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Digital Wellbeing by Design: Safeguarding End-Users’ Time
and Attention in UI/UX Practices
ALBERTO MONGE ROFFARELLO, Politecnico di Torino, Italy
LUIGI DE RUSSIS, Politecnico di Torino, Italy
MASSIMILIANO PELLEGRINO, Politecnico di Torino, Italy

User interfaces, particularly those of social media, promote mindless usage through Attention-Capturing
Damaging Patterns (ACDPs) like infinite scroll and content autoplay, prioritizing user engagement over digital
wellbeing. Recent work suggests that a promising approach to realigning technology with users’ digital
wellbeing is to prioritize it by design. Building on this idea, this paper explores how to support designers
in identifying ACDPs and surfacing wellbeing-oriented alternatives. We first defined and assessed a multi-
modal prompting technique to detect ACDPs in Figma prototypes and discover alternative designs that may
promote mindful and active technology use, assessing its outputs with 4 experts in deceptive designs. Then,
we integrated the prompting technique into a plugin for Figma, and conducted a formative lab study with 15
UI/UX designers to explore how such a tool may support early-stage reflection on ACDPs and its perceived fit
with existing practices. Results suggest that the plugin can inspire designers to reconsider their choices early
in the design process.

CCS Concepts: •Human-centered computing→ Graphical user interfaces; Interaction design; Interactive
systems and tools.

Additional Key Words and Phrases: digital wellbeing, attention-capture designs, large language models, design
tools, Figma
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1 INTRODUCTION
Despite the well-documented issues associated with excessive technology use, such as sleep distur-
bances [35] and impaired self-control [46], tech companies continue to operate within an Attention
Economy in which design patterns such as infinite scroll and content autoplay are used to maxi-
mize time-on-platform and interaction frequency. These Attention-Capture Damaging Patterns
(ACDPs) [57] can be considered as instances of “dark patterns1,”—design decisions that go against
1We recognize that the term “dark pattern” has raised concerns for linking “dark” with harm [2]. While alternative terms
such as manipulative design and damaging patterns have been suggested, the field has not yet converged on a widely
accepted replacement. In the interest of consistency with existing literature, and with awareness of this broader discussion,
we continue to use the term “dark pattern.”
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2 A. Monge Roffarello et al.

users’ best interests [28]—that specifically contribute to a digital environment that prioritizes users’
engagement over digital wellbeing [7, 51].
Traditionally, achieving digital wellbeing has been considered an end-user responsibility [17],

with HCI researchers and practitioners that have focused on providing users with Digital Self-
Control Tools (DSCTs) that help users exercise self-control by self-monitoring tech use and setting
up interventions on distractive apps or websites [45, 64]. Yet, a growing body of work argues
that addressing ACDPs in the Attention Economy requires moving beyond individual self-control
and end-user-centric perspectives toward prioritizing harm reduction through the recognition,
mitigation, and prevention of negative user impacts [16, 17]. In this vein, HCI researchers has
advocated considering digital wellbeing as a critical design dimension [55–57], aiming to promote
meaningful online experiences without relying on external assistance.
Building on this growing body of work, this paper explores how raising awareness of ACDPs

during early-stage and iterative UI/UX design activities may shape designers’ decisions, and
examines the broader implications of introducing such feedback into the design process. To this end,
we designed, implemented, and evaluated a plugin for Figma—one of themost popular tool for UI/UX
design [40]—that leverages a Large Language Model (LLM) and functions as a ‘digital-wellbeing
assistant’ that surfaces potential ACDPs and prompt consideration of alternative designs while
leaving interpretation and action to designers. By design, the plugin does not enforce decisions,
but rather externalizes normative concerns early in the workflow, creating space for designers to
exercise judgment and negotiate trade-offs.

Fig. 1. A walkthrough of our plugin. Designers working on Figma can scan their UI prototypes to receive
feedback on attention-capture designs and their potential risks for end users (e.g., infinite scroll, A). After a scan,
they can provide feedback to refine future detections (flag as incorrect, B). Meanwhile, the plugin provides
suggestions for alternative designs (e.g., pagination, C), allowing designers to achieve similar functionality
while prioritizing end-users’ digital wellbeing (D).

With the plugin, designers working on Figma can scan their UI mockups at any phase of the
design process, receiving feedback on potential ACPDs included in the interfaces and their potential
harms (Figure 1, A). To improve the LLM’s performance, designers can provide feedback on each
detection, which is integrated into the model for subsequent scans (Figure 1, B). In parallel, the
plugin provides designers with alternative designs to be considered for replacement (Figure 1, C).
By following these suggestions, the designer can choose to avoid ACDPs while maintaining similar
functionality, thus re-aligning the interface with users’ digital wellbeing (Figure 1, D).
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Fig. 2. Our work consisted of a three-phases process. We first developed and evaluated a prompting technique
to detect ACDPs within Figma prototypes and suggest design alternatives (Phase 1). We then refined and
implemented the technique into an LLM-powered Figma plugin (Phase 2). Finally, we conducted a user study
to assess our approach with UI/UX designers (Phase 3).

Figure 2 summarizes all the phases of our work. In Phase 1, we developed a detection prompt to
make an LLM detect ACDPs within Figma prototypes and suggest design alternatives. We tested
two different input modalities for the prompt—JSON representation of the UI prototype and corre-
sponding image—by evaluating performance on a UI dataset of 10 Figma prototypes built through
examples taken from HCI papers on dark patterns. The best-performing detection prompt showed
improved accuracy when using images of the UIs compared to their JSON representations. We also
evaluated its the accuracy and helpfulness of suggested alternative designs with four recognized
experts in dark patterns. Experts found the plugin’s detections and alternative suggestions to be
generally accurate and helpful. However, they emphasized the importance of understanding the
context beyond static designs and having clear indications of where the detections are located
within the interfaces to accurately assess the severity of identified ACDPs. Furthermore, they
warned that some alternatives could unintentionally increase attention capture or fail to reduce
cognitive burden due to habituation to the countermeasures.
Building on the experts’ feedback, we refined the detection prompt to highlight detections

and suggested alternatives directly within the UI mockups by developing a multi-modal chain of
prompts that leverages both images and JSON representations, which we then integrated into the
Figma plugin shown in Figure 1 (Phase 2).

Finally, in Phase 3, we conducted a formative lab study involving 15 professional UI/UX designers.
Importantly, our evaluation did not aim to validate the effectiveness of a production-ready tool, but
rather to explore the potential of our approach as an early-stage design probe. Specifically, we used
pre-built UI mockups to investigate how designers interpret and engage with the plugin’s wellbeing-
oriented feedback within a controlled setting. During the experiment, we challenged participants
to discover the plugin’s functionality in a free-usage 10-minute session, and we asked them to
evaluate the plugin’s feedback across a range of metrics, including the impact of implementing
the suggested alternative designs on usability. Like the experts, the designers also appreciated the
helpfulness of the detections and alternative suggestions. Yet, they noted that implementing some
of the proposed alternatives may conflict with engagement-driven company goals, suggesting that
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4 A. Monge Roffarello et al.

the plugin’s primary value lies in sparking organizational discussion about design trade-offs rather
than prescribing specific design changes.
Building on our work, its phases, and related findings, we discuss the role of designers in

contextualizing and mediating the plugin’s suggestions, and we advocate for a new regulatory
landscape that recognizes the harms caused by ACDPs to promote digital wellbeing through design.

To summarize, our work makes the following contribution:
• A multi-modal prompting technique to identify ACDPs in UI mockups and obtain alternative
design recommendations that support mindful and active technology use.

• AFigma plugin that incorporates an LLM and the developedmulti-modal prompting technique
to assist designers in prioritizing digital wellbeing while designing user interfaces.

• An exploratory evaluation of the prompting technique and the developed plugin through
expert feedback and a formative study with UI/UX designers, using pre-built mockups as a
design probe to investigate how such feedback is interpreted and negotiated in practice.

• An exploration of designers’ perceptions regarding the plugin’s compatibility with existing
design workflows and how legal endeavors could complement the approach.

2 RELATEDWORKS
This section contextualizes our work by summarizing research on tools for digital self-control,
recent calls for designing for digital wellbeing, and attempts to leverage generative AI for design.

2.1 Moving Beyond Self-Control in the Attention Economy
Research on excessive technology use has increasingly framed digital wellbeing, a new psychological
construct that stresses the importance of creating technology that promotes mindful andmeaningful
interactions online [7, 51], in terms of individual self-regulation, emphasizing constructs such as
addiction [36], compulsive use [69], and over-engagement [68]. In such a complex landscape, Digital
Self-Control Tools (DSCTs) can help end users improve their digital wellbeing [45, 51, 64]. These
dedicated mobile apps or browser extension, available as either commercial tools or research-based
artifacts, provide users with a range of intervention strategies, from self-monitoring supports and
usage timers [45, 51] to the possibility of creating digital nudges [61] and even customize the layout
of interfaces to reduce distractions [42].

