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Communicating the risks and benefits of Al uses is crucial for regulatory compliance and increasing public
awareness, but its effectiveness is currently limited to individuals with technical expertise and often presented
in highly specialized impact assessment reports. Drawing upon the HCI and CSCW literature on making
complex concepts broadly accessible, we propose an impact assessment card for communicating the risks
and benefits of Al uses in a way that is accessible to individuals without technical expertise. Through an
iterative design process, we conducted three focus groups with a total of 12 participants who identified design
requirements for an impact assessment card and designed a set of speculative cards. We then reviewed these
speculative cards and iteratively produced the final version of the card. We evaluated this card’s effectiveness
for conducting a real-world task, that is, to write an email to either recommend the implementation of a
hypothetical Al system or advising against it, and compared the task’s outcomes (i.e., email quality, efficiency,
usability, and preference) against a baseline fully-fledged report in an online study with 235 participants
grouped in three cohorts: Al developers; compliance experts; and ordinary individuals who reflect US census
in terms of age, sex, and race. After controlling for the type of cohort and task, as well as our participants’
expertise in Al and technology more broadly, we found that the most significant difference in the task’s
outcomes was attributed to the use of card or report. In fact, across all three cohorts, the card was found to
be more usable and effective; participants spent less time on executing the task at hand and wrote emails of
higher quality. Surprisingly, the card not only helped ordinary individuals but also proved useful to developers
and compliance experts—two cohorts that are already attuned to the impact assessment process and frequently
use reports as part of it. We reflect on the role of HCI in further refining the card through the use of color,
language, and metaphorical representations, aiming to break down barriers to understanding the risks and
benefits of Al uses and, ultimately, transforming impact assessment cards into a standardized tool for Al
governance.

CCS Concepts: « Human-centered computing — Interactive systems and tools; Collaborative and
social computing.
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1 Introduction

The transformative potential of Al in society requries a thorough understanding of its risks and
benefits [43, 86], with policymakers advocating that by providing public with algorithmic advice will
improve risk predictions, and, in turn, lead to better and fairer algorithmic decisions [25, 33]. This
need has led to the creation of fully-fledged impact assessment reports as a way of identifying and
mitigating potential risks associated with Al systems, and communicating AIl’s potential benefits to
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2 Anon.

individuals, society, and the environment [56]. Producing such reports requires an in-depth grasp
of the Al system, from its initial ideation to its real-world deployment. This includes knowledge of
the training data, the underlying algorithms, and the effects these systems might have on society
and environment. Moreover, it is essential to effectively share this knowledge with all parties
involved, including legal entities and the general public, whose rights are often affected by the Al
systems [67]. As Al governance continues to evolve, impact assessment report is set to become a
legal requirement. The forthcoming EU Al Act, for example, will require detailed reports on the
impact of high-risk Al uses on human rights, the environment, and the public interest [20]. These
reports aim to increase transparency regarding Al functionalities, hold corporations accountable
for the ethical and societal consequences of their Al systems, and allow ordinary individuals to
comprehend the risks and benefits of Al uses to make informed decisions about its adoption.

However, a recent review of more than 300 Al auditing tools found that discovering harms
within Al systems and effectively communicating these harms have received far less attention than
evaluating the technical performance of those systems [65]. Current reports on Al impact assess-
ments, often filled with technical jargon [50], are mainly aimed at experts and can alienate ordinary
individuals impacted by AI’s societal integration. This creates a barrier to wider understanding
and participation in Al-related discussions. Therefore, it is crucial to explore new methods of
communicating the risks and benefits of Al uses that are inclusive and understandable to everyone.

Drawing from the HCI and CSCW literature, as we shall see in §2, we aim to simplify and
communicate complex concepts pertaining to Al uses for broader public consumption. For example,
the use of simple and clear language, icons, metaphors, and color coding can make complex Al
information more accessible to ordinary individuals [31, 34]. With that aim in mind, we made two
main contributions:

(1) Through an iterative design process, we conducted three focus groups with 12 participants
who identified design requirements for an impact assessment card, and designed a set of
speculative cards. The design requirements were grouped into two main categories: those
related to the information (i.e., what the card should contain), and those related to the
design (i.e., how the card should convey the information). By reviewing these speculative
cards and soliciting feedback from the research team, we designed our impact assessment
card (Figure 1, §4).

(2) We evaluated our card’s effectiveness for conducting a real-world task (e.g., a compliance
expert typically writes emails to the ethics committee, recommending implementation of an
Al or advising against it), and compared it against a baseline impact assessment report in an
online study with 235 participants across three cohorts: Al developers, compliance experts,
and ordinary individuals who reflect US census in terms of age, sex, and race (§5). We
found a strong preference for the card across the three cohorts, with ordinary individuals
expressing the highest favorability. Its user-friendly and accessible format not only allowed
for faster reading times but also enabled participants to execute the task more efficiently,
resulting in higher-quality emails.

We conclude by discussing how impact assessment cards can help assess Al risks, communicate
its benefits, and support Al governance. Additionally, we explore design opportunities and potential
applications of the cards across various contexts (§6).
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System's name

SYSTEM'S DESCRIPTION

Concise overview of the system's purpose, Risk summary bar

deployer, affected subject, application domain,  indicating the system's

and key technical capability overall risk classification
under the EU Al Act

BENEFITS (minimal, limited, high, or

List of benefits for three stakeholder types, unacceptable risk)

with Bl marking who enjoys each

Y Explanation of the
G o 3 00“%:‘@«‘ system's risk classification
S oo o™
SN
Beneft O W W Card's last update date
Benefit " E B
RISKS MITIGATION STRATEGIES
List of risks for three stakeholder types, with Wl marking who faces each
and potential mitigation strategies
Capability risk Mitigation O W M
Human interaction risk Mitigation W O W
Systemic impact Mitigation ® W W
SYSTEM'S DATA PERFORMANCE OF MODELS ON DATA
List of essential and non- List of data, model name and version,
essential data collected and evaluation metrics and results
REPORTING RISKS CERTIFICATES ~ REGISTERED OFFICE

Fig. 1. Template of the impact assessment card. The top section shows the system’s name, intended purpose,
and overall risk classification under the EU Al Act. The middle section covers benefits, the risk management
framework with combined risks and mitigation strategies, and technical details on data and models. The
bottom section details reporting mechanisms, registered office, and compliance certifications.

2 Related Work

Next, we surveyed various lines of literature that our work draws upon, and grouped them into
two areas: a) ways of communicating Al uses’ risks and benefits to technical roles (§2.1); and b)
HCI and CSCW literature concerned with communicating multi-faceted and complex concepts to
ordinary individuals (§2.2).

2.1 Communicating Risks and Benefits of Al Uses to Technical Roles

Numerous responsible Al artifacts—defined as processes, tools, documentation templates, and other
resources designed to support the ethical creation and use of Al [44]—have been developed for data
and model evaluation. However, these artifacts tend to focus more on facilitating risk and benefit
communication among technical roles such as developers and engineers [3, 18, 53, 90]. Gebru
et al. [29] introduced “datasheets for datasets” for comprehensive dataset descriptions including
test key features, test outcomes, and potential biases. Similarly, Bender et al. [4] proposed “data
statements” for dataset demographic overviews. For standardized model information, Mitchell
et al. [59] suggested “model cards”, describing the uses, performance, biases, and limitations of
machine learning models. However, a study on completion rates of the cards for HuggingFace’
models [50] showed that developers often prioritize completing information on training details,
neglecting environmental impacts and evaluations.

Expanding on these artifacts, the prevalent method of communicating the risks and benefits
of Al systems to technical roles is through impact assessment reports. Stahl et al. [78] described
the impact assessment process as a systematic approach to comprehend the potential positive or
negative consequences of an Al system. This process typically entails detailing the Al system’s
intended use and benefits, evaluating risks, and formulating mitigation strategies. For example,
Responsible Al impact assessment template [57] includes system information, identified risks,
mitigation measures, and an impact summary. The algorithmic impact assessment [62] further
delineates system information into system tasks and operational contexts and categorizes risks as
either organizational or those stemming from third-party technologies. These elements are also
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4 Anon.

relevant in specialized fields, evidenced by the algorithmic impact assessment for Al in healthcare [2].
Collectively, these serve as the state-of-the-art example reports for detailing and communicating
the risks and benefits of Al systems.

However, the EU Al Act [20] will mandate documenting impacts not at the dataset, model, or Al
system level, but for a specific Al system’s use, which can be detailed through five components [30]:
purpose (the Al’s intended goal), Al deployer (the entity managing the AI), Al subject (individuals
or groups affected by the Al), capability (the Al's technological feature), and domain (the sector of
Al use). To help communicate risks and benefits in this format, Hupont et al. [38] proposed “use
cards” that list, among other information, the system’s intended use, impacted stakeholders, and
Sustainable Development Goals to be supported by the use [85].

2.2 Communicating Multi-Faceted and Complex Concepts to Ordinary Individuals

Communicating AI’s risks and benefits to the general public is challenging; however, HCI and
CSCW studies provide strategies to simplify these complex concepts for non-experts [26]. Scientific
sketchnotes by Fernandez-Fontecha et al. [22] combine notes and sketches to introduce complex
scientific topics for the layperson. Shen et al. [75] redesigned confusion matrices for binary clas-
sification to improve non-experts’ understanding of machine learning model performance. They
found that by contextualizing terminologies and using flow charts to indicate data reading direction
significantly improved comprehension. Similarly, Kehrer and Hauser [45] explored various tech-
niques for visualizing multifaceted scientific data such as abstract representations, data aggregation,
and the strategic use of texture and color. The addition of color, particularly red, has been shown
to significantly increase perceived risk, a phenomenon observed across multiple cultures despite
limited cross-cultural studies [92]. Orange and yellow are the next most commonly used colors for
marking risk after red, although people often find it difficult to distinguish which of the two conveys
a higher level of risk when used together [92]. Additionally, using prominent typography further
enhances the memorability of risk warnings [93]. The length of an artifact (e.g., a card) has also
been linked to the comprehension and perceived trustworthiness of an Al. When testing shorter
and longer versions of their AT Model Cards among non-experts, Bracamonte et al. [6] found that
longer versions of the cards were considered less understandable and interpretable compared to a
short version. However, they also found that the short version had a slightly negative effect on the
perceived trustworthiness of the AL Moreover, Kawakami et al. [44] identified additional challenges
in ensuring that Responsible Al artifacts such as “datasheets for datasets” [29], effectively serves
non-technical stakeholders, including regulators and civil society organizations. These challenges
include a misalignment between the technical details provided and the specific decision-making
needs of these stakeholders, insufficient clarity in conveying the real-world implications of Al risks,
and limited opportunities for stakeholders to evaluate the artifacts. These barriers highlight the need
for resources that not only simplify complex Al concepts but also actively engage non-technical
actors in the broader governance ecosystem [16, 74]. For example, the Al Failure Cards present
real-world AI failures through comic strips that illustrate their impact [81]. They also include
structured elicitation questions that help non-technical stakeholders such as frontline workers,
service providers, and impacted individuals propose mitigation strategies.

