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Abstract. Effective artificial intelligence (AI) system design requires
alignment with user expectations, yet the development process often
prioritizes technical perspectives over user needs. This study examines
the integration of user-selected user experience (UX) evaluation met-
rics within the participatory design process, emphasizing their role in
shape design decisions and system assessment. Through a mixed-methods
approach with 66 participants, including AI developers, designers, and
end-users, we analyze correlations between design features, design char-
acteristics, and UX evaluation metrics. Additionally, the study examines
differences in stakeholder priorities, revealing variations in how partici-
pants value personalization, adaptability, and ethical considerations such
as privacy. The findings suggest that incorporating user-driven evaluation
criteria from the early stages of development can lead to more transpar-
ent, inclusive, and user-centered AI systems.

1 Introduction

Responsible artificial intelligence (AI) emphasizes inclusivity, equity, transparency,
and respect for human rights [1, 2]. While Responsible AI frameworks provide a
strong ethical foundation, defining the core principles of responsible AI, imple-
menting these principles in practice remains a significant challenge, particularly
in ensuring AI systems interact fairly and transparently with diverse user groups
[3]. One approach to designing more responsible AI includes involving end-users
and other stakeholders in the design process through methodologies such as par-
ticipatory design [4, 5].

Participatory design is a democratic methodology that empowers users to
actively contribute to shaping the systems they interact with [6]. Despite its
potential, this approach faces critical gaps in the context of AI development,
particularly in its early stages. Current practices often lack clear methodologies
for integrating users in the process of selecting or defining evaluation metrics,
which are crucial for aligning system design with diverse user needs and prefer-
ences. Furthermore, technical stakeholders frequently dominate the design pro-
cess, which can lead to systems that fail to adequately reflect the priorities of
end-users. These gaps risk undermining user trust and the effectiveness of AI
systems [4, 7, 8].
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The objective of this study is to explore how integrating user-selected UX
evaluation metrics into participatory design processes can enhance the develop-
ment and design of recommender systems that align with both technical goals
and user-centered design principles. By examining the preferences of two key
stakeholder groups, AI developers and end-users, the study seeks to identify ac-
tionable insights for balancing diverse priorities in responsible AI system design.
To achieve this, a mixed-methods approach was employed, combining quantita-
tive analysis of correlations between design features and evaluation metrics with
qualitative insights from stakeholders. By comparing the priorities of AI devel-
opers and end-users, this study seeks to uncover strategies for reconciling these
perspectives. The study aims to investigate whether user-selected evaluation
metrics can serve as valuable design materials within an expanded participatory
design framework.

This paper is organized as follows: Section 2 reviews existing literature on
responsible AI development and participatory design, highlighting the theoreti-
cal underpinnings of this research. Section 3 outlines the research methodology,
detailing the mixed-methods approach used to collect and analyze data. Sec-
tion 4 presents the study’s findings, focusing on the correlations observed be-
tween user-selected metrics and design features, as well as differences in priorities
between stakeholders. Section 5 discusses the implications of these findings for
user-centered AI design and identifies key trade-offs and limitations.

By addressing critical gaps in participatory design practices, this study con-
tributes to the growing discourse on responsible AI by providing empirical evi-
dence on the integration of user-selected UX evaluation metrics into AI design
processes. It demonstrates how these metrics can systematically align system
features with user preferences, improving both usability and inclusivity. Addi-
tionally, the study identifies strategies for balancing the often-divergent priorities
of developers and end-users, offering insights into the trade-offs required to foster
transparency, fairness, and user trust. By presenting correlations between design
features and evaluation metrics, and uncovering key differences in stakeholder
priorities, this research lays a foundation for more effective participatory design
methodologies that re-democratize the design process, prioritizing both technical
and ethical considerations.

2 Earlier Work

Understanding how user-selected evaluation metrics influence participatory de-
sign processes requires grounding the study in existing research on responsible
artificial intelligence (AI), user experience (UX) design, and participatory design
methodologies. This section reviews foundational frameworks and prior studies
that inform the integration of UX metrics into participatory design, highlighting
key gaps and opportunities addressed by this research.
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2.1 User Experience in responsible AI Development

In recent years, AI tools such as algorithm-based recommender systems have
revolutionized UX by enabling personally tailored interactions with technology.
However, AI-induced user experiences involve unique design processes that dif-
fer significantly from conventional UX approaches. One major challenge is the
uncertainty of AI system outputs, as users can only evaluate whether a recom-
mender system works for them on a case-by-case basis [9]. Despite these unique
challenges, current UX-design practices used in AI largely mirror those used
for non-AI systems, prompting researchers to explore whether AI-specific de-
sign practices are needed. Yang et al. [10] proposed a framework to aid human-
computer interaction practitioners address these challenges, emphasizing two
attributes that make AI design uniquely difficult: capability uncertainty and
output complexity.