Despite their widespread availability, DSCTs have faced criticism due to their reliance on external
interventions [42, 64], which can lead to high dropout rates [33] and limited effectiveness over the
long term [51]. Furthermore, researchers have criticized the reductionist approaches of equating
digital wellbeing with user engagement metrics and individual self-control responsibilities, upon
which DSCTs are largely based [16, 17]. For example, the notion of screen time has been widely
mentioned as insufficient for fully understanding and designing for digital wellbeing [41]. In parallel,
Docherty and Biega [17] highlighted that reducing engagement may not be sufficient if one does
not address “the deeper psychosocial problems causing problematic engagements in the first place,”
as digital wellbeing is part of a larger, systemic problem deeply embedded in the operations of
platform capitalism. Paradoxically, these research works suggest that the same tech companies
now promoting digital wellbeing through self-control initiatives, e.g., Google [25], may do so
strategically to prevent stronger political and social interventions while simultaneously extracting
even more data from users.

Overall, the systemic issues underlying these critiques are rooted in the Attention Economy [12],
a framework that describes how digital platforms compete for and monetize user attention. This
model is deeply intertwined with digital and surveillance capitalism [76], where user data is
extracted, analyzed, and sold to sustain profit-driven ecosystems, and has led to the proliferation of
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the so-called Attention-Capture Damaging Patterns (ACDPs) [57], i.e., dark patterns that exploit
users’ psychological vulnerabilities to increase engagement metrics like time spent and frequency
of daily visits. For example, infinite scrolling on social media interfaces [50, 63] and the ability to
compulsively refresh a page (the so-called Casino Pull-to-refresh [57]) create a variable-reward
system that can trap users in a cycle of continuous, passive consumption. Similarly, “guilty-pleasure”
recommendations [6] and the neverending autoplay of the next video [43] contribute to an ongoing
stream of content to be consumed, while advertisements and recommendations disguised as regular
content within social network newsfeeds can mislead users into clicking on content they might
not have otherwise engaged with [27]. As a specific category of dark patterns [28], ACDPs can
harm users regardless of whether they are introduced deliberately or arise unintentionally through
established design practices. Although some ACDPs may be intentionally deployed to influence user
behavior, others can emerge from habituation, the imitation of industry norms, or organizational
pressures. Our work is situatedwithin this discourse, recognizing the pervasive influence of platform
capitalism and attention economy on modern digital ecosystems and their role in fostering harmful
design practices.

2.2 Designing for (Digital) Wellbeing
So how should we support digital wellbeing in the Attention Economy? Compared to DSCTs,
the other end of the spectrum is perhaps the notion of ‘non-design’ proposed by Baumer and
Silberman [3], which advocates for rethinking the necessity of designing certain applications
or features altogether, questioning whether their removal might better serve societal wellbeing.
Situated between these approaches, our work focuses on managing negative externalities and
reducing harm, one of the potential alternative strategies proposed by Docherty and Biega [17].
Specifically, we aim to support designers in reflecting on and negotiating alternatives to ACDPs
that better align with principles of digital wellbeing, without necessarily reducing user engagement
but rather promoting mindful and active technology use. This perspective aligns with recent calls
to prioritize the user’s sense of agency as a key lens for digital wellbeing, offering a more nuanced
approach that moves beyond the oversimplification of screen-time metrics.
The concept of integrating wellbeing into technology design is not a novel idea; rather, it has

been a topic of discussion among designers and researchers for several years. Positive design [13],
for example, emphasizes creating products and experiences that enhance users’ quality of life. This
approach seeks to foster emotional and psychological benefits, encouraging designers to consider the
broader impact of their work on individuals and communities. Similarly, Value-Sensitive Design [24]
focuses on incorporating ethical considerations and human values into the design process, ensuring
that the outcomes align with the needs and aspirations of users.

More recently, researchers have begun calling for a focus on designing technology that inherently
respects users’ digital wellbeing by preserving their attention and time [55, 56, 64]. Docherty and
Biega [17], in particular, called for making “the normative stakes and ethical implications of digital
wellbeing explicit at every stage of the design process” (p. 2). In this context, Peters [59] introduced
the concept of Wellbeing Supportive Design, developing guidelines that emphasize respect for
user autonomy and support for informed and meaningful choices. Similarly, Monge Roffaerllo
et al. [54] proposed eight design heuristics to create UIs that preserve user attention by design.
Through a different approach, the workshop titled “Designing for Meaningful Interactions and
Digital Wellbeing” brought together academic and practitioners to explore how to create UIs
that encourage intentional and significant engagement with technology [56]. To our knowledge,
however, there has been only one prior work that proposed a functional tool to help designers
prioritize digital wellbeing and address ACDPs [55]. Nevertheless, the Figma plugin introduced by
the authors employs a rather simplistic method, which constrains the applicability of the approach
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6 A. Monge Roffarello et al.

to a specific design template and use case. Our work extends this idea by investigating whether and
how UI/UX designers can collaborate with Large Language Models (LLMs) to get digital-wellbeing
feedback at any stage of their design activities.

Overall, while prior works on designing for digital wellbeing emphasize the need for new tools
and practices, they also acknowledge that such interventions operate within broader economic
and organizational constraints [55], suggesting that tools alone cannot resolve tensions rooted
in the attention economy [64]. In line with this evidence, we position our work as a practical
instrument that enables designers to surface, articulate, and negotiate design decisions related to
users’ digital wellbeing within organizations. Rather than resolving the structural conflict between
engagement-driven business models and user wellbeing, the tool helps make this tension explicit
and discussable in design practice. We return to this point in Section 7.

2.3 AI-Assisted Design Interventions
In 2024, several commercial design platforms have started to announce new features and tools based
on Generative AI and LLMs. Diagram [15]—a startup recently acquired by Figma [39]—developed
a suite of AI-powered design tools for Figma, e.g., to create fully-editable UI designs starting
from simple prompts. Meanwhile, members of the Figma community have used Figma’s APIs to
create hundreds of AI-powered plugins [39], and Figma itself recently announced Figma AI [62], a
collection of AI-driven functionalities, including text rewriting, automatic layer naming, and the
creation of new design mockups from textual descriptions. Similarly, FigmaJam AI [23] is an online
collaborative whiteboard that incorporates generative AI to assist in creating templates and charts
for weekly team syncs and summarizing the content of group brainstorms. Similar tools nowadays
exist on other popular design platforms like Canva (Magic Design [8]) and Microsoft Designer [48].

In parallel, HCI researchers have experimented a wave of novel tools and techniques to support
UI/UX designers at various stages [40]. Lawton et al. [37] presented Reframer, an interface that al-
lows designers to collaborate with a Generative AI in real time to produce drawings collaboratively.
PromptInfuser by Petridis et al. [60] is a Figma plugin for adding AI functionality to UI mockups
with LLM prompts. A range of tools has also been proposed to assist designers with AI-generated
feedback. Xiang et al [74] developed SimUser, a LLM-based tool that generates heuristic usability
feedback for various user demographics by emulating the engagement between users and mobile
applications within a defined context. Similarly, Duan et al. [18] investigated the potential of using
LLMs to conduct automatic heuristic evaluations. They developed a Figma plugin that exploits
GPT-4 to validate Figma prototypes against pre-defined heuristics, such as Nielsen’s, and generate
constructive feedback for improving the usability of UI mockups. Kuang et al. [34], instead, created
a proactive conversational assistant aimed at aiding designers by providing automatic recommen-
dations during usability testing. Most closely related to our approach, Kocyigit et al.’s DeceptiLens
system demonstrates the potential of multimodal LLMs for detecting deceptive design patterns [32].
While DeceptiLens focuses on enhancing accountability and trust in automated detection, our work
extends this direction by embedding a similar detection pipeline into designers’ workflows and
complementing it with actionable design alternatives for supporting digital wellbeing.
In general, various research efforts aimed at assessing these design feedback instruments have

consistently shown that they can successfully assist designers during the prototyping stage [18, 34,
74], with designers that are willing to accept occasional imperfect suggestions to iteratively improve
their mockups [18]. Yet, all these studies underscored “the irreplaceable role of human expertise”
(Kuang et al [34], p. 1). Building on this insight, rather than attempting to automate such judgments,
our work explores how LLM-based systems can function as in-the-loop supports that surface
potential issues and raise awareness on ACDPs, while leaving interpretation and decision-making
firmly in human hands. Specifically, we adopt a constructive negotiation approach, through which
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“the machine should push back, constructively negotiate with the human to consider design aspects
that they had not yet anticipated, whether in a design’s functionality, form, or anticipated reception”
(Vaithilingam et al. [70], p. 291).

3 DEVELOPMENT OF THE DETECTION PROMPT
The first phase of our work consisted in identifying an effective approach for detecting and
addressing ACDPs within UI mockups. Building on recent works on AI-assisted design [18, 40], we
leveraged LLMs to develop a detection prompt capable of identifyingACDPs in Figma prototypes and
suggesting alternative designs aimed at promoting mindful technology use. As smartphones have
been identified as major contributors to undermining users’ sense of agency and self-control [44, 69],
we specialized the prompting technique with mobile UIs. Nevertheless, the approach can be easily
generalized to any kind of user interface.