Metaphors are a key tool designers use to shape and influence user expectations effectively
or communicate complex information, especially in human-AI collaboration scenarios [46]. One
such a metaphor is the use of labels to highlight specific attributes of products or services, aiding
consumers in making informed choices. This practice is prevalent in sectors such as agriculture [32],
food [41], and energy [77]. For example, “nutrition labels” in the food industry offer a simplified and
comprehensible way for consumers to understand a product’s nutritional value. Similarly, an impact
assessment card for Al systems should distill complex information into a format that helps ordinary
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Impact Assessment Card: Communicating Risks and Benefits of Al Uses 5

individuals to understand the risks and benefits of Al uses such as trade-offs between accuracy
and fairness of models [27]. Al Nutrition Facts [84] adopted the metaphor of “nutrition labels” to
describe Al services, covering aspects like model type, data use, data retention, privacy practices,
and human oversight. Similarly, Open Ethics Label [66] uses the metaphor of “energy label” to
disclose details about Al services, including training data provenance, source code, algorithms, and
their types of reasoning.

While detailed information is often available on the back of food packaging (similar to how
information about Al uses’ risks and benefits is presented in full-fledged reports), it can be overly
complex for many consumers. This complexity mirrors the challenges end-users encounter with
AI documentation. The use of icons [73], charts [27, 54, 69], and straightforward language [28]
can render this information more accessible to a diverse audience [31, 34]. For example, using
labels with absolute instead of relative rates and conveying probabilities with frequencies (e.g., “3
out of 10”) instead of percentages (e.g., “30%”) improves understanding of risks in low-numeracy
audiences [26]. Deliberate design choices can help not only in conveying the risks and benefits of a
product but also in enhancing trust in it [26, 27, 83].

Research Gap. In summary, previous research on communicating the risks and benefits of Al uses
has mainly targeted technical audiences, relying primarily on detailed reports. Despite this, the field
of HCI and CSCW provides a rich repository of strategies that can be leveraged to create artifacts
designed for a wider audience. Our work seeks to bridge this gap by designing and developing an
impact assessment card aimed at communicating the risks and benefits of Al uses to both technical
and non-technical roles.

3 Author Positionality Statement

Before presenting our impact assessment card, we clarify our positionality to enhance understanding
of the methodology, study design, data interpretation, and analysis [15]. We are situated in a Western
country in the 21% century, contributing as authors who are predominantly engaged in research
within academia and industry at a large technology company.! We have contributed to the design,
development, and implementation of tools supporting Responsible Al, including guidelines and
toolkits. Our team includes four members—two women and two men—from Southern and Eastern
Europe, representing diverse ethnic and religious backgrounds. Our combined expertise covers
Responsible Al human-computer interaction (HCI), data visualization, artificial intelligence, and
natural language processing. These experiences and backgrounds influenced our data interpretation,
the way we incorporated participant feedback into the template’s design and development, and the
choice of real-world tasks. We recognize the importance of expanding the perspectives presented in
this paper and encourage future contributions from individuals with diverse backgrounds, especially
those from beyond academia and industry.

4 Design the Impact Assessment Card

To design the impact assessment card, we followed a two-step method that combined insights from
existing literature with findings from design activities. First, we reviewed prior studies to identify
14 design patterns commonly used to communicate the risks and benefits of Al applications, which
provided a foundation for subsequent speculative design activities conducted in three focus groups
(§4.1). Second, we iterated on the outcomes of the focus groups, which included 12 speculative card
designs and 8 design requirements. We analyzed the card designs to obtain a preliminary version
of our card and then addressed the design requirements to prepare its final version for the user
study (§4.2).

IREDACTED FOR BLIND REVIEW.
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6 Anon.

Table 1. Participant demographics of the three focus groups. GID: focus group identifier; PID: participant
identifier; Role: Al developer (Rp), compliance expert (R¢), and ordinary individual (Rp).

GID PID Age Gender Role Institution Location
P1 29 F Re Academia UK

G1 P2 25 M Rp Academia UK
P3 34 F Ro  Industry Germany
P4 28 M Rp  Industry UK
P5 26 F Ro Academia UK

G2 P6 59 M Ro Industry  Belgium
P7 27 M Rc Academia UK
P8 35 F Rp  Industry UK
P9 33 M Rp  Industry UK

G3 P10 26 F Ro Industry  Portugal
P11 25 F Re Academia UK
P12 27 M Rp  Academia UK

4.1 Identify Design Patterns From Literature and Conduct Speculative Design Activities
in Focus Groups

4.1.1 Identify Design Patterns From Literature. We started by analyzing three systematic literature
reviews that compile tools for communicating Al risks and benefits, as well as labels for trustworthy
Al [12, 65, 80]. We extracted an additional set of 4 design patterns from these papers such as
nutrition labels for datasets [36], icons for Al legibility [52] or certificates for machine learning
methods [60]. Finally, we reviewed studies in agriculture [32], food [41], and energy [77], where
labels have been effectively employed to communicate complex information to consumers. This
review resulted in one additional design pattern. For the food and energy domains, we did not find
any new patterns, as the food metaphor was already used in nutrition labels for datasets [36], and
the energy efficiency metaphor was used in the Al ethics label [80]. The only new pattern came
from the agricultural domain and was a data hazard label, inspired by chemical hazard labels such
as those for flammable substances [94].

We grouped the 14 design patterns derived from the literature into two categories (Appendix A.1,
Figure 6): visual representation (i.e., common visual elements for communicating Al uses’ risks and
benefits), and layout (i.e., how visual elements are combined together). For visual representation,
we identified the use of textual descriptions, numeric values, links, tags, icons, charts, data samples,
checkboxes, and metaphors (e.g., traffic lights). For the layout, we identified the use of lists, tables,
rankings, grids, and groups. The list of the design patterns may not be exhaustive but rather served
as a kickstarter in the speculative activities during the focus groups. To facilitate similar activities,
we made the the list available at https://anonymous.4open.science/r/AIIA_Card.

4.1.2  Identify Design Requirements and Design Speculative Cards in Three Focus Groups.
Participants. We used snowball sampling and started from identifying initial participants (5)
through an internal mailing list at a large tech company. These participants were asked to refer
additional participants from their own networks, expanding the sample size through successive
referrals. We recruited a total of 12 participants (6 female, 6 male, with a median age of 27.5 years
old) representing three different cohorts: Al developers (5), compliance experts (3), and ordinary
individuals (4). We then conducted 3 focus groups of 4 participants each, ensuring each group had
at least one participant from each cohort (Table 1).
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Impact Assessment Card: Communicating Risks and Benefits of Al Uses 7

Procedure. The focus group consisted of four phases: briefing, a brainstorming task, a speculative
design task, and debriefing. During the briefing, participants were introduced to the concept of
impact assessment cards, along with two examples to familiarize themselves with the topic: Al
Nutrition Facts [84] and Open Ethics Label [66], which provide descriptions of Al services in the
style of “nutrition labels” and “energy labels, respectively”. They then moved to a Figma board
environment [23] to engage in the tasks.

During the brainstorming task, we aimed to surface the needs of different cohorts for the impact
assessment card. It started with an idea generation session where participants used notes to
brainstorm about their needs in terms of the card’s functionality, specific tasks they think the
card will assist with, information content, and format. This was followed by categorizing the ideas
into four types of requirements: “must have”, “should have”, “could have”, and “won’t have”. This
categorization is based on the MoSCow method for managing trade-offs during product design [1].
Must-have requirements describe critical features; should-have indicate important but not critical
features; could-have describe desirable features (e.g., which could improve user experience); and,
won’t have indicate features that have been considered but explicitly decided against.

During the speculative design task, we aimed to surface visual representations of the impact
assessment cards that align with our participants’ needs identified in the brainstorming task.
Participants were first asked to read a report that documents the risks and benefits of a hypothetical
Al system for identifying crime hotspots in public spaces using CCTV footage. Informed by previous
studies [51, 70], the use of a hypothetical system with real-world applicability served as a way to
help participants contextualize their speculative designs. Participants were then introduced to the
14 design patterns derived from the initial literature review (Appendix A.1, Figure 6), and given
five minutes to review all patterns. Finally, they were asked to create a speculative design for an
impact assessment card for the hypothetical system. They could either build upon the existing
patterns or propose new ones. Participants were instructed to sketch their design using pen and
paper, photograph it, and upload it to the Figma board. At the end of this task, each participant
explained their design choices.

The focus group ended with a debriefing to summarize the main ideas that emerged and provided
an opportunity for participants to share any final recommendations for the card. Each group session
lasted 1 hour, and was both video and audio recorded upon consenting participants. The audio
was automatically transcribed by the video conferencing software. The study was approved by our
organization.?

Analysis. To derive design requirements, we conducted a qualitative analysis of the recordings
and audio transcripts of the focus groups, which include participants’ expressed ideas during the
brainstorming and speculative design tasks and debriefing sessions. Two authors thematically
analyzed these ideas following an inductive approach [7, 55, 58, 71]. The authors used Figma [23]
to collaboratively create affinity diagrams based on these participants’ inputs. Over the course of
six meetings, totaling 16 hours, they discussed and resolved any disagreements that arose during
the theme analysis process. From each resulting theme, the authors derived a design requirement
and provide example(s) how our participants’ phrased the requirement.