The UX of digital systems is pivotal for building trust and reducing errors,
but traditional UX principles, like Nielsen Norman’s 10 [11], fall short for AI de-
sign. While these guidelines emphasize usability and user control, they neglect
key principles of responsible AI, such as transparency, privacy, and feedback
loops. As Bodegraven [12] argues, traditional UX frameworks are insufficient
for addressing the complexities of AI systems, which demand new heuristics for
truly human-centered design. However, the fundamental UX-design practices
have demonstrated their value in shaping AI systems around user needs, mini-
mizing misalignment with workflows, and operationalising principles like fairness
in real-world contexts [9, 13, 14, 15].

Balancing user-friendly design with responsible AI principles, such as trans-
parency, interpretability, and privacy protection, is a central challenge in AI
system development. As automation and algorithmic decision-making advance,
ensuring trust and user agency while mitigating bias and promoting fairness
remains critical. Addressing these challenges requires interdisciplinary collabo-
ration and diverse stakeholder engagement throughout the AI life-cycle [16, 5,
17, 18].

2.2 A New Dimension to Participatory Design

Participatory design is a co-design methodology emphasizing democratic involve-
ment, equality, and inclusivity, where diverse stakeholders collaborate to shape
technologies [6].

Hansen et al. [19] introduced a Program Theory framework to analyze how
participatory design connects inputs (resources and knowledge) to outputs (in-
cluding design products and long-term impacts) through key mechanisms and
activities in the design process. These mechanisms, conceptualized as fundamen-
tal principles, include fostering balanced power relations among stakeholders,
promoting mutual learning, and creating a sense of ownership over the design
process. By empowering users and ensuring design outputs align with stake-
holder values, participatory design sustains engagement and has the potential
to addresses challenges in responsible AI, such as fairness, transparency, and
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accountability. The outcomes of participatory design extend beyond immediate
products to include lasting, systemic changes that benefit participants and their
communities, aligning closely with the goals of responsible AI to foster inclusivity
and equity [19].

A critical challenge in AI development is the exclusion of stakeholders early
in the design process, often before key decisions about evaluation metrics or
the system’s necessity are made [20]. This oversight risks creating systems that
prioritize narrow objectives over broader societal needs [4]. Participatory Design
offers a potential solution by engaging stakeholders throughout the life-cycle,
ensuring that the system reflects users preferred criteria and societal values.

To better incorporate and measure diverse stakeholder preferences, Zheng
and Huang propose integrating UX evaluation metrics as design inputs [14].
Their study demonstrates that incorporating these metrics during the input
phase of participatory design enhances AI system development. By revealing
correlations between evaluation metrics, design characteristics, and features, UX
evaluation metrics help designers make more informed, user-driven decisions.
They also empower users to articulate key design values early in the process, fos-
tering inclusivity and responsiveness to diverse needs. For example, their findings
indicate that preferences for features like empathy or emoji use vary depending
on the evaluation metrics applied, underscoring the need for adaptable evalua-
tion frameworks. By expanding the Program Theory framework [19] to integrate
UX evaluation metrics, their work lays the foundation for more inclusive and
effective participatory design in AI.

3 Methodology

This section describes the study structure, the design materials included in the
survey, and the method of data analysis.

3.1 Study Overview

This study builds upon the work of Zheng and Huang [14], who integrated user
experience (UX) evaluation metrics into the Program Theory model [19] to en-
hance participatory design for AI systems. Drawing on their adaptation, this
research applies UX evaluation metrics specifically to recommender systems,
investigating their role in aligning system design with stakeholder needs. Ad-
ditionally, this study examines how two key stakeholder groups, AI developers
and end-users, differ in their design preferences. By comparing how technical and
non-technical participants prioritize UX metrics, this research provides insights
into the diverse expectations shaping AI system development, contributing to
more user-centered and balanced design approaches.

A mixed-method approach was employed, combining quantitative and qual-
itative data collection through a structured survey. Quantitative data aims to
uncover correlations between design features, design characteristics, and evalu-
ation metrics, while qualitative data explores thematic patterns across different
stakeholder groups.
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In addition to the design materials the survey collected information about
participants experience with AI systems asking about experience with recom-
mender systems, frequency of interaction with AI-based applications and expe-
rience with AI design or development. As well as demographic information about
level of education, years of work experience, and country of origin.