3.1 LLM Selection and Dataset Creation
As an LLM, we decided to use OpenAI GPT-4o [58]. We made this choice based on the results
provided by Duan et al. [18] in 2024, which demonstrate that the fourth generation of OpenAI’s
GPT model outperforms other LLMs in analyzing UIs and characterizing their designs. Compared
with the version used in [18], GPT-4o is multi-modal, meaning that it can handle text, audio,
images, and video, and it has an increased context window. Similar to the work of Duan et al. [18],
which tasked GPT with discovering violations of specific design heuristics, we selected a state-
of-the-art taxonomy [57] of 11 ACDPs to be used as a reference for the LLM. To the best of our
knowledge, this is the only taxonomy of dark patterns specifically focused on the users’ attention. It
encompasses deceptive designs, which use various forms of deception to capture the user’s attention
(i.e., Disguised Ads and Recommendations, Attentional Roach Motel, Time Fog, and Fake Social
Notifications), as well as seductive designs, which tempt the user with short-term satisfaction (i.e.,
Infinite Scroll, Casino Pull-to-Refresh, Neverending Autoplay, Guilty Pleasure Recommendations,
Recapture Notifications, Playing by Appointment, and Grinding).
To assess the capabilities of the LLM in detecting ACDPs and develop an effective detection

prompt, we created a dataset consisting of 10 Figma prototypes of mobile UIs, each containing a set
of ACDPs. To build it, we recreated in Figma 10 screens of mobile applications, from Instagram to
TikTok, included as examples in HCI papers discussing ACDPs. We used the systematic literature
review in [57] as a starting point for the examples, and the Figma community website to find UI
templates of real-world applications. Figure 3 shows three examples from the dataset. The Instagram
newsfeed shown in Figure 3(a) features Infinite Scroll [57, 63], Casino Pull-to-refresh [53], and
Disguised Ads and Recommendations [10, 57], through which sponsored pages are camouflaged
as regular content. Figure 3(b), instead, exemplifies a clear example of Recapture Notifications on
X [75], i.e., notifications that are deliberately sent to recapture users’ attention and have them
start a new usage session [57]. Finally, the YouTube video screen shown in Figure 3(c) uses the
Neverending Autoplay pattern [43] and displays Guilty-Pleasure Recommendations below the
video [4, 57] through Infinite Scroll. To foster replicability, we have released the dataset of 10 Figma
prototypes on OSF (https://osf.io/smzuv/files/?view_only=54667f6db28547049a9a9a3830c9bdad).
We emphasize that this dataset, which was also used for the expert evaluation (Section 4) and
the experiment with UI/UX designers (Section 6), is not intended to capture the full complexity,
ambiguity, and contextual variability of real-world interfaces and to be representative of the full
design space of contemporary applications. In line with prior work evaluating AI-based design
feedback systems [18], it serves as a small, theory-grounded probe set that enables controlled
comparison of prompt configurations and consistent evaluation across experts and designers.
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8 A. Monge Roffarello et al.

(a) Instagram (b) X (c) YouTube

Fig. 3. Three examples of Figma prototypes included in our UI dataset. We recreated them based on examples
included in papers discussing ACDPs, e.g., [57]

3.2 Development of the Prompt and Performance Study
We developed a detection prompt for GPT-4o to detect ACDPs within mobile UI mockups and
suggest design alternatives. We refined the prompt through a performance study in which we
tested various configurations, leveraging the UI dataset described in Section 3.1 as a ground truth2.

Figure 4 shows the structure of the prompt with its variations. Specifically, we tested two different
input modalities to send the UI mockup to GPT-4o, leveraging its multi-modal capabilities:

• JSON (Figure 4, A):we generated a JSON representation of the mockup using the Figma APIs,
compressing it with a method similar to the one outlined in [18]. Specifically, the exploited
JSON format captures the DOM structure of the UI mockup, thereby representing its overall
layout. Each node, then, contains both semantic information (e.g., labels and element type)
and layout data (i.e., <x,y> coordinates, height, and width) of the related UI element.

• IMAGE (Figure 4, B): we took a screenshot of the mockup using the Figma APIs, visually
capturing the design of the mobile app in a single image.

We also instructed GPT to answer with a specific JSON object with an array of ACDP detections,
with each item containing a reference to the detected ACDP and the list of alternative designs
(Figure 4, C).

Besides testing the input modality, we evaluated the detection prompt by varying the temperature,
a parameter in GPT’s APIs that controls the creativity of the model’s responses. In particular, we
tested the detection prompt with low temperature (0, resulting in more deterministic and predictable
answers), medium temperature (0.5, providing a balance between predictability and creativity), and
high temperature (1, yielding responses that are diverse and creative).

2The final version of the detection prompt—refined after the evaluation with experts in damaging designs—is available at
https://osf.io/smzuv/files/?view_only=54667f6db28547049a9a9a3830c9bdad
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Fig. 4. The structure of the detection prompt, including system messages to set the context for the model
and user messages representing the actual task for the model. We experimented different configurations to
optimize GPT-4’s ability to identify ACDPs within UI mockups.

Overall, this resulted in a performance test with a 2x3 configuration, combining 2 input modalities
(JSON, image) with 3 temperature settings (0, 0.5, 1). As in similar studies, e.g., the performance
test reported in [18], we focused on the underlying detection task—in our case, the identification of
ACDPs within a UI—while leaving the the subjective evaluation of design alternatives to experts
in dark patterns (Section 4) and designers (Section 6). Table 1 summarizes the outcomes of the
test in terms of precision, recall, and F1 score. Importantly, these performance metrics should be
interpreted in light of the controlled nature of the evaluation setup. Because the dataset consists of
UI mockups derived from canonical examples of ACDPs and the taxonomy itself is provided to
the model as part of the prompt, the task is closer to recognizing prototypical instances of known
patterns than to detecting context-dependent cases in real-world settings. Rather than providing a
benchmark of real-world detection performance, these results should be therefore understood as a
diagnostic assessment of the prompt’s behavior under controlled conditions, used to guide design
decisions for the subsequent prototype.
Within the constrained corpus of mockups included in the dataset, results show that GPT-4o

scored higher on all three metrics when dealing with an image of the UI rather than its JSON
representation. This is a clear step beyond the work of Duan et al. [18], which tested the capabilities
of GPT-4 in identifying heuristic violations in UIs represented solely as JSON due to the limitations
of the LLM at that time, and demonstrates the potential of using LLMs to find design issues while
analyzing images. Table 1 also shows that increasing the temperature generally reduced precision,
recall, and F1, especially with the IMAGE input modality. Our objective was to explore whether
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10 A. Monge Roffarello et al.

Table 1. Outcomes of the performance test in terms of precision, recall, and F1 score. Results are the average
of five equals experiments.

Temperature/Modality Precision Recall F1
0/JSON 0.550 0.647 0.595
0.5/JSON 0.562 0.529 0.545
1/JSON 0.550 0.687 0.611
0/IMAGE 0.867 0.765 0.812
0.5/IMAGE 0.846 0.647 0.733
1/IMAGE 0.833 0.588 0.690

increased creativity could help the model identify more subtle patterns, such as seductive ones, and
generate a wider range of alternative designs. Such an advantage emerged in certain circumstances,
particularly in detecting subtle patterns. For example, a higher temperature allowed GPT-4o to
identify the use of Guilty-Pleasure Recommendations in the YouTube video UI (Figure 3(c)), while
lower temperatures resulted in a missed detection. However, a manual inspection of the alternative
designs across all temperatures showed no significant differences in the number or quality of the
suggestions. Furthermore, our results demonstrate that a higher temperature also led to a higher
number of false positives and resulted in more diverse, less consistent choices. Although further
evaluation on larger and more diverse datasets would be needed to establish broader performance
claims, the performance test served to guide our choice of an IMAGE input modality with a low
temperature (0) for the detection prompt.

4 EXPERT EVALUATION
To test and refine the developed detection prompt before integrating it into a Figma plugin, we
evaluated its outputs with four experts in dark patterns, focusing primarily on detection accuracy
and the perceived severity of the identified ACDPs.

4.1 Methods
4.1.1 Participants. We recruited four recognized experts in dark patterns through the “Dark
Patterns Research and Impact” Slack workspace. Table 2 summarizes the demographics of the
involved experts3, including their gender, age, occupation, years of experience working with dark
patterns, and primary area of expertise. Overall, we covered various fields of expertise related
to dark patterns, including manipulative practices in specific countries (Katie) and applications
(Thomas), the impact of dark patterns on vulnerable populations (Lorena), and legal frameworks
(Kosha).

4.1.2 Procedure and Measures. To give participants enough time to complete the evaluation,
we allowed them to perform the assessment asynchronously via an online questionnaire4. We
precomputed the output of the detection prompt, i.e., detections of ACDPs and suggestions for
alternative designs, using the UI dataset described in Section 3.1. This computation, which yielded
identical results to the performance test (precision of 0.867, recall of 0.765) except for minor
discrepancies in textual descriptions, identified 15 ACDPs across the 10 UIs in the dataset, and
resulted in two alternative designs suggested for each UI. Due to time constraints, we divided the

3Experts agreed to be cited for their contribution. We decided to remove their names in this version of the manuscript to
avoid introducing biases during review, and will disclose them if the paper is accepted.
4A sample version of the questionnaire used in the expert survey is available at https://osf.io/smzuv/files/?view_only=
54667f6db28547049a9a9a3830c9bdad
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Table 2. The experts on dark patterns who evaluated the plugin’s detection of ACDPs and suggestions for
alternative designs.