Results. Our participants envisioned a wide range of potential uses for the card, including compar-
ing the quality of different Al-based services (2 mentions), understanding the safety of Al-based
services before deciding to purchase or subscribe to them, often under time pressure (4 mentions),
and contacting relevant authorities or support teams for concerns when problems occur (4 men-
tions). To support these and similar uses, participants identified eight requirements for the card.
We grouped them into two main categories (Table 2): those related to the information (i.e., what

2REDACTED FOR BLIND REVIEW.
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Table 2. Eight design requirements identified during the focus groups, grouped into those on information
and on design, along with implementation decisions for the preliminary (A) and final (B) version of the card.

Theme

Design Requirement

Implementation Decision in A
(Preliminary Version)

Implementation Decision in B
(Final Version)

Requirements on information

Data R1. Show information about the system’s | Add a table with icons and tags to | Replace the table with the
data, distinguish between its essential and | distinguish between data types heatmap of data types
non-essential, and personal identifiable
and document later uses of the data

Model R2. Show information about models and | Add a table detailing model | Align the model table with the
its performance names, versions, and accuracies | heatmap of data types

Benefits R3. Show information about the system’s | Add a list of benefits for direct | Replace the list with the heatmap
benefits enjoyed by individuals and the | stakeholders (AI deployers using | of stakeholders enjoying the ben-
environment influenced by the system the system and AI subjects af-| efits

fected by the system) and indirect
(related institutions and environ-
ments)
Risks and . . s . . . . e
e R4. Show information about system’s | Add a list of risks and a list of | Combine the two lists into a ta-
Mitigations

risks faced by individuals and the envi-
ronment influenced by the system and
potential mitigation strategies

mitigations for direct and indirect
stakeholders

ble with risks, mitigations and the
heatmap of affected stakeholders

Reporting and
Governance

R5. Show information about reporting
mechanisms and who it’s responsible for
its governance

Add two sections for reporting
mechanisms and compliance cer-
tifications

Combine sections and include the
registered office address

Requirements on design

Aq ibl . . . . . -
ceessibie R6. Use accessible textual and visual com- | Use concise language, avoid tech- | Add concise description of the
Communication - . .. . . . . .
munication for quick decision-making nical terms, add summary bar | system including the direct stake-
with the system’s risk classifica- | holders, refine the summary bar
tion and provide its explanation
Accessible R7. Use medium that is accessible both | Link the card with a QR code to | Improve the contrast ratios in the
Medium physically and digitally even by people | a longer version of the impact as- | summary bar
with different abilities and those visually | sessment report, ensure print and
impaired Braille compatibility, use high-
contrast design
Cultural . . . . . .
Inclusivity R8. Use inclusive textual and visual com- | Avoid the use of culturally sensi- | Remove the icons and tags for

munication for accommodating diverse
cultural perspectives

tive colors and icons

data types

the card should contain)—R1-5, and those related to the design (i.e., how the card should convey
the information)—R6-8. Regarding the information, we identified five requirements about the: data,
model, benefits, risks and mitigation strategies, and governance and reporting. Data is about ensuring
that card users are fully informed about the types of data the system collects to enable its use. For
example, P2, a developer, suggested that “the card should include what data an Al system accesses
about a certain user, how this data is used by the system (i.e., is it used to train the model or is it stored
and for how long)”. P1, a compliance expert, saw this section of the card as a way to “help people to
choose whether to provide their data for a system, as when signing up to a new service or purchasing
tech (e.g., Alexa, Notion Al)”. Model requirement is about making the inner workings of the system’s
models transparent to the users. P4, a developer, emphasize that the card “should specify all data
sources that the models have been trained on pass certain assessments, and report the models’ accuracy”.
Benefits is about informing users about the broader effects of the system, including its positive
impact on people and the planet. P9, a developer, expressed this need by stating ‘T want to see the
value of the system based on the collected data”. Risks and mitigation strategies are centered on
acknowledging and addressing the potential negative impacts or risks associated with the system’s
operation. P11, a compliance expert, stated that the card should report “what is the risk-level of
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DEVELOPERS (N=5) COMPLIANCE EXPERTS (N=3)

Fig. 2. Speculative impact assessment cards created by 12 participants (P1-12) during three focus groups
(G1-G3), sorted by cohort and layout.

the Al system (and how this risk level is decided)”. Similarly, P2, a developer, stated that “[the card]
should assist potential users of Al systems to quickly understand how ‘safe’ they are before deciding to
purchase or subscribe to them with a star-based rating”. Finally, governance and reporting is about
the system’s regulatory compliance, accountability mechanisms, and the availability of channels
for reporting concerns or risks. For example, P3, an ordinary individual, highlighted that “[the card]
should tell me straight away safe the product is and who certified it”.

Regarding the design, we identified three requirements about: accessible communication, accessible
medium, and cultural inclusivity. Accessible communication is about ensuring that all system-related
information is presented in a manner that is easily understandable and accessible to a wide range
of users. For example, P1, a compliance expert, stated that “the card should use language that is
understood by everyone”, while P8 and P6 stated that it should be “simple and straightforward” and
“understandable at a glance”, respectively. Accessible medium emphasizes the need for the system’s
information and reports to be accessible across various formats and platforms, catering to diverse
user needs. For example, P3, an ordinary individual, pointed towards the idea of providing “access
to more information about the product (e.g., QR Code)”. Similarly, P2, a developer, stated that the card
“should be available in both physical and digital form, depending on the type of system. An Al-powered
smart speaker should have the card printed on the box, but an online subscription-based Al system like
ChatGPT should have a digital equivalent shown to the user right before they complete registration’.
Finally, cultural inclusivity involves designing the system in a way that is considerate of and
respects diverse cultural backgrounds and perspectives. For example, P5, an ordinary individual,
expressed that “[the card] should be culturally sensitive (e.g. colors used to signify bad vs good)’.

4.2 Iterate on the Results of the Activities to Design the Impact Assessment Card

4.2.1 Review the Cards From the Speculative Activities to Obtain the Preliminary Version of the
Card. The speculative design task during the focus groups resulted in a set of 12 speculative
cards (Figure 2) for the crime hotspot analysis system. To demonstrate the generalizability of our
card across a variety of Al systems, we chose to implement the card for a similar system that
processes personal image data and is more often encountered by ordinary individuals—a biometric
supermarket checkout. To do so, we reviewed the set of cards designed by our participants, and for
each design requirement (Table 2), we devised a set of implementation decisions that guided our
initial card’s design for the biometric checkout system.

Implementation decisions for meeting requirements on information. To communicate
system’s data as per R1, we introduced a two-column table inspired by the data nutrition labels [36],
with one column for essential data (mandatory for system operation) and another for non-essential
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data (not critical for operation). Based on the speculative cards from P4, P5 and P8, each collected
data is listed as a row with an icon indicating its format (e.g., image icon for image data). Based on
P2’s and P11’s designs, each data is accompanied with tags indicating whether it contains personally
identifiable information (as defined by GDPR) and whether it can be potentially re-used in other Al
systems. To show model information as per R2, we created a section documenting the performance
of system models in accordance with the guidelines outlined for the model cards [59] and card
from P12. This section is also structured as a table, listing each collected data with corresponding
columns for the model’s name, version, and accuracy. While we primarily report on accuracy, the
table can be extended to include other relevant metrics (e.g., error rates or confidence intervals).
To communicate the benefits of the system’s use as per R3, we included a section listing these
benefits (as suggested by P2, P3, P11) across three stakeholders mentioned in the EU Al Act [20]:
direct Al deployers (those using the system) and Al subjects (those affected by the system) [30],
and indirect related institutions and environment. Using these stakeholders, we structured the
subsequent section to list stakeholder-specific risks of system’s use alongside potential mitigation
strategies, as per R4 and the cards of P3, P6, P10, P11. To facilitate reporting and governance as per
R5, we incorporated two sections: one providing information on reporting channels (e.g., dedicated
email, phone number) and another showing compliance certifications (as seen on cards by P5, P11,
P12) and a QR code linking to the full assessment report.

Implementation decisions for meeting requirements on design. To ensure accessible com-
munication as per R6, we refined the language to contain short phrases (maximum 50-65 characters
or 8-11 words) and non-technical terms (as seen on cards by P2 and P3). This resulted in a Flesch-
Kincaid Grade Level score of 11, indicating suitability for readers aged 16-17. Additionally, we
introduced a summary bar similar to those found on food labels and drawn on cards by P4, P10,
and P12, denoting the one-letter shortcuts for the system’s overall risk classification as per the
EU AI Act (with M for Minimal, L for Limited, H for High Risk, and U for Unacceptable risk). To
ensure accessible medium as per R7, we linked the card with a QR code (as suggested on cards P2
and P5), allowing digital access to the full impact assessment report in print- and Braille-friendly
formats. We further improved the card’s readability by opting for a high-contrast design, with
white background, ample white spaces, and black text in a 14-point sans-serif font with 125%
interline spacing to prevent text overcrowding (as in the medical leaflets [17]). To ensure cultural
inclusivity as per RS, we refrained from employing culturally sensitive or strongly expressive
colors and icons such as multiple shades of red for risk levels (visible on cards P4, P6). Instead, we
selected a consistent color scheme for our risk summary bar based on established guidelines for the
cross-cultural use of color in warnings [92]: red for unacceptable uses, dark orange for high-risk
uses, yellow for limited-risk uses, and blue for minimal-risk uses.

Figure 3A presents the first version of the card (nine sections). The top section contains the header
with the Al system’s name, its intended use, and a risk summary bar. The remaining sections are
organized into two columns. The left column consists of four sections addressing various types of
impact (benefits, risks, mitigation strategies) and providing information on reporting mechanisms.
The right column contains technical details (system’s data and model information), compliance
certifications, and a QR code for accessing the full impact assessment report.