Participants were divided into two groups:

– AI Developers: Individuals with experience in AI system development
or design, including industry professionals and students in technical fields
workimng with AI such as Computer Science.

– End-users: Non-technical participants who were likely to interact with the
AI system but lacked experience in AI development or design.

The study includes 28 participants with prior experience in AI development
or design and 38 participants who do not have such experience, providing a
balanced representation. The participants were recruited through professional
networks, online communities, local organizations, and on-campus resources at
Umeå University.

3.2 Design Materials

Following Zheng and Huang’s adaptation of the Program Theory model, UX
evaluation metrics were included as part of the design materials [14]. The design
inputs were collected using a survey with questions presented in clear and acces-
sible language to accommodate participants of all technical backgrounds. Follow-
ing Zheng and Huang’s methodology, participants rated each inputs importance
on a scale of 1 to 5, with 5 being ”Essential” and 1 being ”Not important”.
Participants were encouraged to explain their reasoning behind selecting specific
metrics, offering qualitative insights into their choices. The following section
outlines the parts included in the three major design inputs.

– Design Characteristics (DC). This section explores user preferences for
high-level system attributes and includes 6 questions adapted from previous
research on recommender systems. Free-form questions about preferred plat-
form integration [21], dynamic personalization [21, 22, 23], recommendation
transparency [21, 23], diversity in recommendations [21, 24, 25], for example
”Would you like a recommender system to suggest diverse and novel items,
and how frequently should this occur? ”. It also includes interval scale ques-
tions for cross-platform synchronization of suggestions [21] and the preferred
roles of recommender systems on platforms.

– Design Features (DF). This section focuses on specific functional ele-
ments of recommender systems. The respondents were prompted to rate the
importance of 12 design features on a scale from 1 (Not Important) to 5
(Essential). The design features included in the survey were derived from
prior research on recommender systems. The included design features were:
recommendations based on previous behavior [21, 22, 23], ability to provide
feedback on recommendations [26, 27], suggestions of diverse and novel items
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[25], customization of recommendation criteria [27] adaptation to feedback
or emotional cues (e.g., dislikes), secure handling of sensitive information
[28], quick and accurate updates based on user input, explanations of how
and why recommendations are made [23, 29], mechanisms to report errors or
issues, balancing preferences with ethical norms, clear and easy- to-navigate
interface, unbiased and accurate recommendations.

– User Experience Evaluation Metrics (EV). This section evaluates the
importance of specific UX evaluation metrics for recommender systems. The
respondents were prompted to rate the importance of 15 evaluation metrics
on a scale from 1 (Not Important) to 5 (Essential). Metrics include user and
algorithm behavioral data derived from Zangerle and Bauer’s [23] paper on
recommender system evaluation metrics such as prediction accuracy, rate of
correct recommendations, recommendation novelty, recommendation diver-
sity, unexpectedness of recommendations, fairness of recommendation qual-
ity across users, fairness of recommendation frequency among items, number
of redirects to action (e.g., purchases), time spent reporting errors, time en-
gaging with the app. Additionally, EV include user perceptions data such as
perceived effectiveness of the recommendations, perceived appropriateness of
the recommendations, perceived usefulness of the recommendations, privacy
concerns, perceived ease of use.

3.3 Data Analysis

The data analysis involved both qualitative and quantitative methods to gain a
comprehensive understanding of participant responses. We began by analyzing
the open-ended responses to capture an overall understanding of participant
experiences and insights. Thematic analysis was conducted on the open-ended
responses to identify key themes across participant feedback and compared them
across both groups.

– Correlation Analysis: To examine the relationship between DC, DF and
EV, we applied Spearman’s correlation coefficient. This test assessed the
strength and direction of associations between these variables, providing in-
sights into which characteristics and features were most aligned with partic-
ipant evaluations.

– Group Comparisons: We used the Mann-Whitney U test to compare the
ratings between the participant groups, analyzing if participants with AI
development or AI design experience and those without showed significant
differences in their ratings for design features and evaluation metrics.

4 Results

The correlation analysis examined participants’ ratings of design characteristics
(DCs), design features (DFs), and evaluation metrics (EVs) using a 5-point scale
ranging from 1 (Not Important) to 5 (Essential). For example, participants an-
swered questions such as, ”Do you think a recommender system should be able
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to explain why it suggested a particular item to you? ” This analysis quantified
the strength and direction of correlations between DCs, DFs, and EVs, providing
insights into how specific design elements influence evaluation priorities. Addi-
tionally, a thematic analysis was conducted to identify key themes in participant
feedback, offering deeper insights into the reasoning behind their responses.