Expert Gender Age Occupation Experience Area of Expertise
Katie
Seaborn

Gender-
apathetic
woman

39 Associate Professor 3-5 years Dark patterns in Japanese
apps

Lorena
Sánchez
Chamorro

Woman 30 Doctoral Researcher 3-5 years Dark patterns and vulnera-
ble populations

Thomas
Mildner

Man 31 Postdoctoral Researcher 3-5 years Dark patterns in social me-
dia

Kosha
Doshi

Woman 22 Student 1-2 years Ethical design practices,
member of the deceptive.
design.org team

10 UIs into two groups, ensuring that each expert reviewed the plugin outputs for 5 UIs within an
estimated timeframe of 90 minutes. When dividing the UIs, we ensured a balanced distribution of
complexity and variety in ACDPs and suggestions across groups to minimize potential evaluation
bias. Specifically, both groups included similar number of detections (7 and 8, respectively) and
shared detections of popular ACDPs such as infinite scroll and neverending autoplay. Each group
also included other patterns and collectively covered all the eleven ACDPs defined in [57]. Each UI
was presented with a screenshot and the output of the detection prompt for that UI, consisting of a
list of ACDP detections along with suggested alternative designs for each detection, in its original
textual format. For each detection, in particular, we asked experts to evaluate:

• The accuracy of the detection—defined as whether the detected ACDP matched the experts’
expectations, on a Likert scale from 1 (not at all accurate) to 5 (very accurate).

• The severity of the detected pattern, on a Likert scale from 1 (not at all dangerous for end
users to 5 (very dangerous for end users).

• The helpfulness of the two alternative designs suggested by the LLM (A1 and A2), on a
Likert scale from 1 (not at all helpful) to 5 (very helpful).

Furthermore, experts were encouraged to explain their rating if they wished to provide
additional clarification. Overall, these metrics represent well-established criteria for evaluating
design issues in UIs and assessing the quality of suggestions generated by LLMs [18].

4.1.3 Data Analysis. We collected all expert ratings on accuracy, severity, and helpfulness. For
each measure, we calculated the total number of responses per rating, as well as the median and
interquartile range (IQR). We support quantitative results with the optional explanations that
experts provided.

4.2 Results
Figure 5 shows the number of answers by experts for each rating of detection accuracy, pattern
severity, and helpfulness of the two suggested alternative designs. Overall, the survey included 15
detections divided into two groups, with each group evaluated by two participants, resulting in 30
responses for each metric.

4.2.1 Accuracy of the Detections. Most detections (70%) were rated as accurate (8) or very accurate
(13), with a median rating of 4 (IQR = 2). Two experts identified patterns that were not captured by
the plugin, with Thomas suggesting 5 additional patterns and Katie suggesting 10 overall. Some
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Fig. 5. The total number of expert responses for each rating of detection accuracy, pattern severity, and
helpfulness of the two proposed alternative designs.

of these additional patterns matched those we labeled in our ground truth dataset, previously
identified as misses in our performance test. Others could not be directly observed in the UIs but
still made sense when considering the underlying platform and its features. In this respect, experts
highlighted the limitations of static screenshots in accurately detecting dynamic patterns,
emphasizing the need for contextual elements and platform-specific knowledge. As Thomas said
while evaluating Infinite Scroll on the X timeline, for example, having just the screenshot would
not necessarily allow the detection of the pattern, as any potential friction or interventions would
not be displayed. This aligns with recent work that has framed issues of detection of certain dark
patterns around the temporality of experience [29]. In these cases experts often relied on prior
familiarity with the platforms to interpret the screenshots, which also introduced potential
ambiguity and uncertainty:

“I am not sure we can deduce that from the screenshot, but as long as I am aware, BeReal
does not have infinite content because it only gives you the content of your network...”
(Lorena, Infinite Scroll on BeReal).

Furthermore, experts critically evaluated some of the detections, often making assumptions or
expressing uncertainty when evidence was unclear or ambiguous:

“This is just gamification...I don’t get any sense of urgency or requirement to ‘grind’ for
any specific thing” (Katie, Grinding of Profile Badges).

4.2.2 Severity of the Detected ACDPs. In terms of perceived severity of the detected ACDPs, Figure 5
shows that expert responses were more evenly distributed across the ratings (median = 3, IQR =
1.75).

Experts highlighted that the severity is highly context-dependent, with the impact varying
based on content type, platform, and user context:

“In some cases, depending on the application, the rewards coming from grinding can cause
users the need of conducting them. However, the severity of this ACDP is contextual of the
application, mainly depending on the reward” (Lorena, Grinding of Profile Badges).

Experts highlighted the potential for psychological and attentional harm for most of the
detected patterns, particularly when they are designed to subtly manipulate or deceive users.
However, there was also ambiguity and uncertainty in assessing the severity, with some
participants noting difficulty in judging the harm without more context. As Katie said, for example:
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“It depends on the advertisement...yes, you can trick people, but to what end? People click
through and realize or not <– that’s where the deception detection is truly needed” (Katie,
Disguised Ads and Recommendations on Instagram feed).

Additionally, experts recognized that ACDPs often act as catalysts for further harm, par-
ticularly when combined with other manipulative patterns, leading to more significant negative
outcomes for users. In evaluating Recapture Notifications on X, for example, Lorena highlighted
that the pattern may become the entry point for other ACDPs or interactions that will cause more
attentional and psychological harm.

4.2.3 Helpfulness of the Design Alternatives. In line with the accuracy results, suggestions for
alternative designs have been found to be more helpful that not on average, with a median rating
across the two suggestions of 4 (IQR = 1). As shown in Figure 5, the first suggestion (A1) was rated
helpful 12 times and very helpful 4 times (54% of responses), while the second suggestion (A2)
received 13 helpful and 5 very helpful ratings (60% of responses).

Experts generally appreciated the emphasis on clear communication and transparency, such
as “you are all caught up” message to be used as an alternative for infinite scroll (Thomas) or the
proper labeling of ads instead of disguising them in the UI (Lorena, Katie, and Koshi). However, they
also highlighted potential drawbacks, noting that some alternatives could inadvertently increase
attention capture or fail to reduce cognitive burdens due to habituation to the countermeasure.
According to Lorena, for example, micro-frictions like ‘load more’ buttons could act as pull-to-
refresh, not reducing harm, while Katie highlighted that summarizing content could increase
attention capture rather than reduce it. However, Lorena pointed out that design alternatives in the
form of friction might have a long-term impact:

“It is possible that the habituation still works against the mechanism [...] so I am not certain
this would totally prevent users from trying to refresh. Again, in the short term might be
frustrating, while in the long term might work” (Lorena, Content-Batch Loading – load
new content in batches and inform users when they have reached the end of the new
content).

In general, providing end users with control and customization options was seen as crucial by
the experts, although they emphasized that the impact of these design changes might be limited if
not thoughtfully integrated.

5 REFINEMENT AND IMPLEMENTATION
In the second phase of our work, we used the feedback collected in the expert evaluation to refine
our detection prompt (Section 5.1). Then, we integrated the refined prompting technique into a
plugin for Figma, one of the most popular tools for UI prototyping [40] (Section 5.2).

5.1 Multi-Modal Chain of Prompts
Drawing on the expert evaluation, we modified the detection prompt along two directions: (i)
incorporating designers’ feedback to enable refined recommendations, and (ii) enabling the prompt
to directly highlight detected ACDPs within the UI. For the first refinement, we explored the
possibility of relaunching the prompt while excluding specific ACDP detections, such as those
flagged as incorrect by designers (Figure 6, B). For the second, instead, we added explicit instructions
to associate detections with specific UI elements (Figure 6, A) by prompting GPT to approximate
the layout data (x, y, width, and height) of these elements from the mockup image.

Unfortunately, we discovered that just with a screenshot, the approximation of the visual elements
that originated the ACDPs was unreliable. To address this issue, we devised a multi-modal chain of
prompts in which the output of the revised detection prompt is passed to a localization prompt.
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Fig. 6. The final structure of the detection prompt, refined after the expert evaluation to take into account
designers’ feedback and get the approximate position of the ACDPs detections in the analyzed UI. Differences
from the initial detection prompt (Figure 4) are highlighted in red.

Specifically, this prompt receives two inputs: a) the JSON representation of the UI mockup extracted
through the Figma APIs, and b) the JSON object returned by the detection prompt, which now
includes the approximate visual layout (x, y, width, and height) of the Figma elements that originated
each detected ACDP. Based on this input, GPT-4o is instructed to find the elements in the JSON
representation of the UI that best overlap with the approximate visual layout data of each detection,
and return the Figma IDs of the retrieved elements5.

5.2 Plugin Implementation
Building on prior work on designing for digital wellbeing and designer–LLM collaboration, we
integrated the multi-modal chain of prompts into a Figma plugin to assist UI/UX designers at all
stages of their design activities. This integration makes feedback on ACDPs embedded within design
workflows, while overcoming the limitations of solutions that rely on specific design templates
or narrowly defined use cases [55]. Prior research has shown that recognizing dark patterns
5The final version of the localization prompt is available at https://osf.io/smzuv/files/?view_only=
54667f6db28547049a9a9a3830c9bdad
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Fig. 7. The final architecture of our Figma plugin, including the multi-modal chain of prompts composed of
the detection prompt and localization prompt.

often benefits from explicit visual and conceptual scaffolding, as such patterns are normalized
within prevailing design conventions and can be difficult to identify at a glance without dedicated
cues [14, 49]. Providing this form of integrated support can foster reflective thinking among
designers [1] and support the recognition of ACDPs. Moreover, it enables designers to provide
feedback, refine suggestions, and negotiate design aspects they may not have anticipated, thereby
enacting a constructive negotiation approach to designer–LLM collaboration [70].
We implemented the plugin using TypeScript, the Figma Plugin APIs, and the Open AI APIs.