4.2.2  Gather Recommendations From the Research Team on the Preliminary Version of the Card.
During the development of the card, the first author conducted five sessions with the research
team, progressively integrating feedback into new versions of the card. By the time version 4 of
the card was completed, all necessary feedback was implemented and we ceased further iterations,
enhancing the card as follows.
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Fig. 3. Impact assessment card: preliminary (A) and final (B) version. Both versions meet the 8 design
requirements identified during the focus groups: present information on the system’s data (R1), model
(R2), benefits (R3), risks and mitigation strategies (R4), and governance (R5), while ensuring accessible
communication (R6), medium accessibility (R7), and cultural inclusivity (R8). The final version was the result
of four design iterations in the team.

Recommendations for meeting requirements on information. To provide a clearer picture
of the system’s data (RI), we transformed the two-column table into a heatmap. Essential and
non-essential data is now displayed in a single column, with adjacent checkboxes replacing the
icons and tags. This format enables easier recognition of patterns (e.g., excessive collection) and
addition of new criteria (e.g., information about the source of data, licensing, real-time processing),
without breaking the card’s layout. To gain a better understanding of the model’s effectiveness (R2),
we aligned the model performance section with the data one. Each row of the data’s heatmap is
linked to a specific model that uses the data and its overall performance. This integration simplifies
the evaluation process. To improve the presentation of benefits (R3), we explored alternative ways
of grouping them. That is because we observed that the benefits were being repetitively listed
across the Al deployer and Al subject—direct stakeholders. Similarly to the data, we introduced a
heatmap with checkboxes for two key purposes: to clearly indicate the benefits that apply to each
stakeholder, and to allow for potential expansion of the stakeholders’ list. We also noted that, like
benefits, risks were repetitively listed across different stakeholders. To better contextualize them
as per R4, we made three iterations. First, we categorized them according to capability, human
interaction, and systemic risks, aligning with a framework for evaluating sociotechnical harms [91].
Next, for each risk category, we included a set of mitigation strategies. Finally, we used a heatmap
to indicate the relevance of each risk to stakeholders, after considering the mitigation strategies.
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These iterations resulted in one section presenting a holistic view of risk management, enabling
readers to see both the problem and the solution in one place. To improve the presentation of
reporting and governance information (R5), we restructured the section to combine risk reporting
methods and certifications, while also expanding it to include details about the registered office
(e.g., the official address of the legal entity responsible for the development and deployment of
the system). This helps to build confidence in the system’s transparency and adherence to legal
standards, reinforcing readers’ trust and assurance.

Recommendations for meeting requirements on design. To improve communication ac-
cessibility (R6), we made two iterations: expanding the header and introducing a corner box. In
the expanded header, we added a concise description outlining the system’s core aspects using
a five-component format [30]: the system’s purpose, the overseeing Al deployer, the affected Al
subject, the application domain, and technical capability enabling the use. In the new corner box,
we placed the risk summary bar, which we refined by replacing vague one-letter shortcuts with
clearer abbreviations. Below this bar, we provided explanations for each risk level (e.g., being high
risk), linked these to relevant articles from the EU AT Act. We also incuded a QR code for the full
report and the date of the card’s last edit.

We also refined the language describing the collected data to remove any ambiguities regarding
the types of data collected. We iteratively transitioned from general terms in version 1 of the
card (e.g., “facial data”) to more precise descriptions in version 4 (e.g., “facial images”). To improve
medium accessibility (R7), we revised the risk classification colors in the summary bar and improved
their contrast ratios. Finally, to improve cultural inclusivity (R8), we removed the icons representing
the types of data collected. Although they work well for systems processing few datasets, their
creation becomes problematic as the system expands to multiple datasets or more complex data
types. Moreover, the use of numerous icons on a small card could lead to visual clutter, compromising
the clarity of the information presented.

4.2.3  Final Version of the Card. Figure 3B presents the final version of the card. The top section of
the card contains the expanded header and a corner box. The central section features the system’s
benefits, the risk management framework with combined risks and mitigation strategies, and
the technical details on data and models. The bottom section contains information on reporting
mechanisms, registered office and compliance certifications.

5 Evaluate the Impact Assessment Card

Having designed the card, we then evaluated it in a large-scale online study. The study’s goal was
to explore the effectiveness of the card to communicate the risks and benefits of Al uses in a way
that is accessible beyond technical roles. Next, we describe our study’s design (i.e., setup (§5.1),
execution (§5.3), metrics (§5.2), and results (§5.4).

5.1 Setup

We developed a web-based survey that included a real-world task to be performed either with the
card or with the impact assessment report as baseline (Figure 4, Step 2 and Step 5).

Task. We defined a task related to the Al system that participants from each cohort might typically
perform as part of their jobs [49] or interactions with Al: writing recommendation and feedback
emails. This task was formulated based on insights from three areas: our focus groups about
practical actions people take in response to Al systems affecting their lives, including the frequent
need to contact relevant authorities or support teams when problems occur; conversations with Al
practitioners and compliance experts in our organization about tasks in Al approval processes [65];
and previous user studies on writing Al recommendations by different stakeholders [3, 5].
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Fig. 4. The online study involved 9 steps. Initially, participants received a brief introduction to the survey
and tasks (Step 1). Then, they interacted with the first randomly assigned treatment (e.g., R1 - a report for
the biometric checkout), completing a task (Step 2). Subsequently, they assessed the usability (Step 3) and
assistance (Step 4) of the treatment. This process was repeated for a second treatment (Steps 5-7) depicting a
different Al system (e.g., C2 - a card for the license plate detector). Finally, participants selected their preferred
treatment for the task (Step 8), and self-evaluated their knowledge about the task, technology, and Al.

Specifically, for an Al developer, the task was to read the card, and write a brief email to the
ethics committee, recommending the implementation of the Al system or advise against it, in either
case stating appropriate technical reasons. For a compliance expert, the task was to write an email
to the ethics committee, recommending implementation of the system or advising against it. For
an ordinary individual, the task was to write an email to the deployers who put in the Al system,
asking them to take it out or thanking them, and in either case tell them why. The decision to reject
or recommend the system was left entirely up to the participants based on their own judgment.

This task links the information from the card to three advanced decision-making skills typi-
cally supported by visualizations [10]: problem-solving (determining appropriate actions), critical
thinking (assessing and integrating information on risks, mitigation strategies, and benefits), and
reasoning (forming logical arguments to justify actions). It leverages the specific skills and knowl-
edge areas pertinent to each cohort: Al developers use their technical expertise, compliance experts
apply their regulatory knowledge, and ordinary individuals draw from their user experience.

We requested that emails from each cohort include between 50 and 250 words, a range that
reflects the typical length of descriptions used by Al practitioners in model documentation [50].
This word range ensures conciseness and adequate detail for thematic analysis while preventing
survey fatigue among participants.

Treatment. In addition to the card (Appendix A.2, Figures 7-8), we included a baseline condition
to compare the card against (Appendix A.3, Figures 9-10). We created an impact assessment report
based on current state-of-the-art practices for communicating the risks and benefits of Al systems
[2, 62, 78], drawing on examples from published reports [14, 57, 76]. These reports are issued
by deployers of high-risk Al systems, as required under the EU AI Act [20], or by organizations
seeking certification under Al management standards [39]. The intended audience will primarily
include market surveillance authorities, affected stakeholders, independent experts, and civil society
organizations to ensure transparency and accountability. Our report mirrored the card’s content
(e.g., the system’s use, data, models, evaluation, risks, mitigations, benefits, contact information,
and certificates) but was more descriptive. We alternated between the card and report to eliminate
any learning effects. Therefore, a participant was asked to execute the same task with the two
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conditions. To eliminate any effects from the type of Al systems shown in the card or the report,
we selected two hypothetical real-world Al systems that are different in risk levels but are likely
familiar to most participants. Next, we provided a brief description of each Al system.

Biometric Checkout. This Al system uses biometric technology such as facial recognition
to identify customers during the checkout process in a supermarket. By linking biometric
data to payment methods and shopping histories, it enables a seamless and secure checkout
experience, eliminating the need for physical cards or cash. This system is categorized
as high risk under the EU AI Act [20] due to its extensive use of biometric identification
(Appendix A.2, Figure 7; Appendix A.3, Figure 9).

License Plate Detector. This Al system uses cameras and image recognition technology to
detect and read license plates of vehicles entering and exiting a supermarket car park. It
can be used to monitor parking occupancy, enforce parking time limits, and ensure the
security of the parking area. It is categorized as limited risk under the EU AI Act [20] due to
its processing of personally identifiable data (Appendix A.2, Figure 8; Appendix A.3, Figure
10).

Both systems, while beneficial to customers and stores, are considered risky under the EU AT Act
[35] due to real-time processing of personally identifiable information. Additionally, their excessive
information collection and multi-model architecture enable potential future applications beyond
their initially stated purpose.

5.2 Metrics

Independent to each cohort, we defined five metrics to capture the effectiveness in conducting
the task. The first metric, task quality, captured whether the resulting email was considered high
quality. The email’s quality was scored on a 5-point Likert scale based on how effectively the person
used the information from the card or report to justify a recommendation for adopting or rejecting
the system. An email scoring 1 was vague, applicable to any Al system, lacked a decisive call to
action, and contained no arguments. An email scoring 5 was specific to the system described in the
card or report, included a clear recommendation or rejection, and presented diverse arguments
covering aspects such as risks, data, benefits, and mitigations. The second metric captured the
factors influencing task quality (both positively and negatively), with two open-ended questions:
“In what ways did the card (or report) succeed to assist you in completing the task?” and “In what ways
did the card (or report) fall short to assist you in completing the task?”. The third metric captured
efficiency in conducting the task, measured as the average time needed to read the card or report
and complete the task. The fourth metric captured the usability of the card or report, measured
using the System Usability Scale [8]. Finally, the fifth metric captured the overall preference for
using the card or report for the task.

5.3 Execution

We recruited participants from Prolific [68] and surveyed them across three cohorts: a) Al developers;
b) compliance experts; and c) ordinary individuals (Table 3). To recruit a sufficiently large number
of participants for each cohort, we controlled for the participants’ roles in the organization, the
frequency of Al use in their jobs, and their geographic location using Prolific’s built-in screeners.
Additionally, we controlled for their expertise in the task at hand, technology in general, and Al
through a self-reported assessment.