4.1 Correlation of Evaluation Metrics and Design Alternatives

As shown in Figure 1, the design feature with the highest number of correlations
were Quick and accurate updates based on user input (DF7) showing strong cor-
relations with 6 EVs. The design characteristic Personalizing recommendations
based on user preferences (DC6-b) exhibited the highest number of intersections
with evaluation metrics, correlating with 5 EVs. The design feature with the
highest number of correlations were Quick and accurate updates based on user
input (DF7) showing strong correlations with 6 EVs.

Fig. 1. Significant correlations of Design Features (DF) and Design Characteristics
(DC) with Evaluation Metrics (EV).

4.2 Correlations Between Design Features and Evaluation Metrics

The design feature Quick and accurate updates based on user input (DF7) demon-
strated significant positive correlations with several evaluation metrics, includ-
ing Perceived Effectiveness (EV11, r = 0.40), Perceived Usefulness (EV13, r =
0.33), and Perceived Ease of Use (EV15, r = 0.33). This indicates that adap-
tiveness, as valued by users, is not strictly a technical measure of system respon-
siveness but rather a subjective experience, how well the system seems to react
and align with user expectations. Notably, this finding highlights an important
distinction: rather than relying solely on traditional technical benchmarks for
evaluation, DF7 may be more meaningfully assessed through user perception
metrics, aligning with how users subjectively experience responsiveness in AI
systems [23].
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The thematic analysis further supports this, revealing that participants highly
value systems that feel responsive and intuitive. One participant expressed this
sentiment explicitly: ”If I dislike something, I would hope that similar items are
not shown” emphasizing the importance of immediate feedback in shaping the
user experience. This preference underscores an experience heavy perspective,
users evaluate responsiveness based on their perception of adaptability rather
than strictly measurable technical parameters. Similarly, participants conveyed
frustration with static or unresponsive systems, as illustrated by one comment:
”I want to see changes based on my actions rather than being forced to en-
gage in irrelevant content.” These insights reinforce the broader expectation that
adaptive, user-centered design enhances trust and engagement in recommender
systems.

4.3 Correlations Between Design Characteristics and Evaluation
Metrics

The results reveal moderate positive correlation between Personalizing recom-
mendations based on user preferences (DC6-b) and Time engaging with the app
(EV10, r = 0.30) suggesting that personalization may foster increased user en-
gagement. This aligns with findings from the thematic analysis, where users
described personalized systems as more intuitive and engaging.

Furthermore, stronger correlations with Perceived Effectiveness (EV11, r =
0.31) and Perceived Appropriateness (EV12, r = 0.36) underscore that trust and
contextual relevance are critical dimensions for evaluating the user experience
of personalized systems. Notably, the strongest correlation with Perceived Use-
fulness (EV13, r = 0.38) highlights that personalization is perceived as a key
driver of system utility. Importantly, all of these evaluation metrics are based on
user perception, reinforcing that assessing personalization through user-driven
evaluation criteria, rather than solely technical performance, can offer valuable
insights into system usability and alignment with user expectations from the
early stages of design.

These correlations, while non-causal, provide insights into evaluation metrics
for assessing the implementation of personalization features in recommender
systems. The thematic analysis complements these findings, illustrating user ex-
pectations for systems that balance familiarity and novelty, foster trust through
transparency, and deliver practical benefits. Quotes such as ”[The system sug-
gesting diverse and novel items is] very important because it saves me time
looking for new products” and ”If I show interest in a certain item, it means I
am likely to get more suggestions on better similar items” further emphasize the
importance of precision, engagement, and utility.

4.4 Differences in Stakeholder Preferences

The Mann-Whitney U test revealed significant differences between participants
with AI development or AI design experience and non-developers in their eval-
uation of DF, DC, and EV. Those with experience of AI development or design
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Fig. 2. Signifcant Differences in Design Feature (DF), Design Charachteristics (DC)
and Evaluation Metric (EV) Preferences between participants with AI design or devel-
opment experience and those without.

consistently rated each variable with a significant difference higher than those
without.