Figma is one of the most popular tools for UI prototyping [40], and it has already been used as a
test case for exploring the adoption of LLM-powered feedback systems (e.g., [18, 55]).

Figure 7 summarizes the final architecture of our Figma plugin. The designer prototypes a UI in
Figma (SOURCE DESIGN ). When the designer scans an interface, the plugin captures a screenshot
(1) and generates a JSON representation for the UI (2). Using the screenshot and the taxonomy of
ACDPs [57], the detection prompt (3) is created to instruct the LLM to identify ACDPs, alternative
designs to protect users’ time and attention, and approximate layout data (<x,y, width, height>).
The layout data and the JSON representation are used in the localization prompt (4) to identify
Figma elements representing the detected ACDPs, which are then highlighted with bounding
boxes in Figma (5). In parallel, textual information from the detection prompt is displayed in a
right-side panel adjacent to the UI mockup (6). Designers can dismiss incorrect suggestions, which
are integrated into future LLM prompts for subsequent scans (7).

The plugin is freely available at https://www.figma.com/community/plugin/1310606990428971215/
digital-wellbeing-lens , while the source code can be accessed at https://git.elite.polito.it/public-
projects/digital-wellbeing-lens.

5.2.1 System Walk-Through. As shown in Figure 8, designers can work in Figma as they normally
would. At any time, they can select one or more top-level frames and press “Scan” to send them
for evaluation to the LLM. The model assesses the received UIs and, when ACDPs are detected, it
highlights them directly within the corresponding Figma frame through bounding boxes. Figure 9
(i), for example, shows a mockup of a smartphone lock screen where two different ACDPs have been
found: the use of Recapture Notifications and the Playing by Appointment pattern, which forces
users to use a digital service at specific and pre-defined times [57]. Each detection is accompanied
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by the name of the pattern and textual explanations of its characteristics and potential harms for
end users, which are rendered back from the LLM to Figma. When the designer hovers the cursor
over the name or description of the pattern, the corresponding bounding box is highlighted in
the frame. In Figure 9 (ii), for example, the plugin says to the designer that “the notification ‘Time
to Post’ pressures the user to post content within a specific timeframe [...]. This can create a sense of
urgency [...] leading to stress and reduced autonomy.”

Fig. 8. Our Figma plugin allows designers to select one or more top-level frames and press “Scan” to send
them for evaluation.

Fig. 9. Two screenshots showcasing the plugin feedback received after a scan. These include: a bounding box
highlighting detected ACDPs in the UI (i); textual descriptions of the detected ACDPs and their harms for
end users (ii); and recommendations for alternative designs (iii). Designers can click on ‘flag as incorrect’ at
any time to refine subsequent scans (iv).

If the designer finds an incorrect detection, they can click on the “flag as incorrect” button
to hide it and send feedback to the LLM for subsequent scans, ensuring this pattern will not be
shown again (Figure 9 (iii)). Instead, if the detection of a given ACDP is considered helpful, the
designer can take inspiration from the plugin’s suggestions, negotiating alternative designs that
may preserve end-users’ time and attention. Each alternative is generated by the LLM to maintain
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Table 3. The demographics of the 15 professional UX/UI designers who evaluated the plugin in a user study.

ID Gender Age Occupation Design
Experience

Figma
Experience

P1 Man 51 Experience designer and information architect 20 years 5 years
P2 Woman 27 Ph.D. student and freelance UX designer 7 years 5 years
P3 Man 26 UX Designer and filmmaker 5 years 7 years
P4 Woman 20 Industrial and UX/UI designer 3 years 2 years
P5 Man 29 Ph.D. student and freelance UX designer 10 years 4 years
P6 Man 29 Product and UX/UI designer 6 years 6 years
P7 Man 27 UX designer 2 years 2 years
P8 Man 27 Digital designer 8 years 4 years
P9 Woman 24 UX/UI design consultant 6 years 3 years
P10 Man 40 UX designer 4 years 4 years
P11 Man 37 UX designer 7 years 3 years
P12 Man 33 Freelance UX designer 6 years 6 years
P13 Man 27 Product and UX/UI designer 4 years 4 years
P14 Woman 49 UX designer 20 years 2 years
P15 Woman 42 UX/UI designer 3 years 2 years

the functionality of the original pattern while better aligning with end-users’ digital wellbeing, and
is provided to the designers in Figma with a name and description. Figure 9 (iv), for example, shows
two suggested alternatives to the detected Playing By Appointment, namely “Flexible Reminders”
and “Achievement-Based Encouragement.” The first alternative, in particular, suggests designers
the following: “instead of time-bound notifications, send reminders that encourage users to engage at
their own pace. For example, ‘Remember to post when you have a moment!’ This reduces pressure and
allows users to interact with the app on their own terms.”

6 USER STUDYWITH UI/UX DESIGNERS
We conducted a formative user study with 15 professional UI/UX designers to explore the potential
of our approach as an early-stage design probe. In the study, we further evaluated the accuracy and
helpfulness of the refined prompting technique’s output, this time from a designer’s perspective,
using pre-built UI mockups to investigate how designers interpret and engage with the plugin’s
wellbeing- oriented feedback within a controlled setting. Additionally, we explored the plugin’s
potential to raise awareness on ACDPs among designers and its perceived fit with existing working
practices.

6.1 Methods
6.1.1 Participants. Participants were recruited from a pool of professional UI/UX designers using
various online channels, including mailing lists, Slack and Discord communities, and social media.
Participants qualified for the study if they had been using Figma for more than one year. Table 3
provides an overview of the demographics of the 15 participants, including their gender, age,
occupation, years of experience as a designer, and years of experience using Figma.
Our final sample consisted of 15 participants (10 self-identifying as man, 5 as woman) with a

mean age of 32.53 years (SD = 8.94), representing a diverse range of occupations and years of design
experience. The majority of participants (12) were Italian designers based in Italy, one was Italian
but worked in the Netherlands, and the remaining two were from South Korea and worked there
too.
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6.1.2 Procedure and Measures. We conducted the study via Zoom’s calls. At the beginning, par-
ticipants were introduced to the study. They were told that the study aimed to explore how an
AI-powered design tool could raise awareness of design decisions related to users’ time and attention.
We introduced the concept of ACDPs at a high level, without providing an exhaustive taxonomy,
and emphasized that the tool should be treated as a design aid rather than as an authoritative
evaluator. After providing informed consent online, participants were instructed by a researcher to
install the plugin on their own Figma application and share their screens. To ensure consistency
and fairness across all participants, we used the dataset described in Section 3.1 as the basis for the
study. This approach aligns with prior studies in the design community [18, 60] and was chosen
for two main reasons. First, freely designing a UI without constraints would not have been feasible
within the short timeframe of a lab study. Second, using pre-built prototypes eliminated potential
confounding factors, ensuring that all participants began with the same baseline, thereby allowing
us to evaluate the plugin’s impact more systematically. As such, our goal was not to measure the
tool’s impact on final design outcomes, but to examine how designers interpret, negotiate, and
react to wellbeing-oriented feedback when it is introduced into familiar design artifacts. We return
to the implications of this lab-based setup and its limits for ecological validity in Section 7.4.

The study was structured into two main phases:
Free-usage session. For each participant, the plugin first displayed one of the UIs included in

the dataset described in Section 3.1. In this phase, we asked participants to freely modify
the mockup with the assistance of the plugin, allowing them to experience our tool in an
unrestricted usage session and discover its functionality. This session lasted 10 minutes, with
a researcher interrupting the participants when the time was up.

Evaluation session. After the free-usage session, the plugin displayed other three mockups in-
cluded in the UI dataset described in Section 3.1. In this phase, we asked participants to scan
the three UIs and provide feedback on the plugin’s output.

The collectedmeasures included somemetrics previously evaluated by experts—this time assessed
from a designer’s perspective—as well as metrics specifically tailored to the needs and workflows
of UI/UX designers. After each scan in the evaluation session, in particular, designers were asked
to assess the perceived helpfulness of the plugin’s feedback, which, unlike in the expert evaluation,
was now contextualized within the UI using bounding boxes. Specifically, designers evaluated:

• The helpfulness of each ACDP detection, on a Likert scale from 1 (not at all helpful) to 5
(very helpful).

• The helpfulness of the suggested alternative designs, on a Likert scale from 1 (not at all
helpful) to 5 (very helpful).

Additionally, we also asked them to evaluate the perceived impact of implementing the alter-
native designs on usability with respect to the original pattern, between “decreases usability,” “has
no impact on usability,” and “improve usability.” Through this question, we aimed at evaluating the
practical implications of redesigning ACDPs and the perceived feasibility of applying the approach
in real-world scenarios, as a significant decrease in usability would be unacceptable in design
practice.

We concluded the studywith a semi-structured interview focusing on overall impressions, potential
drawbacks and dangers, potential for iterative use, and perceived fit with exiting design workflow. To
facilitate later analysis, all study sessions were recorded following participants’ explicit consent.
Each session lasted 49 minutes on average (SD = 11 minutes).

