc/paper/2016/file/7c9d0b1f96aebd7b5eca8c3edaa19ebb-Paper.pdf
https://proceedings.neurips.cc/paper/2016/file/7c9d0b1f96aebd7b5eca8c3edaa19ebb-Paper.pdf
https://doi.org/10.3233/978-1-61499-098-7-21
https://doi.org/10.3233/978-1-61499-098-7-21
https://doi.org/10.3233/978-1-61499-098-7-21
https://doi.org/10.3233/978-1-61499-098-7-21
https://doi.org/10.3233/978-1-61499-098-7-21
https://doi.org/10.3233/978-1-61499-098-7-21
https://doi.org/10.3233/978-1-61499-098-7-21
https://doi.org/10.3233/978-1-61499-098-7-21
https://doi.org/10.3233/978-1-61499-098-7-21
https://doi.org/10.3233/978-1-61499-098-7-21
https://doi.org/10.3233/978-1-61499-098-7-21
https://doi.org/10.1007/978-94-017-0793-025
https://doi.org/10.1007/978-94-017-0793-025
https://doi.org/10.1007/978-94-017-0793-025
https://doi.org/10.1007/978-94-017-0793-025
https://doi.org/10.1007/978-94-017-0793-025
https://doi.org/10.1007/978-94-017-0793-025
https://doi.org/10.1007/978-94-017-0793-025
https://doi.org/10.1007/978-94-017-0793-025
https://doi.org/10.1007/978-94-017-0793-025
https://doi.org/10.1007/978-94-017-0793-025
http://arxiv.org/abs/2502.03330
https://doi.org/10.1016/j.destud.2013.09.001
https://doi.org/10.1016/j.destud.2013.09.001
https://doi.org/10.1016/j.destud.2013.09.001
https://doi.org/10.1016/j.destud.2013.09.001
https://doi.org/10.1016/j.destud.2013.09.001
https://doi.org/10.1016/j.destud.2013.09.001
https://doi.org/10.1016/j.destud.2013.09.001
https://doi.org/10.1016/j.destud.2013.09.001
https://doi.org/10.1016/j.destud.2013.09.001
https://doi.org/10.1016/j.destud.2013.09.001

180

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.
28.

29.

30.

31.

32.

33.

T. Calo and L. De Russis

Ha, D., Eck, D.: A neural representation of sketch drawings. In: 6th International
Conference on Learning Representations, ICLR 2018, Vancouver, BC, Canada,
30 April-3 May 2018, Conference Track Proceedings. OpenReview.net (2018).
https://openreview.net/forum?id=Hy6 GHpkCW

Herring, S.R., Chang, C.C., Krantzler, J., Bailey, B.P.: Getting inspired! under-
standing how and why examples are used in creative design practice. In: Proceed-
ings of the SIGCHI Conference on Human Factors in Computing Systems, CHI
’09, pp. 87-96. Association for Computing Machinery, New York (2009). https://
doi.org/10.1145/1518701.1518717

Hong, S., Yang, D., Choi, J., Lee, H.: Inferring semantic layout for hierarchical text-
to-image synthesis. In: Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, pp. 7986-7994 (2018)

Jansson, D., Smith, S.: Design fixation. Des. Stud. 12 (1991). https://doi.org/10.
1016/0142-694X(91)90003-F

King, R., Churchill, E.F., Tan, C.: Designing with data: improving the user expe-
rience with a/b testing (2017)

Ko, H.K., et al.: We-toon: a communication support system between writers
and artists in collaborative webtoon sketch revision. In: Proceedings of the 35th
Annual ACM Symposium on User Interface Software and Technology. UIST ’22.
Association for Computing Machinery, New York (2022). https://doi.org/10.1145/
3526113.3545612

Landay, J., Myers, B.: Sketching interfaces: toward more human interface design.
Computer 34(3), 56-64 (2001). https://doi.org/10.1109/2.910894