To recruit Al developers, we searched for participants who likely contribute to developing Al
systems as part of their software engineering roles, using Al every day. We recruited 65 developers
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Table 3. Self-reported knowledge and demographic characteristics of participants.

Control Characteristic AI Develop- | Compliance | Ordinary US Cen-
ers (n=65) experts individuals | sus
(n=65) (n=105) (87, 88]
Task 3.38 3.49 3.07 -
Expertise Technology in general 4.20 3.60 3.30 -
Artificial Intelligence 3.82 3.32 2.96 -
18-29 years 30% 12% 20% 20%
30-39 years 37% 23% 17% 18%
Age 40-49 years 18% 22% 17% 16%
50-59 years 7% 30% 16% 16%
60 years and above 8% 13% 30% 30%
Sex Female 11% 48% 50% 50%
Male 89% 52% 50% 50%
White 54% 57% 60% 62%
Black 14% 17% 11% 12%
Asian 25% 15% 6% 6%
Mixed 5% 9% 10% 10%
Race Native American 0% 0% 1% 1%
or Alaskan Native
Other 2% 2% 8% 9%
Not specified 0% 0% 4% -

with a median age of 33 years: 7 female and 58 male, mostly White (54%) and Asian (25%). These
participants were the most knowledgeable in technology and Al across the three cohorts.

To recruit compliance experts, we searched for participants likely involved in revising Al systems
as part of their legal roles, using Al at least 1-6 times a week. We recruited 65 experts with a median
age of 42 years: 31 female and 34 male, mostly White (57%) and Black (17%). These participants
were the most knowledgeable about the task at hand across the three cohorts, more knowledgeable
in technology and Al than ordinary individuals, yet less so than AI developers.

To recruit ordinary individuals, we used stratified random sampling to match US census demo-
graphics [87, 88] in terms of age (20% in range 18-29 years, 17% in range 30-39 years, 17% in range
40-49 years, 16% in range 50-59 years, 30% over 60 years), sex (50% female, 50% male), and race
(60% White, 11% Black, 10% Mixed, 6% Asian, 1% Native American or Alaskan Native, 8% Other)>.
Compared to Al developers and compliance experts, as expected, ordinary individuals used Al less
frequently in their jobs and had the least knowledge about the task at hand, technology, and AL
We restricted our participant pool to individuals living in the US for one main reason. Involving
native English speakers ensured a clear understanding of the study materials, which strengthened
the reliability of the findings. All participants were paid on average about $12 (USD) per hour.

Procedure. We administered the survey on Prolific [68]. The survey first provided a brief intro-
duction to the tasks, followed by the first task in which participants had to read either the card or
report, and write the email, self-choosing to recommend or reject the system. This was followed
by a series of questions to capture the usability of either the card or report, and questions about

30ur research does not separately account for ordinary individuals who identify as Hispanic or Latino—the second-largest
racial and ethnic group in the U.S.—because our recruitment followed the guidelines of the U.S. Census Bureau [87] and
the U.S. Office of Management and Budget [89]. These sources define race using five categories—White, Black or African
American, American Indian or Alaska Native, Asian, and Native Hawaiian or Other Pacific Islander, as reported above—while
classifying Hispanic or Latino origin as an ethnicity. As a result, ordinary individuals in our sample who identify as Hispanic
or Latino are recorded within these five racial categories.
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in what ways did they succeeded or fall short in assisting participants in completing the task.
Participants repeated the same procedure for the second task. At the end, they were asked to report
their overall preference for the card or report in conducting the task.

To ensure response quality, we conducted two attention checks during the survey and imple-
mented two deliberate survey design features. First, after reading task instructions, participants
encountered one of the attention-check sentences: “When asked for your favorite color, you must
select ‘Blue” and “When asked for your favorite city, you must select ‘Rome”. Participants had to
correctly respond to these checks after completing each task. Second, we disabled pasting from
external sources and editing previous responses to ensure original and thoughtful answers.

To control for the extent to which the answers depended on the participants’ level of knowledge,
we asked them whether they consider themselves more skilled or knowledgeable than most people
for the task at hand, as well as for the technology in general and AL This expertise was assessed
using a 5-point Likert scale.

Analysis. We performed both quantitative and qualitative analyses. For the quantitative analysis,
we measured for both the task completed with the card and the task completed with the report: the
average quality of the task, the average time to complete the task; the average SUS usability scores;
and the percentage of participants who preferred the card or report for the task. The evaluation of
task quality was conducted by two contributing authors with expertise in Responsible Al, excluding
the first author. Their assessment focused on whether the resulting emails were of high quality.
Each email was rated by both authors on a 5-point Likert scale, ranging from poor (1) to excellent
(5), based on five key criteria: context, recommendation, risks, mitigations, and content clarity. To
ensure consistency and accuracy in evaluations, the authors followed a predefined rubric (Appendix
A.4). The rating process was blind to the experimental condition—authors did not know whether an
email was generated using the card or report. However, they were aware of the cohort (developers,
compliance experts, or ordinary individuals) since task formulation differed slightly across these
groups. The authors’ assessments were largely consistent, with an inter-rater agreement of 85%. In
cases where the authors assigned different ratings, they discussed discrepancies in two assessment
review meetings with the broader research team to reach a final decision.

We hypothesized five factors that might influence the quality of the task: the type of task
(reject or recommend the system), the system (biometric checkout or license plate detector), the
participant cohort (AI developers, compliance experts, or ordinary individuals), the participants’
level of expertise (low or high), and, crucially, the treatment (card or report). We then conducted
linear regression analyses and mean difference testing on these factors.

For the qualitative analysis, we thematically analyzed open-ended responses [7, 55, 58, 71] to
understand the factors affecting task quality and preferences for using the card or report.

5.4 Results

We received a total of 235 responses: 65 each from Al developers and compliance experts, and
105 from ordinary individuals. Next, we discuss the quantitative results based on our five metrics
(§5.4.1), followed up by qualitative results (§5.4.2).

5.4.1 Quantitative Results. Regardless of the cohort, participants, on average, spent less
time completing their tasks with the card than with the report with even better quality.
Compliance experts achieved the highest average email ratings when using the card (3.59), followed
closely by developers (3.53), and then ordinary individuals (2.92) (Figure 5). They also took the
longest to complete their tasks with the card (7 min 24 secs) (Appendix A.5, Table 6).

The card was rated higher in usability than the report, especially among ordinary in-
dividuals. Developers rated the card with an average SUS score of 67, compared to the report’s
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Rating Number of arguments
Report Card Report Card
TASK QUALITY Developers 2.17 +1.06 3.53 +0.98 2.61 +1.57 3.53 $1.37
average Compliance experts ~ 2.31 1.14 3.59 +1.00 2.95 £1.82 3.26 +1.64
Ordinary individuals ~ 1.91 113 292 +1.09 1.57 157 234 +1.42
Report Card
TASK TIME Developers 7min40sec 6 min 20 sec 6min5sec  +5minTsec
average Compliance experts 9 min 55 secs +6 min 53 sec 7min24sec +4 min 37 sec
Ordinary individuals 6 min34sec +4 min 6 sec 5min26sec +5min11sec
Report Card
USABILITY Developers [ +19 +18
average P
Compliance experts 20 17
Ordinary individuals ¢ +19 @ @ 21
0 20 40 60 80 100
Report Card

42% 58%

PREFERENCE Developers

. 42% 58%
Compliance experts =

30% 70%

Ordinary individuals

Fig. 5. Card outperformed report across all quantitative metrics and cohorts. It helped produce higher
quality emails in less time, while being more usable and preferred for the task.

score of 59, indicating a preference for the card’s usability (Figure 5) and generally positive user
experience [72]. Compliance experts shared this view, scoring the card at 69, with the report at 58.
However, this distinction was most pronounced among ordinary individuals, who gave the card a
SUS score of 63, compared to a score of 49 for the report (Appendix A.5, Table 7).

All cohorts preferred the card over the report to execute the task at hand, with a higher
preference among ordinary individuals compared to developers and compliance experts.
Over half of both developers and compliance experts, at 58%, favored the card over the report
(Figure 5, Appendix A.5, Table 8). In contrast, 70% of ordinary individuals strongly preferred the
card, compared to 30% favoring the report.

The most significant difference in the task quality was attributed to the use of card or
report. The most significant difference in task quality was due to treatment (Table 4, Table 5), with
the card receiving consistently higher ratings for task quality compared to the report. The type of
task (advising for or against either of the two systems) and the participants’ expertise levels did
not impact the quality.

5.4.2 Qualitative Results. Through thematic analysis of participants’ free-form answers, we identi-
fied key factors affecting their experience with the card and report, their overall preferences, and
suggestions for improving the card. Participant quotes are referenced using CPy, corresponding to
their Prolific ID.
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Table 4. The results of a linear mixed-effects regression analysis with task quality as the depen-
dent variable. The most significant difference in task quality arises from the choice of treatment.
The coefficients represent the effect sizes for each factor relative to its reference category, with statistical
significance indicated by: ** for p < 0.01, and *** for p < 0.001. Non-significant factors (p > 0.05) are also
reported for completeness. Random effects were included to account for variability in task quality based on
participants’ self-selected decisions to reject or recommend the system, ensuring fair comparisons across all
fixed factors.

Factor Values Coefficient p-value
Intercept 2.795 0.000
Type of task

Recommendation Reject vs. Recommend 0.880 0.325
System Plate Detector vs. Checkout 0.150 0.079
Participant’s cohort

Cohort Developers vs. Ordinary individuals 0.131 0.257
Cohort Compliance experts vs. Ordinary individuals | 0.287 0.007**
Expertise levels

Task Expertise Low vs. High -0.013 0.819
Technological Expertise | Low vs. High 0.055 0.392
Al Expertise Low vs. High -0.056 0.382
Treatment

Treatment type ‘ Card vs. Report -0.987 ‘ 0.000***

Table 5. The mean difference testing underscores the strong influence of treatment choice on task
quality. We conducted statistical significance testing on the mean differences between two factor values,
presenting Mann-Whitney test p-values with the notations: * for p < 0.05, ** for p < 0.01, and *** for
p < 0.001.