6.1.3 Data Analysis. As with the expert evaluation, we collected all participant ratings on help-
fulness and usability impact, calculating the total number of responses per rating, median, and
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interquartile range (IQR). Additionally, we reviewed all the recordings to consolidate the notes
taken during the study, transcribing the interviews verbatim and conducting a thematic analysis [5]
on the transcriptions.

6.2 Results
In this section, we first provide an overview of the free-usage sessions, followed by quantitative
results from the evaluation sessions and findings from the thematic analysis.

6.2.1 Overview of the Free-Usage Sessions. During the free usage session, participants showed
interest in the feedback provided by the plugin. The vast majority of them (13 out of 15) attempted
to modify their assigned UI following at least one of the alternative solutions suggested by the
plugin. Additionally, three participants (P8, P9, and P11) engaged with and explored alternatives
for all detected ACDPs with the help of the plugin’s suggestions.
Regarding the preferred design alternatives, we observed that designers’ preferences varied

depending on the specific ACDPs they were presented with. Nevertheless, participants were
intrigued by the plugin and the feedback they received, showing a willingness to experiment with
design patterns outside of their usual practices.
Two participants (P2 and P4) attempted to replace Infinite Scroll with plugin-suggested alter-

natives such as “load more button” or “content batching.” These solutions suggest introducing a
button after a certain amount of content is displayed, allowing users to explicitly request to keep
viewing content. When reflecting on Infinite Scroll, another participant (P6) opted for the “content
preview” solution, which recommends displaying only a preview of the content in the feed, forcing
users to choose which items to view. A fourth participant (P15) who received a warning on Infinite
Scroll ignored the detection, as in their opinion users are now too accustomed to navigating screens
with such an interaction mechanism.

When inspecting other detected patterns, three participants (P2, P7, and P12) attempted to
implement a suggestion to clearly label commercial ads, either within feeds (Disguised Ads and
Recommendations) or in messages (Fake Social Notifications). Meanwhile, three other participants
who were notified of an Attentional Roach Motel (P3, P5, and P9) attempted to make the logout
button more prominent by isolating it from other buttons on the settings screen and using a more
noticeable font color.
When evaluating a detection of a Grinding pattern, two participants (P8 and P14) decided to

replace it with “meaningful milestones,” which suggests offering users meaningful, non-repetitive
goals. For example, P8 introduced goals such as “friends who confirmed to know you,” “users who
found your posts useful,” and “times you have not exceeded your limit” (Figure 10). P10, instead,
followed the “progressive milestone” suggestion, which recommends setting small, easily achievable
goals that progressively increase.

Finally, the Recapture Notifications pattern was replaced by two participants (P11 and P13) out
of three with “scheduled summary notifications,” which suggests grouping multiple notifications
together and sending them at once to minimize distractions.

6.2.2 Quantitative Results from the Evaluation Session. Figure 11 shows the number of responses
by participants for the detection helpfulness, helpfulness of the two suggested alternative designs,
and perceived impact on usability of the alternatives. Designers found detections generally useful
for reflecting on ACDPs. The majority of the evaluated detections (54%) were rated as very helpful,
with a median rating of 5 (IQR = 2). In line with the results from the experts evaluation, designers
found the suggestions for alternative designs to be more helpful that not on average, with a median
rating across the two suggestions of 4 (IQR = 2). As shown in Figure 11, the first suggestion (A1) was
rated helpful 22 times and very helpful 27 times (66% of responses), while the second suggestion
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Fig. 10. A designer replacing Grinding with meaningful and non-repetitive goals in the free-usage session.

Fig. 11. The total number of participant responses for detection helpfulness, helpfulness of the two proposed
alternative designs, and impact on usability of the two proposed alternative designs.

(A2) received 17 helpful and 32 very helpful ratings (66% of responses). Interestingly, designers
positively assessed the impact of the alternative designs on usability. A1 and A2 were rated 45 (60%
of responses) and 44 times (59% of responses), respectively, to improve usability compared to the
original pattern. While most designers rated the alternatives positively, there were cases (A1: 15,
A2: 11) where designers believed the alternative would likely decrease usability. This indicates a
need for more compelling incentives to motivate designers to adopt the plugin’s suggestions.

6.2.3 Findings from the Thematic Analysis. Our thematic analysis revealed six overarching themes,
from workflow improvements and education on ACDPs to target shift: community, and regulators.

Workflow improvements and education on ACDPs. The plugin was seen as having the potential
to enhance designers’ workflow efficiency and provide educational benefits (N = 14: P1, P2, P3, P4,
P5, P6, P7, P8, P9, P11, P12, P13, P14, P15).
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Some participants (P3, P7, P11, and P12) emphasized how the plugin could potentially have
positive side effects, e.g., by enhancing the usability and accessibility of the designed applications
with minimal time investment. Suggestions for design alternatives, in particular, were compared to
Figma tools like Contrast [72], which identifies poorly chosen color contrasts and suggests more
effective alternatives.
P6 also emphasized the beneficial use of AI in the plugin, noting that it provides valuable

and contextual feedback that, rather then delivering definitive answers, could assists designers’
analysis, brainstorming, and discussions within companies:

“It’s an excellent use of LLMs because it doesn’t aim to give you a perfect, precise, decisive
answer but helps you analyze and brainstorm.”

Regarding the plugin’s educational utility, P8 suggested its potential use in design courses to
help students recognize dark patterns in their UIs:

“Maybe the professor could explain to the students these ACDPs within a UX/UI course to
say guys, take care, I mean, we have to be careful, and this is a tool that goes in our favor.”

P1 and P3 considered the benefits that junior designers could derive from using the plugin. They
suggested that the plugin could support these designers in learning to recognize and avoid ACDPs
until they are capable of doing so independently.

Several participants pointed out that the plugin effectively addresses the unintentional use of
ACDPs by designers, who often try to replicate UIs and patterns included in existing platforms. As
P8 noted,

“You do it mostly out of habit to put damaging patterns and the worst ones are the ones
that are inside your subconscious as a designer, so even just the fact that this plugin makes
me notice that is okay, but it also gives me an alternative, it pushes me much more to
design a healthier app.”

Other participants, like P4, articulated a similar point, observing that even when studying dark
patterns, the gap between theoretical concepts and their application in daily projects often makes
it challenging to implement these concepts effectively:

“I have read some literature about dark patterns [...] But it’s still kind of far away from
our daily life and our design work.”

In this regard, the plugin offers the advantage of providing information relevant to the designer’s
current work, both in detecting issues and suggesting alternative design solutions, as noted by P5:

“On one hand, it gives you knowledge that you don’t have in a very practical way, directly
related to the work you’re doing [...] On the other hand, it also provides practical advice
on how to intervene quickly.”

Enhancing and encouraging iterative plugin usage. A key strength identified by participants was
the potential for iterative use of the plugin (N = 11: P1, P2, P3, P4, P5, P6, P8, P9, P10, P11, and P14).
This approach enables the designer to ensure that a set of frames remains free of unwanted ACDPs
throughout all design stages, as noted by P2:

“As it’s used to evaluate the initial version, we can continue using the plugin for subsequent
versions until the screens are finalized. After that, it’s only needed if screens undergo
significant redesigns.”

However, participants recommended enhancing this feature to enable designers to compare
previous and current designs and receive targeted feedback that would encourage improvements
to critical screens. P9 illustrated this concept:
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“Perhaps when you scan it again, you can compare the original version to the redesigned
version. This way, you can see how you’ve eliminated three dark patterns and possibly
motivate other designers to redesign their screens.”

Participants emphasized the importance of retaining memory of previous scans also to avoid
frustrating situations where a designer addresses an ACDP, yet the plugin continues to detect it.
In such cases, the tool should recognize the designer’s efforts and provide tailored suggestions
that account for the designer’s initial attempts. To facilitate the iteration process, participants also
recommended providing real-time feedback. P3 envisioned this feature, noting that it would align
with current trends in AI-powered companion tools. Furthermore, P4 said that real-time feedback
could streamline iteration, as the current reload operation can be somewhat cumbersome:

“I think the operation is a bit overwhelmed, because every time I need to reload it [...] Yeah,
real-time, it will be better.”

Alerting users to AI mistakes and risks. Some concerns were raised regarding the plugin’s re-
liance on AI, particularly regarding the lack of clear warnings about potential errors made by
LLMs (N = 7: P1, P5, P6, P8, P10, P11, P13). P5 stressed the importance of informing users that
LLMs lack the complete contextual knowledge that designers have while working on a project and
so should not be trusted blindly:

“Maybe a little bit like Chat-GPT does, which puts a disclaimer, always remembering to
put things in context for the project you’re working in and not to take everything as the
gospel truth.”

This is an issue that was also highlighted by experts, noting that the severity of ACDPs is highly
context-dependent. Consequently, much like the experts, designers occasionally felt confused by
seemingly incorrect detections and expressed a need for the plugin to communicate more effectively
when its level of certainty on the detection is insufficient. For example P5 suggested that the plugin
should indicate the confidence level of its suggestions:

“One thing that I think could be dangerous is not giving any way to allow the user to
understand how sure the plugin is about what it is saying.”

P1 instead noted the plugin’s overly assertive tone, arguing that it could lead some designers to
lose their critical perspective:

“[The plugin] is also very assertive, so it doesn’t put doubts on things. One maybe blindly
trusts what is written there and doesn’t use his critical sense to interpret a suggestion.”