Landay, J.A., Myers, B.A.: Interactive sketching for the early stages of user inter-
face design. In: Proceedings of the SIGCHI Conference on Human Factors in Com-
puting Systems, CHI ’95, pp. 43-50. ACM Press/Addison-Wesley Publishing Co.,
USA (1995). https://doi.org/10.1145/223904.223910

Lee, B., Srivastava, S., Kumar, R., Brafman, R., Klemmer, S.R.: Designing with
interactive example galleries. In: Proceedings of the SIGCHI Conference on Human
Factors in Computing Systems, pp. 2257-2266. Association for Computing Machin-
ery, New York (2010). https://doi.org/10.1145/1753326.1753667

Li, Y., et al.: Gligen: open-set grounded text-to-image generation. In: CVPR (2023)
Marsh, R., Landau, J., Hicks, J.: How examples may (and may not) constrain cre-
ativity. Memory Cogn. 24, 669-680 (1996). https://doi.org/10.3758 /BF03201091
Miller, A.: The Artist in the Machine: The World of AI-Powered Creativity (2019).
https://doi.org/10.7551 /mitpress/11585.001.0001

Mozaffari, M.A., Zhang, X., Cheng, J., Guo, J.L.: Ganspiration: balancing targeted
and serendipitous inspiration in user interface design with style-based generative
adversarial network. In: Proceedings of the 2022 CHI Conference on Human Factors
in Computing Systems. CHI "22. Association for Computing Machinery, New York
(2022). https://doi.org/10.1145/3491102.3517511

Park, T., Liu, M.Y., Wang, T.C., Zhu, J.Y.: Semantic image synthesis with
spatially-adaptive normalization. In: Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition (2019)

Park, T., Liu, M.Y., Wang, T.C., Zhu, J.Y.: Semantic image synthesis with
spatially-adaptive normalization. In: 2019 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), pp. 2332-2341 (2019)

Qiao, H., Liu, V., Chilton, L.: Initial images: using image prompts to improve sub-
ject representation in multimodal ai generated art. In: Creativity and Cognition,
pp. 15-28. Association for Computing Machinery, New York (2022). https://doi.
org/10.1145/3527927.3532792