Factor [ Value Pair [ Averages [ Difference [ p-value
Type of task

Recommendation Reject vs. Recommend 3.0 vs.3.014 -0.014 0.719
System Plate Detector vs. Checkout 2.801 vs. 2.645 | -0.156 0.139
Participant’s cohort

Cohort Developers vs. Compliance experts 2.852 vs. 2.95 -0.098 0.534
Cohort Developers vs. Ordinary individuals 2.852 vs.2.505 0.347 0.011%
Cohort Compliance experts vs. Ordinary individuals | 2.95 vs. 2.505  0.445 0.002*
Expertise levels

Task Expertise Low vs. High 2.73 vs. 2.714 0.015 0.852
Technological Expertise | Low vs. High 2.691 vs. 2.851 | -0.16 0.25

Al Expertise Low vs. High 2.654 vs. 2.803 | -0.149 0.204
Treatment

Treatment type | Card vs. Report | 3327 vs. 212 1.207 [ 0.0**

The card was favored for its clear, concise presentation, and quick comprehension of
the risks and benefits of Al uses, though some found it overly simplistic for complex
decisions. On the positive side, the card was favored for its concise and straightforward presentation
of information. Participants found it easier to digest, with visual elements and organized sections
that allowed for quick understanding of the main risks and benefits of the presented Al systems.
For example, CP9 stated that “[the card] assisted me by highlighting the risks, accuracy, and benefits,”
while CP23 appreciated “the card’s structured overview of the system’s components, facilitating the
identification of key technical aspects of the Al system”. A compliance expert, CP88, mentioned
that “[the card] was easy to use and conveyed the gist of the Al system”. Additionally, participants
commented on the card’s format to be “readily accessible to refer back to” (CP129, a compliance
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expert). Participants also echoed the sentiment that despite spending less time with the card, it
even helped them produce emails of higher quality. CP190, an ordinary individual, commented that
“the best thing really is just that more thought went into making the card format more digestible and
less intimidating, so that it would be easy to get what you need by reading it, without needing time to
consult with more technical people to be sure you understand its material correctly”. On the negative
side, some participants noted that the card lacked the depth and detail found in the report. There
were also mentions of the card being too simplistic for complex decision-making. CP6, a developer,
felt that it “was a little simple, so I can’t help but think there may be something missing in the big
picture”. Despite its concise format, some participants found the card too brief. For example, CP9, a
developer, commented that “the card was brief which I enjoyed, however, it probably could have used
a little more substance”.

The report was valued for its depth and details, though its complexity and dense format
challenged quick comprehension and accessibility. On the positive side, participants appreci-
ated the report for its detailed and comprehensive information, which helped them understand
the Al system better. They mentioned that the report laid out the pros and cons effectively in a
structured way, providing a good foundation of knowledge. CP12, a developer, mentioned that
it “helped explain why the system should be implemented, was organized and listed many different
positive aspects”. Similarly, CP152, an ordinary individual, mentioned that “the report succeeded in
assisting me in completing the task by providing a wide array of information through which I could
make a decision”. On the negative side, a common critique was the report’s complexity and length,
making it difficult to quickly extract necessary information. Participants found it too detailed at
times, with some sections containing excessive technical jargon. CP142, an ordinary individual,
stated that “the report was overly wordy. It had lots of irrelevant information and technical jargon (e.g.,
the datasets that the models it uses were trained on).” Similarly, CP157, another ordinary individual,
stated that “the report felt very wordy. Reading it felt like I needed higher education to fully understand
some aspects of the technology. I'm not sure if every day people would fully comprehend all the ins and
outs of it”. CP9, a developer, noted that “the report didn’t advise in any direction”. Additionally, some
participants called out the lack of visual elements, which impacted their ease of understanding.
CP75, a compliance expert, noted that “the report was too cluttered”. Similarly, CP101, an ordinary
individual, commented that “there was lot information to read and some of the reading I didn’t
understand had to read at least twice”.

Overall preference. The preference varied among participants. Some preferred the report for
its thoroughness and detail, which they found necessary for making informed decisions. Others
favored the card for its efficiency and simplicity, allowing for quicker comprehension and easier
reference during their tasks. CP9, a developer, found the report more useful, stating that “the report
had much more information that I could use to craft the email”. Similarly, CP78, a compliance expert,
stated that a preference towards “the report as it provided a more detailed information about the Al
system, impacts, risks and mitigation strategies enabling a thorough analysis and recommendation”.
Conversely, CP152, an ordinary individual, mentioned that ‘T prefer the card more than the report,
because the card was more concise and clear in the information that it presented” . Similarly, CP101, a
compliance expert, preferred the card because “it seemed easy to read and understand. It showed the
entire plan like a minimalistic picture”.

Card improvements. Participants also suggested ways to further improve the card by providing
contextual information, reducing ambiguity, and enhancing its visual elements. Some participants
mentioned that the cards were too simplistic and lacked the necessary depth for comprehensive
understanding. For example, CP97, a compliance expert, mentioned that “the card fell short of
the optimum aid in completing the task because it did not provide a full explanation of some of the
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material presented”. Similarly, CP71, another compliance expert, stated that “the card was overall a
helpful tool, but should provide more guidance on how to address complex aspects of the Al system”.
Participants also made recommendations for enhancing the card’s visual elements. For example,
CP13, a developer, commented that “the legend at the bottom of each visualization should be moved
closer to the top”. Similarly, CP158, an ordinary individual, mentioned that “just filling in the box
without explaining what a filled out box meant was not useful. It would have been more useful to have
a rating with explanation of each rating for each category”. We addressed the comments about visual
elements and provided the link to the latest versions of the card (Appendix A.6, Figures 11-12).

In our user study, we evaluated impact assessment cards for Al systems with a tangible presence
in the physical world such as biometric checkout systems and license plate detectors. However,
many algorithmic systems operate without a visible manifestation, for example, recommender
systems or decision-support algorithms in public services and finance. To illustrate the adaptability
of our card beyond physically situated Al, we created examples for two additional digital systems:
a music recommender system [42] (Appendix A.7, Figure 13) and a housing benefit allocation
assistant [81] (Appendix A.7, Figure 14). These examples demonstrate how our card can incorporate
different visual elements and be adapted for Al systems that operate in the background, often
without end users being fully aware of their presence.

6 Discussion

We begin by consolidating our findings on the use of impact assessment cards as tools for assessing
AT risks, communicating Al benefits, and supporting Al governance (§6.1). Next, we explore
opportunities to apply the cards in different contexts (§6.2), and conclude by discussing their
limitations (§6.3).

6.1 Cards as Tools for Assessing Al Risks, Benefits, and Governance

The impact assessment card offers a new accessible medium for addressing the ethical and practical
aspects of Al systems. Unlike detailed reports aimed at primarily technical audiences, our card can
engage diverse stakeholders with a concise and visually appealing format. Next, we discuss three
prospective applications of the card.

Assessing AI Risks. HCI and CSCW research has long emphasized the importance of tools that
help stakeholders foresee potential failures, risks, and harms in technology design [13, 37, 47]. Our
findings demonstrate that impact assessment cards enable stakeholders to identify, contextualize,
and reflect on risks more effectively than traditional reports. Our participants engaged deeply with
the content, contextualizing risks in relation to AI applications and mitigations. By democratizing
access to risk-related discussions, impact assessment cards may also foster informed decision-
making and civic engagement in Al governance [9, 67].

Communicating Al Benefits. The public discourse on Al often emphasizes risks, overshadowing
potential benefits [63, 65]. Our card aims at addressing this imbalance by presenting benefits
prominently alongside risks, drawing inspiration from fields such as medicine and energy commu-
nication [17]. Our participants valued this balanced perspective, which encouraged deep reflections
on the dual aspects of Al systems. This approach aligns with ethical principles of informed decision-
making, ensuring that Al is seen as a tool with both opportunities and challenges [48].

Supporting AI Governance. Existing governance tools (e.g., certification labels and audit frame-
works) often target technically skilled users [11, 73]. In contrast, our card synthesizes complex
audit information into an accessible format suitable for a broader audience. This design decision
is driven by the need for better alignment between technical experts and the broader public in
Al governance [24]. Experts benefit from a concise tool for communicating governance decisions,
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while non-experts gain a practical resource that simplifies regulatory concepts and clarifies their
rights. For example, engineers in Al companies could use the card for internal communication,
while regulators might adopt it to support compliance with frameworks such as the EU AI Act [20].
Moreover, the cards can empower legal and civil society organizations by providing them with a
user-friendly tool to engage in advocacy, oversight, and accountability efforts. By bridging the gap
between technical and non-technical audiences, the cards advance inclusivity in Al governance.

6.2 Cards Applied in Different Contexts

We view impact assessment cards as versatile tools that can be adapted to various domains and
stakeholder needs. Next, we outline design opportunities and potential applications for the cards in
four different contexts.

Participatory Design and Stakeholder Engagement. Participatory design methodologies (e.g.,
focus groups or co-design workshops [61]) can be used to further refine the cards, ensuring their
relevance across diverse use cases. These activities can identify stakeholder-specific needs, ensuring
that the resulting card addresses both direct and indirect impacts of Al systems [3]. For example, in
healthcare, impact assessment cards could include risk-benefit information tailored to Al-assisted
diagnosis tools, highlighting concerns such as data privacy and patient safety,t while showcasing
benefits such as early detection of diseases. Similarly, in urban planning, the cards could map
AT applications such as predictive traffic management, focusing on stakeholder groups such as
residents, city planners, and policy makers.