Significant differences were identified between stakeholder groups in their
ranking of design features and evaluation metrics. For example, participants with
AI development or design experience rated features such as Recommendations
based on previous behavior (DF1, p = 0.029), and Perceived appropriateness
(EV12, p = 0.001) to be of greater importance than the participants without.
Additionally, developers and designers assigned higher importance to Perceived
usefulness (EV13, p < 0.001) and Privacy concerns (EV14, p = 0.009), sug-
gesting a heightened sensitivity to both the functional effectiveness and ethical
considerations of AI systems.

5 Discussion

The findings of this study highlight the crucial role of integrating user-selected
evaluation metrics (EV) at the outset of the participatory design of AI systems.
The observed correlations imply that early incorporation of EVs helps streamline
the design process, ensuring user preferences are aligned with the development
of AI systems. Notably, this approach also provides valuable insights into how
these design choices can be effectively evaluated.

First, integrating EVs into the participatory design enables a deeper under-
standing of users’ values and preferences. As shown in Section4.2, significant
correlations were observed between design features (DF) like quick and accu-
rate updates based on user input (DF7) and EVs such as perceived effectiveness
(EV11) and perceived usefulness (EV13). Identifying the evaluation metrics that
are strongest associated with specific design options allows designers to gain valu-
able insights into what users prioritize most in those design features. This not
only enhances the relevance of the design but also empowers users by ensuring
the nuances of their preferences are considered from an early stage.

However, not all design features exhibit strong correlations with evaluation
metrics. For instance, ability to provide feedback on recommendations (DF2)
showed no correlation, suggesting that its independent effect on user satisfaction
in this case may be marginal indicating the need for a holistic design approach.
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Alternatively, the lack of correlation may imply challenges in assessing these
features quantitatively.

Second, including EVs early on helps rationalize the design choices made
by participants. As seen in this study, the correlation analysis provides a clear
guide for understanding which elements of design are most likely to meet user
expectations. This aids in justifying certain design decisions over others, ensuring
that user needs are directly aligned with the resulting design solutions. Such
an approach also fosters a more transparent and user-centered design process,
directly reflecting users’ design inputs.

The study also revealed interesting differences between the priorities of AI de-
velopers and end-users. Developers tended to emphasize systemic considerations
such as privacy concerns (EV14) and perceived appropriateness (EV12), which
can be attributed to their deeper understanding of AI systems and their asso-
ciated regulatory and ethical responsibilities. This contrast does not necessarily
suggest conflicting priorities between stakeholders but might reflect the distinct
perspectives and strengths of developers and designers, who must balance tech-
nical robustness with user trust and ethical guidelines. Their focus on privacy,
for example, underscores the importance of safeguarding user data and ensuring
compliance with legal frameworks, which are critical in AI system development.

The broader implications of integrating user-selected metrics into the early
stages of the participatory design process of AI are significant. These metrics not
only help rationalize design decisions but also promote inclusivity by capturing
a range of user preferences. By aligning design features with community values
and expectations, AI systems can be designed to be not only user-friendly but
also ethically responsible. The integration of such metrics operationalizes key
principles of responsible AI, such as fairness, privacy, and transparency, providing
measurable standards to guide the design and refinement of AI systems.

5.1 Study Limitations

The findings must be interpreted within the context of its limitations. The re-
liance on self-reported data introduces potential biases, such as social desirability
or inaccurate recall. Additionally, the study’s broad methodological scope may
limit its generalizability, as participants’ interpretations and experiences with
specific AI systems may have varied significantly. Challenges in simplifying AI-
specific terminology during survey design may have further impacted the clarity
and reliability of responses. The comparison between user and developer pri-
orities highlights this issue, as qualitative data shows that participants with
technical AI experience provided more detailed answers, reflecting a deeper un-
derstanding of context and terminology. Finally, while the structured survey
format was effective for data collection, it may have constrained participants’
ability to articulate nuanced perspectives, particularly regarding trade-offs in
design decisions.
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5.2 Future Work

Building on these findings, future research could refine the participatory de-
sign methodology by systematically mapping stakeholder preferences to evalua-
tion metrics, allowing for more tailored and transparent assessment frameworks.
Given the observed differences in user priorities, further studies could explore
strategies for reconciling divergent perspectives, ensuring that AI systems ac-
commodate both technical feasibility and experiential expectations. Addition-
ally, expanding the methodology to incorporate structured mechanisms for mea-
suring and implementing ethical principles, such as fairness, transparency, and
privacy, could enhance its applicability in responsible AI development. Longi-
tudinal studies examining how user preferences evolve over time in real-world
deployments would also provide valuable insights into the long-term impact of
the participatory design framework in dynamic AI systems.
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