https://openreview.net/forum?id=Hy6GHpkCW
https://openreview.net/forum?id=Hy6GHpkCW
https://openreview.net/forum?id=Hy6GHpkCW
https://openreview.net/forum?id=Hy6GHpkCW
https://openreview.net/forum?id=Hy6GHpkCW
https://doi.org/10.1145/1518701.1518717
https://doi.org/10.1145/1518701.1518717
https://doi.org/10.1145/1518701.1518717
https://doi.org/10.1145/1518701.1518717
https://doi.org/10.1145/1518701.1518717
https://doi.org/10.1145/1518701.1518717
https://doi.org/10.1145/1518701.1518717
https://doi.org/10.1016/0142-694X(91)90003-F
https://doi.org/10.1016/0142-694X(91)90003-F
https://doi.org/10.1016/0142-694X(91)90003-F
https://doi.org/10.1016/0142-694X(91)90003-F
https://doi.org/10.1016/0142-694X(91)90003-F
https://doi.org/10.1016/0142-694X(91)90003-F
https://doi.org/10.1016/0142-694X(91)90003-F
https://doi.org/10.1016/0142-694X(91)90003-F
https://doi.org/10.1145/3526113.3545612
https://doi.org/10.1145/3526113.3545612
https://doi.org/10.1145/3526113.3545612
https://doi.org/10.1145/3526113.3545612
https://doi.org/10.1145/3526113.3545612
https://doi.org/10.1145/3526113.3545612
https://doi.org/10.1145/3526113.3545612
https://doi.org/10.1109/2.910894
https://doi.org/10.1109/2.910894
https://doi.org/10.1109/2.910894
https://doi.org/10.1109/2.910894
https://doi.org/10.1109/2.910894
https://doi.org/10.1109/2.910894
https://doi.org/10.1109/2.910894
https://doi.org/10.1145/223904.223910
https://doi.org/10.1145/223904.223910
https://doi.org/10.1145/223904.223910
https://doi.org/10.1145/223904.223910
https://doi.org/10.1145/223904.223910
https://doi.org/10.1145/223904.223910
https://doi.org/10.1145/223904.223910
https://doi.org/10.1145/1753326.1753667
https://doi.org/10.1145/1753326.1753667
https://doi.org/10.1145/1753326.1753667
https://doi.org/10.1145/1753326.1753667
https://doi.org/10.1145/1753326.1753667
https://doi.org/10.1145/1753326.1753667
https://doi.org/10.1145/1753326.1753667
https://doi.org/10.3758/BF03201091
https://doi.org/10.3758/BF03201091
https://doi.org/10.3758/BF03201091
https://doi.org/10.3758/BF03201091
https://doi.org/10.3758/BF03201091
https://doi.org/10.3758/BF03201091
https://doi.org/10.7551/mitpress/11585.001.0001
https://doi.org/10.7551/mitpress/11585.001.0001
https://doi.org/10.7551/mitpress/11585.001.0001
https://doi.org/10.7551/mitpress/11585.001.0001
https://doi.org/10.7551/mitpress/11585.001.0001
https://doi.org/10.7551/mitpress/11585.001.0001
https://doi.org/10.7551/mitpress/11585.001.0001
https://doi.org/10.7551/mitpress/11585.001.0001
https://doi.org/10.7551/mitpress/11585.001.0001
https://doi.org/10.1145/3491102.3517511
https://doi.org/10.1145/3491102.3517511
https://doi.org/10.1145/3491102.3517511
https://doi.org/10.1145/3491102.3517511
https://doi.org/10.1145/3491102.3517511
https://doi.org/10.1145/3491102.3517511
https://doi.org/10.1145/3491102.3517511
https://doi.org/10.1145/3527927.3532792
https://doi.org/10.1145/3527927.3532792
https://doi.org/10.1145/3527927.3532792
https://doi.org/10.1145/3527927.3532792
https://doi.org/10.1145/3527927.3532792
https://doi.org/10.1145/3527927.3532792
https://doi.org/10.1145/3527927.3532792

34.

35.

36.
37.

38.

39.

40.

41.

42.

43.

44.

Evaluating Visual Prompting Modalities for Generative Al 181

Ritchie, D., Kejriwal, A.A., Klemmer, S.R.: D.tour: style-based exploration of
design example galleries. In: Proceedings of the 24th Annual ACM Symposium
on User Interface Software and Technology, pp. 165—-174. Association for Comput-
ing Machinery, New York (2011). https://doi.org/10.1145/2047196.2047216

de Rooij, A., Biskjaer, M.M.: Expecting the unexpected: a review of surprise in
design processes. In: Gray, C., Chehade, E.C., Hekkert, P., Forlano, L., Ciuccarelli,
P., Lloyd, P. (eds.) DRS2024: Boston, 23-28 June (2024). https://doi.org/10.21606/
drs.2024.333

Shneiderman, B.: Human-Centered AI. Oxford University Press, Oxford (2022)
Swearngin, A., Dontcheva, M., Li, W., Brandt, J., Dixon, M., Ko, A.J.: Rewire:
interface design assistance from examples. In: Proceedings of the 2018 CHI Con-
ference on Human Factors in Computing Systems, pp. 1-12. Association for Com-
puting Machinery, New York (2018). https://doi.org/10.1145/3173574.3174078
Ueno, M., Satoh, S.: Continuous and gradual style changes of graphic designs with
generative model, pp. 280-289. Association for Computing Machinery, New York
(2021). https://doi.org/10.1145/3397481.3450666

Wang, B., Li, G., Zhou, X., Chen, Z., Grossman, T., Li, Y.: Screen2words: auto-
matic mobile ui summarization with multimodal learning, pp. 498-510 (2021).
https://doi.org/10.1145/3472749.3474765