Regulatory and Compliance Applications. Beyond summarizing risks and benefits, the cards
could serve as templates for regulatory reporting, assisting organizations in mapping risks, mitiga-
tions, and benefits to regulatory requirements [82]. By integrating data from datasheets and model
cards [29, 59], impact assessment cards can help ensure transparency and accountability in Al
governance. For example, an Al company developing a recruitment algorithm might customize the
card to include categories such as bias mitigation strategies, compliance with anti-discrimination
laws, and transparency measures. Including visual markers such as checkboxes or compliance level
indicators (e.g., high, medium, low) could enhance their practicality for audits and self-assessments.
Moreover, the cards could be integrated into certification processes, serving as an interface between
technical audits and public-facing labels. For example, an Al certification body might use cards to
communicate whether a system adheres to standards of transparency, fairness, or energy efficiency.

Educational and Advocacy Tools. The cards may also serve as tools for education and public
advocacy. In academic settings, they can introduce students to the societal implications of Al through
a structured way to explore ethical dilemmas [79]. By presenting complex topics in an accessible
format, the cards help bridge the gap between technical knowledge and societal considerations,
making them ideal for discussions on Al ethics, governance, and responsible innovation. Advocacy
organizations could also employ the cards in public engagement campaigns to facilitate community
discussions on Al-related issues such as data privacy, bias, and surveillance. The cards’ utility
and reach could further expanded by integrating multimedia features such as QR codes linking to
additional resources.

Industry-Specific Appropriations. Impact assessment cards can also be tailored to specific indus-
tries to address unique risks and benefits. In the financial sector, for example, they could evaluate
Al-driven investment tools or fraud detection systems, focusing on transparency about decision-
making criteria and biases. Similarly, in the energy and environment domain, the cards might
highlight trade-offs in Al applications for renewable energy optimization, helping stakeholders
balance gains in efficiency with risks related to system reliability and data accuracy.
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Cards are also applicable across systems with varying levels of (physical) visibility. For example,
physically situated Al systems (like our exemplary biometric checkout and license plate detector)
can be seen as systems with material manifestation as they have a material presence in the physical
world (at the point of checkout, or through cameras and CCTVs). On the contrary, Al systems
without a material manifestation (e.g., music recommendation platforms [42], benefit allocation
assistants [81]) operate entirely in digital environments where their presence is not tied to a physical
location but rather integrated into software interfaces or cloud-based services. For systems with
material manifestations, cards can provide clear information about data processing and privacy
measures. For example, in a biometric checkout system that enables customers to make payments
using facial recognition, cards could appear at key moments in the customer journey: during
enrollment when users scan their face and link it to a payment method, or on receipts as a QR code to
reinforce transparency after a transaction. Conversely, for systems without material manifestations
such as recommender systems [42], cards can promote transparency about algorithms and biases.
In platforms like Spotify or Netflix, cards could explain how recommendations are generated,
including the use of data sources and personalization algorithms, and highlight any associated
risks or biases (Appendix A.7 13). These cards could be integrated into digital touchpoints such as
during account setup alongside terms and conditions, or embedded in the platform’s navigation
bar under sections like “About” or “Transparency”. By positioning the cards strategically, users can
easily access and understand how their data is used, fostering trust and accountability.

6.3 Limitations and Future Directions

Our study and the impact card have four main limitations that suggest directions for future research.
First, its brevity may overlook the complexities of Al risks and benefits, requiring more research
to adapt it for diverse real-world AI applications. Future designs could involve creating culturally
varied card versions [92], or blending physical and digital forms with interactive elements for
better risk and benefit understanding [26]. Despite their potential, we believe that cards are not
a replacement for detailed reports, particularly in contexts requiring comprehensive evidence to
substantiate compliance claims. Participants recommended simplifying language, summarizing key
points, and incorporating visual aids to make reports more accessible. Future work could explore
how hybrid tools—combining cards and reports—might balance accessibility and depth, further
enhancing stakeholder engagement. Second, although the card received higher usability ratings
from all cohorts, design improvements could further enhance its usability. The card’s score partly
reflects the challenge of our endeavor: to create a user-friendly tool that effectively communicates
the risks and benefits of Al in a way that is accessible to individuals without technical expertise. In
the future, we plan to broaden our engagement to include a more diverse group of stakeholders
such as organizational leaders. Third, our study’s sample may not completely represent all Al
stakeholders like developers, compliance experts, and the ordinary individuals due to limited
controls over participants’ roles, Al use frequency, and location. While we recruited a sample of
Prolific participants matching the US population, the findings and discussions should be interpreted
with some limitations. For example, our study does not account for the recently updated standards
introducing a combined race and ethnicity question where groups such as Hispanic or Latino are
considered a co-equal category alongside the ethnicity categories we used [64]. We encourage
future researchers to include additional ethnicity screeners when recruiting participants to improve
representation.

Finally, Al students, crucial for future Al development [40], were not part of our cohorts. Inspired
by research on the Al Incident Database’s educational impact [21], we aim to integrate impact cards
with incident reports in future studies to assess Al students’ understanding of risks and benefits.
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7 Conclusion

Through an iterative design process, we designed and evaluated an impact assessment card for
communicating the risks and benefits of Al uses. The card summarizes detailed Al reports, presenting
complex information in a clear and accessible way for both experts and laypeople. We evaluated
our card’s effectiveness in an online study with 235 participants across developers, compliance
experts, and ordinary individuals. We found that the card’s effectiveness extended beyond ordinary
individuals, offering advantages to those who are well-versed in Al impact assessments. Moving
forward, our work suggests a promising direction for further refining impact assessment cards,
aiming to democratize understanding and participation [19] in Al risk assessment.
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Fig. 7. Impact assessment card for a store checkout system using biometric identification, used during the
1418 large-scale online study. Available also at https://anonymous.4open.science/r/AIIA_Card/impact-assessment-
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Fig. 9. Impact assessment report for a store checkout system using biometric identification, used during the
large-scale online study. Available also at https://anonymous.4open.science/r/AIIA_Card/report-biometric-

checkout.pdf.
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Fig. 10. Impact assessment report for a car park monitoring system using image recognition, used during the
large-scale online study. Available also at https://anonymous.4open.science/r/AIIA_Card/report-license-plate-
detector.pdf.
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A.4 Rubric for Evaluating Email Quality

The quality of emails was assessed based on five key criteria. Each email was evaluated for its ability
to: address the real-world use of the system (context), provide a clear call to action for or against
implementation (recommendation), identify and discuss risks associated with the system (risks),
mention actionable strategies to mitigate these risks (mitigations), and present information in a
clear and coherent manner (content clarity). Lower-rated emails often failed to directly engage with
the system described and were vague. Higher-rated emails demonstrated a nuanced understanding
of the system, offered balanced arguments covering risks and benefits, and included solutions for
addressing identified risks.

Detailed Criteria for Email Quality Ratings

Rating 1: Poor quality S

Context: No mention of the system’s real-world use.

Recommendation: Lacks a decisive recommendation.

Risks: Fails to mention any risks.

Mitigations: Does not include any mitigation strategies or references to actions for
reducing risks.

Content clarity: Content is highly vague or incomprehensible. Structure or grammar
issues significantly hinder readability.

|\ J

Rating 2: Fair quality N

Context: Briefly mentions the system’s real-world use but lacks elaboration.
Recommendation: The recommendation is unclear or weak.

Risks: Includes at least one risk. Risks are mentioned but lack relevance to the system’s
real-world use.

Mitigations: Includes at least one mitigation strategy. Mitigation strategies are men-
tioned but are not clearly tied to the specific risks of the system’s real-world use.
Content clarity: Content is somewhat vague or challenging to follow. Structure lacks
focus and clarity.

|\ J

Rating 3: Good quality N

Context: Explains the system’s real-world use in at least one sentence, demonstrating a
basic understanding of the system.

Recommendation: The recommendation is clear (recommend or reject) but could be
more compelling.

Risks: Includes at least two risks. Risks are moderately connected to the system.
Mitigations: Includes at least two mitigation strategies tied to specific risks of the
system’s real-world use.

Content clarity: Content is well-written with minimal vagueness. Logical structure
supports the argument, though it may lack sophistication.
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Rating 4: Very good quality N

Context: Explains the system’s real-world use in detail, demonstrating a clear grasp of
its operational implications and relevance to its users and subjects.
Recommendation: The recommendation is clear (recommend or reject) and decisive.
Risks: Identifies and discusses multiple risks (>2). Risks are clearly connected to the
system. Attempts to prioritize key risks.

Mitigations: Includes more than two mitigation strategies tied to specific risks of the
system’s real-world use. The included mitigations are actionable.

Content clarity: Content is very well-written and logically structured, making the
information easy to follow. Arguments are cohesive and well-supported.

|\ J

Rating 5: Excellent quality N

Context: Demonstrates a nuanced understanding of the system’s real-world use, with
concrete examples and scenarios related to its users and subjects.

Recommendation: The recommendation is clear (recommend or reject) and decisive. It
balances pros and cons with depth and foresight.

Risks: Identifies and thoroughly discusses all key risks, including subtle or rare risks, or
identifies new risks expanding the scope of the treatment. Effectively prioritizes risks
with clear justification.

Mitigations: Includes more than two mitigation strategies tied to specific risks of the
system’s real-world use. The included mitigations are actionable, specific, and technically
detailed .

Content clarity: Exceptionally clear, precise, and insightful writing style. Engages the
reader and delivers a compelling, logical argument.
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Examples of Emails and Their Quality Ratings

Rating 1: Poor quality

35

Email text: I hope this email finds you and your team doing well. I recently stumbled
upon and read your document implementing the new Al system in the store. This will
definitely help us improve our understanding and familiarity with artificial intelligence.
Justification for rating: The email lacks specific references to the Al system’s use, does
not state a recommendation or rejection, and fails to provide arguments related to the
system’s use, risks, or mitigations.

(.

Rating 2: Fair quality

Email text: Dear team, it has come to my attention that there are significant risk
associated with the use of the biometric checkout system. Considering these risks and
the potential negative impact on both customers and the environment, I kindly request
that we consider the re-implementation of the system.

Justification for rating: The email references the specific Al system’s use, but the
recommendation is unclear. It mentions general risks and includes re-development as
one mitigation strategy.