Such an assertive tone, as highlighted by P8, may cause designers to feel accused when ACDPs
are detected.

Stimulating discussions on ACDPs within companies. Participants acknowledged that ACDPs are
often implemented for specific business reasons, supported by data linking their use to perfor-
mance indicators that the company aims to maintain or improve. In such cases, designers’ concerns
for preserving users’ wellbeing may be disregarded by company management, with participants
emphasizing the importance of fostering discussions about ACDPs at the company level (N = 9: P4,
P6, P7, P8, P9, P10, P11, P12, and P13). P10 articulated this conflict:

“Obviously, as a UX designer you would want to avoid them [the ACDPs] all the time,
however, then someone from management comes along with KPIs to bring to the result
[...] So it’s definitely interesting, but I wonder who has the luxury of saying let’s reduce
the outcome.”

Despite this, some participants believed that designers, even undermanagement constraints, could
use the plugin as a tool to spark discussion at the company level, e.g., to propose balanced solutions
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that meet business needs while protecting user wellbeing. P9, in particular, emphasized that being
able to understand potential harms is essential for designers who prioritize users’ wellbeing andwish
to introduce this concern within companies. Similarly, P4 discussed the importance of compromise,
suggesting improvements to the plugin that could enhance its effectiveness and impact within
work environments:

“If you could give me like a rating system to tell me how deceptive it was, so I can make a
trade-off between the commercial need and the design for usability.”

More in general the plugin was found useful as a catalyst for discussions within the company,
which suggests the potential to foster interdepartmental dialogue and promote deeper engagement
on the issues it addresses.

Target shift: community and regulators. Driven by concerns and tensions between designing for
the digital wellbeing and businesses, some participants envisioned a shift in focus that includes the
design community and regulators (N = 3: P6, P11, and P13). P6 indicated that more experienced
designers might not need such a tool, as they can identify issues independently. P1 proposed
shifting the focus from individual projects to a broader design community. Designers would share
their projects and detection results within a community platform, facilitating discussion with
colleagues worldwide. This community could make the plugin appealing even to senior designers,
as they could assist junior designers and students with their questions, stay informed about current
design trends and issues, and engage in broader discussions:

“A community aspect might be interesting. We could discuss things that others or I have
produced. This way, we could become supporters of each other and contributors to a
platform for dialogue” (P1).

P13 envisioned a scenario where deceptive design patterns are regulated and restricted by law.
In this case, the plugin could assist regulators in identifying issues within digital services. This
process might also occur internally, as the company could establish a legal division dedicated to
ensuring compliance with regulations:

“Imagine a legal department, even within the company, analyzing screens created by
designers and business teams. If they find a non-compliant dark pattern, they can warn
the teams to avoid it” (P13).

7 DISCUSSION
This section revisits our findings by discussing design considerations on the Figma plugin, the
potential integration of the plugin into design workflows and the designer’s role in contextualizing
and mediating its suggestions, and the need for new regulatory initiatives to promote digital
well-being through design.

7.1 Design Considerations on the Figma Plugin
In our work, we chose to develop and evaluate an LLM-driven tool to provide a tangible proof
of concept, allowing us to gather actionable feedback from designers and experts on its real-
world applicability. Specifically, our choice of using a general-purpose LLM for ACDP detection,
rather than a purpose-built classifier, reflects the goals of this work as an exploratory, design-
oriented system rather than a high-performance detection pipeline. Prior work has demonstrated
that dedicated classifiers can achieve strong performance on large-scale datasets of real-world
interfaces [9, 47], including capabilities such as precise localization and temporal pattern detection.
In contrast, our approach leverages an LLM to support a broader design space of interaction: beyond
classification, the model can generate explanations, suggest alternative designs, and participate in
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a constructive, in-the-loop dialogue with designers. Future work could explore hybrid approaches
that integrate purpose-built classifiers with LLMs, combining robust detection capabilities with
generative feedback and interactive support for designers.

Overall, our approach aimed to combine technical innovation with an exploration of its implica-
tions, bridging practical utility and conceptual discussions. Differently from alternative approaches
such as static design guidelines or checklists, our plugin dynamically shows ACDPs within concrete
interfaces, pairing them with design alternatives in a proactive way. Designers involved in our
study (Section 6) highlighted the potentials of such an approach, but also suggested valuable design
insights that could enhance the tool and inform future research on AI-powered design-support
systems.
A first promising enhancement could involve integrating a real-time feature where the LLM

continuously evaluates UIs against ACDPs while the designer works. Similar methods have been
investigated in other domains. Lawton et al. [38], for example, introduced an interface enabling
designers to collaborate with generative AI in real-time to create sketch drawings. Another valu-
able addition towards effective iteration would be a memory feature to retain information from
previous scans. The importance of AI-powered design tools that contextualize current projects
status based on prior versions has been emphasized in research, for instance by Vaithilingam et
al. [70]. Incorporating such a memory feature would allow the LLM to reference designers’ earlier
efforts when addressing ACDPs, reducing redundant detections, offering personalized support, and
mitigating frustration.
During the study, designers also expressed concerns about the plugin’s overly assertive tone

and its lack of transparency regarding its reliance on the LLM. This tension suggest that feedback
should be sufficiently assertive to disrupt habitual practices, yet sufficiently tentative to preserve
designer agency. Previous research by Li et al. [40], which explored UX practitioners’ perceptions of
generative AI, emphasized the importance of attributing ownership to AI-generated outputs. In this
context, it would be beneficial for the plugin to explicitly communicate that ACDPs detections and
alternative design suggestions are AI-generated, e.g., by displaying confidence levels, while noting
that ACDPs definitions are derived from academic sources. Additionally, the plugin should clearly
articulate its limitations, such as its inability to compare multiple screens analyzed simultaneously
and its lack of the contextual understanding. These limitations align with findings by Duan et
al. [18] regarding LLM-generated heuristic evaluations.

Designers also suggested that the plugin could support collaboration by enabling them to share
their projects and ACDP detections with colleagues worldwide through a community section.
This feature would allow designers to seek a “second human opinion” on ACDPs detection and
alternative suggestions, engage with others’ projects, and stay informed about emerging trends in
attention-capturing design they need to be aware of. While the concept of sharing work-in-progress
projects with a broader community is not novel, it has been demonstrated to be effective. For
example, Kim et al. [31] developed an online platform for illustrators to share snapshots of their
work, showing that such environments can help creators reflect on their creative processes. Their
findings suggest that similar approaches could be applied across creative domains, including design.

7.2 The Designer’s Role and Integration into Existing Workflows
Our findings highlight the broader implications of integrating such tools into design workflows.
Our evaluations with experts in damaging designs and designers suggest that plugins like ours
could be beneficial throughout the design process and beyond, from initial ideation to scenarios
where plugin’s outputs are used as educational resources, e.g., for junior designers. Interestingly,
both experts and designers observed that the occurrence and severity of an ACDP in a given UI
are context-specific, depending on factors like the platform type, target population, and other
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screens. We hypothesize that in real-world scenarios, designers—as the creators of the UIs under
analysis—would possess the necessary contextual knowledge. Indeed, our findings suggest that
our plugin may support designers in exercising informed judgment on ACDPs without requiring
expert-level inspection. Thus, we consider the designer to be themediator of the plugin’s detections
and suggestions, ultimately deciding whether and how to incorporate them into their work before
the project is moved to other departments within the company.

This framing positions designers as ethical agents who interpret, translate, and negotiate values
within organizational contexts, in line with prior work on ethical mediation in design practice [26].
Accordingly, we envision our plugin as a digital-wellbeing assistant that operates in the loop,
raising awareness of ACDPs and supporting their detection and discussion among designers and
within organizations, rather than enforcing specific design choices. This approach resonates with
Peters’ work on wellbeing-supportive design, which emphasizes that supporting users’ wellbeing
requires dialogue and shared consensus within design teams [59].

At the same time, promoting digital wellbeing through design remains structurally constrained
by tensions between organizational business metrics and user wellbeing. Consistent with critiques
of the attention economy, we treat ACDPs not as isolated design flaws but as structural outcomes
of this business model. Designers in our study were aware that current engagement metrics embed
normative assumptions about success, often leaving limited room to contest potentially harmful
practices without institutional support. While our plugin surfaces alternative design choices that
may mitigate the harms of ACDPs, their adoption therefore depends on how companies reconcile
these alternatives with engagement-driven KPIs that frequently normalize attention-related harms
as part of routine design decision-making.

In this context, several participants described the plugin less as a solution to this tension and more
as a boundary object that enables designers to surface, articulate, and negotiate design decisions
related to users’ digital wellbeing within organizations. By making ACDPs explicit, naming their
associated harms, and proposing functionally equivalent alternatives, the plugin provides concrete
artifacts that designers can mobilize in discussions with product managers and other stakeholders,
particularly at earlier stages of the workflow, when alternatives are still negotiable. In this sense,
the tool may support designers who already seek to address social values in their work by enabling
what Wong [73] describes as “tactics of soft resistance,” rendering attention-related harms more
visible and harder to dismiss during design deliberations. Similarly, in relation to the design tensions
described by Watkins et al. [71], the plugin may function as a tangible instrument through which
designers attempt to influence corporate culture, rather than having their ethical concerns routinely
“nullified” or “suppressed.”