Wang, T.C., Liu, M.Y., Zhu, J.Y., Tao, A., Kautz, J., Catanzaro, B.: High-
resolution image synthesis and semantic manipulation with conditional gans. In:
2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp.
8798-8807 (2017)

Yurman, P., Reddy, A.V.: Drawing conversations mediated by ai. In: Creativity
and Cognition, C&C ’22, pp. 56-70. Association for Computing Machinery, New
York (2022). https://doi.org/10.1145/3527927.3531448

Zhang, L., Rao, A., Agrawala, M.: Adding conditional control to text-to-image
diffusion models. In: Proceedings of the IEEE/CVF International Conference on
Computer Vision, pp. 3836-3847 (2023)

Zhang, L., Rao, A., Agrawala, M.: Adding conditional control to text-to-image
diffusion models. In: Proceedings of the IEEE/CVF International Conference on
Computer Vision (ICCV), pp. 3836-3847. IEEE (2023). https://arxiv.org/abs/
2302.05543

Zhu, P., Abdal, R., Qin, Y., Wonka, P.: Sean: image synthesis with semantic region-
adaptive normalization. In: Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pp. 5104-5113 (2020)


https://doi.org/10.1145/2047196.2047216
https://doi.org/10.1145/2047196.2047216
https://doi.org/10.1145/2047196.2047216
https://doi.org/10.1145/2047196.2047216
https://doi.org/10.1145/2047196.2047216
https://doi.org/10.1145/2047196.2047216
https://doi.org/10.1145/2047196.2047216
https://doi.org/10.21606/drs.2024.333
https://doi.org/10.21606/drs.2024.333
https://doi.org/10.21606/drs.2024.333
https://doi.org/10.21606/drs.2024.333
https://doi.org/10.21606/drs.2024.333
https://doi.org/10.21606/drs.2024.333
https://doi.org/10.21606/drs.2024.333
https://doi.org/10.21606/drs.2024.333
https://doi.org/10.1145/3173574.3174078
https://doi.org/10.1145/3173574.3174078
https://doi.org/10.1145/3173574.3174078
https://doi.org/10.1145/3173574.3174078
https://doi.org/10.1145/3173574.3174078
https://doi.org/10.1145/3173574.3174078
https://doi.org/10.1145/3173574.3174078
https://doi.org/10.1145/3397481.3450666
https://doi.org/10.1145/3397481.3450666
https://doi.org/10.1145/3397481.3450666
https://doi.org/10.1145/3397481.3450666
https://doi.org/10.1145/3397481.3450666
https://doi.org/10.1145/3397481.3450666
https://doi.org/10.1145/3397481.3450666
https://doi.org/10.1145/3472749.3474765
https://doi.org/10.1145/3472749.3474765
https://doi.org/10.1145/3472749.3474765
https://doi.org/10.1145/3472749.3474765
https://doi.org/10.1145/3472749.3474765
https://doi.org/10.1145/3472749.3474765
https://doi.org/10.1145/3472749.3474765
https://doi.org/10.1145/3527927.3531448
https://doi.org/10.1145/3527927.3531448
https://doi.org/10.1145/3527927.3531448
https://doi.org/10.1145/3527927.3531448
https://doi.org/10.1145/3527927.3531448
https://doi.org/10.1145/3527927.3531448
https://doi.org/10.1145/3527927.3531448
https://arxiv.org/abs/2302.05543
https://arxiv.org/abs/2302.05543
https://arxiv.org/abs/2302.05543
https://arxiv.org/abs/2302.05543
https://arxiv.org/abs/2302.05543
https://arxiv.org/abs/2302.05543

	 Preface
	 Organization
	Keynotes
	 Can Learners Design Their Future? Promoting Agency with Large Language Models in Education
	 Efficiency and Creativity: The Myth of Natural Language Interaction
	 Contents