Rating 3: Good quality

Email text: Hello, I'm writing this email to you to recommend implementing the system
of biometric checkout. Although, a good and safe option would be to make an opt-in
system and inform the customers. That way people can’t complain. I understand some
people will say this is too much surveillance and will invade our privacy. Overall, it will
reduce identity theft and fraudulent transactions. Let’s say, you lose your card, someone
else grabs it and tries to buy something at a store, with biometric checkout, this person
will be caught.

Justification for rating: The email references the specific use of the Al system, and its
recommendation is clear. It identifies two primary risks associated with the system: the
potential for surveillance and privacy invasion. To address these risks, the email outlines
two specific mitigation strategies: implementing an opt-in system to ensure user consent
and proactively informing customers about how their data will be used. Additionally, the
email provides a balanced perspective by including arguments that highlight both the
potential benefits and drawbacks of the system.
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Rating 4: Very good quality N

Email text: Dear Ethics Committee, I am writing this email to advise against implement-
ing this license plate detector for use in the parking lot. I think the potential risks with
this Al system outweighs the potential benefits. I believe that accidentally capturing
images of vehicle’s surroundings will lead to conflict between staff and customers, as
well as raise privacy concerns among customers. The mitigation strategies included, such
as installing physical shields and shortening data storage time, will increase cost for a
solution that doesn’t help much. The benefits of this system are more for the store’s
benefit rather than the customers’, which could potentially lead to losing customers.
Justification for rating: The email provides a detailed explanation of the Al system’s
real-world use, showcasing a strong understanding of its operational implications and
relevance to both customers and the store. The recommendation is clear and decisive,
addressing four key risks: conflicts between staff and customers, privacy concerns among
customers, potential loss of customers, and increased costs for the store. It offers more
than two targeted mitigation strategies tied to these risks, presented in a well-written
and logically structured manner.

|\ J

Rating 5: Excellent quality S

Email text: Dear Ethics Committee, I have reviewed the information presented and
I *advise against® adopting this system. The following risks are described: (1) Risk of
customer data leak - it is unacceptable to collect sensitive data such as biometrics and put
it at risk of being stolen or leaked. “Latest security patches” is not sufficient as a strategy
to safeguard high-value data, especially if your organization is specifically targeted for
data theft. (2) Unauthorized customer tracking - there is no guarantee that a hacker, rogue
employee, or rogue vendor cannot access the data and use it for their own purposes, even
when safeguards exist. (3) Customer unfamiliarity - What if customers become familiar
through the materials ans and don’t want to use it? They will stop using the store, or
they will complain on social media or to government regulators. The benefit does not
outweigh the risk. In short, you must judge the system by what happens when it fails,
not when everything goes right. In this case the legal and ethical risk is too high when
the system fails.

Justification for rating: The email provides a clear and well-justified recommendation.
It explains the Al system’s real-world use in detail, demonstrating concrete scenarios
beyond those explicitly mentioned in the treatment, related to affected individuals. The
recommendation is clear and decisive, prioritizing three key risks and including three
targeted mitigation strategies directly tied to these risks.
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A.5 Results of Regression Analyses for Predicting Task Completion Time, Usability
Ratings, and Preference for Cards vs. Reports.

A.5.1  Predicting Task Completion Time.

Table 6. Factors influencing completion time include treatment and participant’s cohort. Using
the report significantly increases completion time compared to the card, while legal experts take longer to
complete the task than ordinary individuals. We conducted an ordinary least squares regression analysis
with completion time as the dependent variable. The coefficients represent the changes in completion time
(in seconds) relative to the reference category, with statistical significance indicated by: * for p < 0.05, and **
for p < 0.01. Non-significant factors (p > 0.05) are also reported for completeness.

Factor Comparison (vs. Reference Category) Coefficient p-value
Intercept 302.870 0.000***
Type of task

System ‘ Plate Detector vs. Checkout -3.409 ‘ 0.908
Participant’s cohort

Cohort Developers vs. Ordinary individuals -50.423 0.200
Cohort Legal Experts vs. Ordinary individuals 105.228 0.013*
Expertise levels

Task Expertise High vs. Low 13.841 0.474
Technological Expertise | High vs. Low -26.685 0.227
Al Expertise High vs. Low 34.298 0.119
Treatment

Treatment type ‘ Report vs. Card 102.617 0.001**

A.5.2  Predicting Usability Ratings.

Table 7. Factors influencing usability ratings include treatment and participant’s cohort. Participants
across all cohorts find the report less usable than the card, and ordinary individuals give lower usability
ratings compared to developers and legal experts. We conducted an ordinary least squares regression analysis
with usability as the dependent variable. The coefficients represent the changes in usability scores relative to
the reference category, with statistical significance indicated by: * for p < 0.05, ** for p < 0.01, and *** for
p < 0.001. Non-significant factors (p > 0.05) are also reported for completeness.

Factor Comparison (vs. Reference Category) Coefficient p-value
Intercept 50.124 0.000
Type of task

System ‘ Plate Detector vs. Checkout ‘ 3.076 ‘ 0.083
Participant’s cohort

Cohort Developers vs. Ordinary individuals 4.769 0.043*
Cohort Legal Experts vs. Ordinary individuals 6.199 0.004**
Expertise levels

Task Expertise High vs. Low 1.425 0.218
Technological Expertise | High vs. Low 2.492 0.060
Al Expertise High vs. Low -0.776 0.555
Treatment

Treatment type ‘ Report vs. Card -11.750 0.000***

, Vol. 1, No. 1, Article . Publication date: April 2018.



1814
1815
1816
1817
1818
1819
1820
1821
1822
1823
1824
1825
1826
1827
1828
1829
1830
1831
1832
1833
1834
1835
1836
1837
1838
1839
1840
1841
1842
1843
1844
1845
1846
1847
1848
1849
1850
1851
1852
1853
1854
1855
1856
1857
1858
1859
1860
1861
1862

38 Anon.

A.5.3  Predicting Preference for Cards vs. Reports.

Table 8. Factors influencing preference for cards include recommendation type, participant’s cohort,
and Al expertise. “Reject” and “Unclear” recommendations, belonging to the legal experts cohort, and
greater Al expertise all reduce the likelihood of preferring cards. We conducted a binomial logistic regression
analysis with preference for cards (vs. reports) as the dependent variable. The coefficients represent the
log-odds of preferring a card relative to a report for each factor, compared to its reference category. Statistical
significance is indicated by: * for p < 0.05, and ** for p < 0.01. Non-significant factors (p > 0.05) are also
reported for completeness.

Factor Comparison (vs. Reference Category) Coefficient p-value
Intercept 1.635 0.001
Type of task

Recommendation Reject vs. Recommend -0.542 0.018"
Recommendation Unclear vs. Recommend -0.936 0.002**
System Plate Detector vs. Checkout -0.012 0.953
Participant’s cohort

Cohort Developers vs. Ordinary individuals -0.440 0.105
Cohort Legal Experts vs. Ordinary individuals -0.707 0.005**
Expertise levels

Task Expertise High vs. Low 0.151 0.258
Technological Expertise | High vs. Low 0.178 0.240
Al Expertise Low vs. High -0.477 0.002**
Treatment

Treatment type ‘ Report vs. Card 0.132 0.523
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A.6 Updated Impact Assessment Cards

Biometric Checkout
Using biometric identification for store checkout

SYSTEM'S DESCRIPTION

The Al system, di

secure for customers.

ped for retail store
like fingerprint, facial, and iris recognition to make supermarket checkouts faster and more

and staff, uses biometric technologies

BENEFITS

Wl () benefit (not) enjoyed by

Reduction in checkout times

Reduction of identity theft
and fraudalent transactions

labor at checkout points

Reduction in the need for human

Optimization of inventory levels

Reduction in the need for
physical payment methods
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EU Al Act classification

The system is high risk due to
its use of biometric
identification

EU Al Act, Annex ll, point 1 (a)
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including Braille
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Last update: 29 Feb 2024

XXX-XXX Contry Z
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"
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@ ROPEN
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behaviour tracking of purchases
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Systemic Impact
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Fig. 11. Updated impact assessment card for a store checkout system using biometric identification, including

the risk severity ratings. Available also at https://anonymous.4open.science/r/AIIA_Card/impact-assessment-

card-biometric-checkout-version5.pdf.
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1948 Fig. 12. Updated impact assessment card for a car park monitoring system using image recognition, including
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A7

Impact Assessment Cards for Digital Al Systems

Music Recommender System
The streaming platform recommends songs to users based on their listening history

EUAI

SYSTEM'S DESCRIPTION

This system analyzes users' listening history to understand their musical preferences
and recommend songs they may enjoy. It continuously updates its recommendations

to adapt to changing tastes over time.
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the health, safety, or fundamen-
tal rights of platform users or
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Fig. 13. Impact assessment card for a music recommender system that suggests songs to platform users based

on their listening history. Available also at https://anonymous.4open.science/r/AIIA_Card/impact-assessment-

card-music-recommender.pdf.
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Housing Benefit Allocation Assistant -
Guides public servants in matching applicants with the benefits they qualify for

EUAI

SYSTEM'S DESCRIPTION

funds are shared more efficiently.

This system reviews applicants' socioeconomic data to decide if they qualify for housing
benefits such as social housing, utility assistance, and tax reduction programs. It helps
public servants quickly assess and prioritize those in need, ensuring that available public

The system is high risk because
it helps allocate an essential
public benefit. It can impact
fundamental rights like dignity
and social protection by influ-
encing who receives or loses

BENEFITS
M (] benefit (not) enjoyed by

Improved matching of housing
benefits to applicants' needs
Shorter wait times for

benefit approvals

Faster fraud detection using
data anomaly alerts

Fewer manual reviews with
autofilled applicant details

housing support.
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of these rules in benefit decision letters
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Fig. 14. The impact assessment card for a housing benefit allocation assistant for public servants reviews
applicants’ socioeconomic data to match them with eligible benefits such as utility assistance and tax reduction
programs. In addition to the risk determination from the EU Al Act [20], the summary box includes the
system’s life cycle stage and the required approvals for operation, as mandated by ISO 42001. [39]. Available

also at https://anonymous.4open.science/r/AIIA_Card/impact-assessment-card-benefit-assistant.pdf.
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