Encouraging designers to critically reflect on attention-capturing elements within their interfaces
may also prompt them to reconsider choices that are often introduced “out of habit.” This is
particularly important given emerging regulatory approaches, which increasingly focus on the
effects and harms of dark patterns rather than designers’ intent [67].

Overall, fostering discussion around ACDPs through our plugin can helps shifting the focus from
short-term metrics toward longer-term considerations. For example, designers in our study noted
that micro-friction interventions may initially frustrate users and reduce engagement, potentially
lowering short-term economic performance. Yet such frictions can also prevent more severe or
prolonged user dissatisfaction, leading to more positive and meaningful digital experiences over
time. We hypothesize that users may be willing to accept these short-term trade-offs in favor of a
more positive, meaningful digital experience. Indeed, research shows that users are increasingly
aware of the negative effects of the Attention Economy and are actively seeking tools to improve
their digital habits [44, 52, 69]. From an optimistic economic perspective, focusing on meaningful,
wellbeing-oriented design may foster greater user loyalty over time and greater long-term user
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engagement, even if it leads to temporary declines in short-term engagement [17]. This approach
suggests that prioritizing digital wellbeing could benefit both users and companies in the long run,
aligning ethical design with sustained business success.
That said, we acknowledge that prioritizing digital wellbeing can be challenging. As such, the

next section examines the importance of establishing new regulatory initiatives to reinforce our
approach.

7.3 Towards New Regulatory and Legal Environments
Recently, Sánchez Chamorro et al. [65] highlighted that addressing the complex challenges of with
dark patterns and their associated harms requires a collaborative, interdisciplinary approach. In
line with recent work at the intersection of HCI and law [17, 67], we emphasize that our work
should be complemented by collective action and stronger regulatory interventions. Indeed, while
policymakers and regulators are increasingly recognizing the harms caused by certain design
patterns, particularly in the areas of privacy [22] and data sharing [19, 20], how to regulate ACDPs
remains an open question, especially when it comes to “seductive” patterns like infinite scroll and
content autoplay [57]. Indeed, as recently reported by Santos et al. [67], the harms caused by these
kinds of dark patterns have not been thoroughly examined from a legal perspective, and users
are still “exposed to dark patterns that cost their time, attention, cognitive capability, among others,
without remedy” (p. 2).
Recent ontologies and taxonomies [30, 57], along with new frameworks classifying the harms

caused by these designs [67], are helping to bridge the gap between designers, technologists,
regulators, and legal professionals [30]. We posit that ACDPs and their harms, like other types
of dark patterns, could potentially be legally recognized and enforceable across existing legal
initiatives, such as those currently in effect in Europe, including the GDPR [21], Digital Services
Act [11], Artificial Intelligence Act [19], and Data Act [20].

Article 25 of the DSA [11], for instance, prohibits the design of online interfaces that deceive or
manipulate users in ways that materially distort or impair their freedom of choice. This general
mandate provides a plausible regulatory hook for several ACDPs, ranging from infinite scroll
to neverending autoplay. Complementarily, Article 27 establishes transparency obligations for
algorithmic recommender systems, requiring platforms to disclose information about the “main
parameters” shaping content curation and to offer users meaningful options to modify or opt out
of personalised recommendations.

In parallel, Article 5 of the AI Act [19] bans certain AI practices outright, including systems that
deploy subliminal techniques or exploit users’ vulnerabilities (e.g., related to age or disability) in
ways that materially distort behaviour and cause harm. Because ACDPs often rely on exploiting
psychological vulnerabilities and cognitive biases, some of these patterns could plausibly fall within
the scope of this prohibition. More broadly, the AI Act articulates a principle that AI systems should
not covertly coerce, exploit, or unfairly manipulate individuals, and introduces specific transparency
obligations—for example, requiring AI systems that interact with humans (e.g., chatbots or virtual
assistants) to disclose their AI nature—which resonates with ACDPs such as fake social notifications.

This regulatory recognition could encourage the adoption of established ethical design practices,
providing our plugin with standardized “bright patterns [66]” as design alternatives that promote
users’ digital wellbeing.

7.4 Limitations and Future Works
While our findings are encouraging, it is important to acknowledge certain limitations that, although
constraining the generalizability of our approach, also point to valuable directions for future
research.
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7.4.1 Extending Conceptual and Methodological Horizons. Our plugin aims to improve digital
wellbeing by supporting designers in finding viable and healthier design alternatives to ACDPs.
However, we recognize that digital wellbeing is a complex and socially constituted issue that
extends beyond the scope of user attention. Consequently, while our approach provides a tangible
starting point for promoting healthier design practices, it can be complemented by further research
addressing the deeper socio-political and economic factors driving the commodification of attention
and data.

Our work represents one of the first attempts in digital wellbeing research to shift the focus from
an end-user-centric perspective—which has been found to be both ineffective in the long term [64]
and overly simplistic [17]—to the design community, as we do believe that better design—one that
supports users’ sense of agency—has the potential to enhance digital well-being. Yet, we have not
explored how following the plugin’s suggestions might influence user behavior or digital wellbeing
outcomes. Future work should address these gaps through rigorous user studies that empirically
evaluates the impact of the suggested design alternatives on end users, providing insights into their
efficacy in promoting meaningful technology uses.

7.4.2 Future Directions in Empirical and Technical Development. While we sought diversity in
the areas of expertise and geographical backgrounds of the dark pattern experts involved in our
study, their limited number inevitably constrains the breadth of perspectives represented. Future
work should therefore extend this evaluation to a larger and more diverse panel of experts across
industries and geographies to strengthen the generalizability of the findings.

Similarly, the study with UI/UX designers was primarily conducted with a relatively small group
belonging to specific cultural context. Given that the participant pool was culturally homogeneous,
the findings should be interpreted with caution regarding cultural perceptions of ACDPs. Future
work should recruit a more globally diverse group of designers to better capture cross-cultural
perspectives. Furthermore, although we encouraged designers to freely experiment with the plugin,
we used pre-built prototypes from the UIs dataset for both studies to streamline the process.
Consequently, aside from participants’ qualitative feedback, we did not capture the impact of the
plugin in a more realistic design scenario, where designers would start with a concept and create
UI mockups from scratch. Future works should observe designers working on real-world projects
to provide a more ecological assessment of the plugin’s impact on actual design decisions and
workflow integration.

These studies would be also helpful to further assess the approach over time. A potential
contradiction emerging in our work, indeed, concerned the generally positive quantitative ratings
of the plugin’s suggestions and the more critical accounts articulated in designers’ qualitative
reflections, particularly in relation to habituation effects, business constraints, and longer-term
adoption. We interpret this as an indication that designers valued the conceptual direction and
reflective affordances of the tool, even when specific design alternatives were perceived as requiring
further refinement or negotiation. However, we acknowledge that initial ratings may have been
shaped by novelty and desirability effects, as is often the case with early-stage design tools.
From a technical perspective, our quantitative evaluation of the detection prompt is subject to

important limitations. In particular, the use of a small dataset of mockups derived from canonical
examples of ACDPs, combined with prompting the model using the same taxonomy, introduces a
degree of alignment between the evaluation data and the model’s instructions. While this setup
enables controlled comparison across prompt configurations, it does not reflect the variability and
ambiguity of real-world interfaces. Furthermore, we tested a single LLM (GPT-4o) as a tool to detect
ACDPs within UIs and suggest design alternatives. As landscape of LLMs is continuously evolving,
we cannot exclude the possibility that other models might perform better. Furthermore, current
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limitations in LLMs forced us to evaluate static screenshots (one at a time), preventing the plugin
from assessing interactivity. We acknowledge that several ACDPs are inherently temporal, with
their harmful qualities emerging through repeated interaction or transitions over time rather than
from a single interface state. Recent work [29] shed light on temporally sensitive dark patterns.
In our domain, patterns like Pull-to-refresh, Infinite Scroll, or Attentional Roach Motel rely on
microinteractions, reward timing, and evolving user commitment, and therefore may not be fully
captured in static representations. In contrast, other ACDPs such as Disguised Advertisements
and Fake Social Notifications are often legible from a single screen. Our approach therefore prior-
itizes early-stage, static indicators of potential ACDPs, positioning the plugin as a reflective aid
rather than a comprehensive detection system. We see this work as complementary to temporally
informed analyses of dark patterns such as the one proposed by Gray et al. [29], suggesting future
opportunities to integrate these two approaches, for example through enhanced prompting with
interaction annotations or video-based analysis with human-in-the-loop involvement.

8 CONCLUSIONS
This paper presented an LLM-powered Figma plugin that helps designers detect ACDPs and discover
alternative designs that may safeguard users’ time and attention. We refined and evaluated our
approach through a series of studies, namely a performance analysis of our multi-modal prompting
technique, an expert assessment of the LLM’s outputs, and a user evaluation of the plugin with 15
professional UI/UX designers. Findings suggest that the plugin can inspire designers to reconsider
their choices early in the design process and highlight the tool’s potential to support the negotiation
of alternatives to ACDPs within companies. Through the mediation of the designer and, ideally,
new regulatory and legal initiatives around ACDPs, we envision our plugin being integrated into
current design workflows, thereby making digital wellbeing a critical design dimension.
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