	Automation, Sustainability, and Smart Environments
	An EUD Approach to Creating Feasible and Energy-Saving Automations for  Smart Homes
	1 Introduction
	2 Related Work
	2.1 Conflict Detection, Rule Debugging, and Rule Simulation
	2.2 Approaches to TAP Based on Conversational Interaction
	2.3 Smart Home Sustainability

	3 The Proposed Approach
	3.1 Overall System Architecture
	3.2 Rule Checker
	3.3 Energy Checker
	3.4 Chatbot

	4 User Study
	4.1 Organization
	4.2 Quantitative Results
	4.3 Findings from Direct Observation
	4.4 Questionnaire User Feedback Analysis

	5 Conclusions and Future Work
	References

	End-User Customization of Trigger-Action Rules Through Fine-Tuned LLMs
	1 Introduction
	2 Related Work
	3 Problem Formulation
	4 Methodology
	4.1 Dataset Collection and Preprocessing
	4.2 Fine-Tuning of the Rule Generation Model

	5 Evaluation Framework
	5.1 Assessing Code Quality
	5.2 Evaluation Setup
	5.3 Evaluation Metrics

	6 Results
	6.1 Answering RQ1: Syntactic Quality of Generated Code
	6.2 Answering RQ2: Semantic Quality of Generated Code
	6.3 Findings

	7 Conclusion and Future Work
	References

	Explaining Problems in Daily Automations with ExplainTAP
	1 Introduction
	2 Related Work
	2.1 Platform to Analyse Conflicts Between TAP Rules
	2.2 Explainable Smart Homes

	3 Design of the Proposed Solution
	3.1 Requirements
	3.2 ExplainTAP: Main Functionalities and User Interactions
	3.3 System Architecture
	3.4 The Semantic Definition Module

	4 User Study
	4.1 Test Organization
	4.2 Test Results

	5 Discussion
	6 Conclusions and Future Work
	References

	Conversational Rule Creation in XR: User's Strategies in VR and AR Automation
	1 Introduction
	2 Related Work
	3 Wizard of Oz Study
	3.1 Virtual Reality Museum
	3.2 Augmented Reality Smart Home
	3.3 Discussion

	4 Chatbot Prototype Study
	4.1 Virtual Reality Museum
	4.2 Augmented Reality Smart Home
	4.3 Discussion

	5 Conclusion and Future Work
	References

	From User Needs to Smart Ecosystems Through LLMs: The Smartifier Case Study
	1 Introduction
	2 Related Work
	3 Smartifier
	3.1 Design Process
	3.2 User Experience
	3.3 Architecture, Networking, and APIs

	4 Technical Testing: LLM Performance Analysis
	4.1 Phase 1: LLM Model Selection
	4.2 Phase 2: Temperature Parameter Selection

	5 User Testing
	5.1 Participants
	5.2 Experimental Procedures
	5.3 Research Question and Research Variables

	6 Results and Discussion
	6.1 Limitations
	6.2 Performance Analysis
	6.3 Questionnaires Results
	6.4 Thematic Analysis

	7 Conclusion
	References

	Assembly Workers as PLC Programmers: What End Users Need to Understand About Low-Code Development Platforms
	1 Introduction
	2 Related Work
	3 Industry Context
	4 Methodology
	4.1 Research Question
	4.2 Interviewee Profiles
	4.3 Interview Guide

	5 PLC-Flow
	6 Results and Discussion
	6.1 Limitations and Threats to Validity

	7 Conclusions and Future Work
	References

	Democratizing AI and Programming
	Fostering Novice Collaboration in ML-Based System Design Through Visual Languages and Touch Interfaces
	1 Introduction
	2 Related Works
	2.1 Cognitive Load and Collaborative Design Strategies
	2.2 Touch Interfaces
	2.3 Interactive Machine Learning

	3 The PyFlowML Touch Prototype
	4 Evaluation
	5 Experiment Design
	5.1 ML Task
	5.2 Survey

	6 Results
	6.1 Collaboration
	6.2 PyFlowML Touch: Features

	7 Post-hoc Analysis and Discussion
	7.1 Coordination
	7.2 Communication and Cooperation
	7.3 Awareness, Regulation and Group Dynamics
	7.4 Collaborative Cognitive Load

	8 Threats to Validity
	9 Conclusions
	References

	Visual and Textual Language Synchronization for End-User Programming Environments
	1 Introduction
	2 Background
	2.1 Behaviour-Driven Development
	2.2 Visual Programming Languages

	3 The Proposed EUP Environment
	3.1 A BDD-Based Domain-Specific Language
	3.2 Web-Based Platform
	3.3 Dynamic Toolbox and AST Generation
	3.4 Visual and Textual Synchronization

	4 Evaluation
	4.1 Case 1: Universal Robots UR5 Cobot
	4.2 Case 2: Physical Therapy Robot
	4.3 Findings

	5 Discussion and Limitations
	6 Conclusion
	References

	OMNI: An EUD Tool for Ontological Multisensory Navigation Interface
	1 Introduction
	2 Related Work
	3 OMNI: Enabling End Users to Define Multisensory Interactions with Ontologies
	3.1 Scenario of Use
	3.2 Design Approach
	3.3 System Architecture
	3.4 Technical and Implementation Details

	4 Conclusion
	References

	Explanation-Driven Interventions for Artificial Intelligence Model Customization
	1 Introduction
	2 Background and Related Work
	2.1 End-User Development for AI
	2.2 Human-AI Collaboration in Decision Support Systems
	2.3 Rhino-Cyt: An AI-Based System for Rhinocitology

	3 Design of the Intervention-Based User Interface
	3.1 Design Rationale and Principles
	3.2 User Interface Components
	3.3 Interaction Workflow: How Users Intervene in AI Decisions
	3.4 Underlying AI Model Adaptation

	4 Positioning Explanation-Driven Interventions as an EUD Tool for AI
	5 Conclusions and Future Work
	References

	Evaluating Visual Prompting Modalities for Generative AI-Assisted UI Design
	1 Introduction and Background
	2 Study: Evaluating Visual Prompting Modalities
	2.1 Procedure

	3 Results and Discussion
	3.1 Intuitiveness

	4 Conclusions and Future Work
	References

	AI for End-User Empowerment: Personalization and Wellbeing
	Beyond Usability: Introducing Wellbeing-Driven End-User Development Design
	1 Introduction
	2 Background and Related Work
	2.1 EUD in a Nutshell
	2.2 EUDability
	2.3 Design Thinking
	2.4 Design for Wellbeing
	2.5 EUD and Design for Wellbeing
	2.6 Research Gap

	3 A Conceptual Framework for Wellbeing-Driven EUD Design
	3.1 Extending EUDability by Design Thinking Skills
	3.2 The Practice of Wellbeing-Driven EUD Design

	4 Conclusion and Future Work
	References

	AI-Assisted Cognitive Support for Caregivers: A RAG and EUD Framework for Geriatric Care
	1 Introduction
	2 Related Work: Digital Tools and AI Support in Cognitive Care
	2.1 Cognitive Screening Tools and Monitoring Systems
	2.2 From Assessment to Action: Limitations of Existing Digital Tools
	2.3 Empowering Caregivers Through End-User Development (EUD)
	2.4 The Role of Conversational Agents in Elderly Cognitive Support

	3 The EUD-Based Platform for Geriatric Professionals
	4 Automated Generation of Personalised Exercise Plans and Mobile Applications
	5 Usability and User Experience Evaluation
	5.1 Sample Selection and Study Objectives
	5.2 Evaluation Tools and Methodology
	5.3 Results and Interpretation
	5.4 Limitations and Future Directions

	6 Conclusion and Future Work
	References

	From Digital Self-control Apps to iOS Shortcuts: Enabling Privacy-Centric Wellbeing Research Without Code
	1 Introduction
	2 Background and Related Work
	2.1 Achieving Digital Wellbeing by Exercising Self-control
	2.2 Innovating DSCTs: Technical and Privacy Barriers
	2.3 Task Automation Tools and Trigger-Action Programming

	3 Assessing iOS Shortcuts for Digital Self-control
	3.1 Methodology
	3.2 Findings

	4 iOS Shortcuts in Digital Wellbeing Research
	4.1 Methodology
	4.2 Results

	5 Discussion and Conclusion
	5.1 Implications for Digital-Wellbeing Researchers
	5.2 End-User Development of Digital Self-control Interventions
	5.3 Limitations and Future Works

	References

	Empowering End Users to Design for Their Digital Self-control
	1 Introduction
	2 Related Works
	2.1 Digital Interventions to Support Users' Self-control
	2.2 Trigger-Action Programming Across Domains

	3 An ECA Framework for Digital Self-control
	3.1 Methodology
	3.2 Results

	4 Composing ECA Rules for Digital Self-control
	4.1 Design and Implementation
	4.2 App Walk-Through

	5 Usability Study
	5.1 Methodology
	5.2 Results

	6 Discussion
	6.1 Limitations and Future Works

	7 Conclusions
	References

	Leveraging EUD and Generative AI for Ethical Phishing Campaigns
	1 Introduction
	2 Related Work
	2.1 Human Vulnerability Assessment (HVA) and Human Vulnerability Mitigation (HVM)
	2.2 Simulation and LLMs
	2.3 EUD-Based Configuration

	3 The DAMOCLES Platform
	3.1 Human Vulnerability Assessment
	3.2 Human Vulnerability Mitigation
	3.3 Ethical Concerns

	4 An End-User Development Approach for Prompt Engineering in Phishing Campaigns
	5 Expert Based Evaluation
	5.1 Cognitive Walkthrough
	5.2 Heuristic Evaluation

	6 Discussion
	7 Conclusion and Future Work
	References

	Classifying User Motivation in Interactions
	1 Introduction
	2 Background and State of the Art
	3 Classification Model
	4 Methodology
	5 Conclusion
	References

	EUD Principles, Methodologies, and Participatory Cultures
	Mindsets, Cultures, and Technologies in Support of End-User Development
	1 Introduction
	2 Why is EUD a Necessity Rather Than a Luxury
	3 Frameworks and Technologies Enabling and Supporting EUD in Software Design
	4 Mindsets for End-User Development
	4.1 Example 1: A Geo-Scientist Developing Software
	4.2 Example 2: Mindsets of Students Appreciating Different Kinds of Courses

	5 Cultures Supporting End-User Development
	6 Challenges, Drawbacks, and Barriers to End-User Development
	6.1 Avoiding the Fallacy of the “Big Switch”
	6.2 Participatory Overload

	7 Future Directions for Mindsets, Cultures, and Technologies in EUD
	7.1 Learning Sciences and Education: Exploring EUD in Different Domains
	7.2 AI-Based EUD and EUD-Based AI
	7.3 ChatGPT

	8 Conclusion
	References

	Assessing Computational Thinking Skills Through Artefacts: The Case of ModeLLer
	1 Introduction
	2 Related Work
	3 Methodology
	3.1 ModeLLer
	3.2 User Study Design

	4 User Study
	4.1 Results

	5 Discussion and Future Work
	6 Limitations
	7 Conclusion
	References

	Scenario-Based Design Tools: From End-User Reflections to Requirements
	1 Introduction
	2 Methodology
	2.1 Participants
	2.2 Procedure and Data Collection
	2.3 Data Analysis

	3 Results and Discussion
	3.1 Deductive Thematic Overview
	3.2 Themes to Requirements

	4 Limitations
	5 Conclusion
	References

	Defining Classes and Semantic Relationships from User Scenarios Through a Heuristic Approach
	1 Introduction
	2 Background
	3 Methodology
	4 Results and Discussion
	5 Conclusion and Future Work
	References

	Author Index

