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ABSTRACT

The Al Ethics community faces an imperative to empower stake-
holders and impacted community members so that they can scruti-
nize and influence the design, development, and use of Al systems
in high-stakes domains. While a growing chorus of recent papers
has kindled interest in so-called “participatory ML” methods, pre-
cisely what form participation ought to take and how to opera-
tionalize these ambitions are seldom addressed. Our survey of the
relevant literature shows that in many papers, participation is re-
duced to highly structured, computational mechanisms designed to
elicit mathematically tractable approximations of narrowly-defined
moral values. Of papers that actually engage with real people, these
engagements typically consist of one-time interactions with indi-
viduals that are often unrepresentative of the relevant stakeholders.
Motivated by these clear limitations, we introduce a consolidated set
of axes to evaluate and improve participatory approaches. We use
these axes to analyze contemporary work in this space and outline
future Al research directions that could meaningfully contribute to
operationalizing the ideal of participation.
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1 INTRODUCTION

With the proliferation of data-driven algorithms automating or
assisting high-stakes decisions in diverse societal domains [3, 60],
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the project of ensuring that these algorithms align with stake-
holder values has taken on new urgency. As scholarly work on
Fairness, Accountability, Transparency, and Ethics (FATE) has ma-
tured, a growing chorus of voices within the research community
has called for centering issues of power, agency, equity, and par-
ticipation [8, 9, 50, 71, 79]. For example, in addressing the goal of
achieving fairness, scholars have highlighted the importance of
determining precisely whose judgments about what constitutes
fairness should be prioritized and how those values should be op-
erationalized [67]. Offering appropriate responses to these critical
questions requires the research community to design effective pro-
cesses and mechanisms to involve stakeholders in the ideation,
design, development, and use of ML systems in order to make sure
these systems reflect their values and make deliberate, morally ac-
ceptable trade-offs when those values conflict with one another.
Beyond a mechanism for value alignment, participation has been
hailed as an end on its own and an essential ingredient of broader
justice-related ideals, such as procedural fairness and democratic
governance [77].

To heed these calls and include non-expert stakeholders in the
process of designing, evaluating, and deploying ML-based decision-
making systems, a recent line of work in AI/ML has supplied com-
putationally feasible mechanisms to elicit stakeholders’ moral pref-
erences and values. For example, one early and influential study
of this kind was the Moral Machine study, which went viral and
attracted millions of internet users [6]. As described in Section 4,
participants were posed pairwise comparison questions in the form
of “trolley problems” [73]. In each scenario, they were asked to
choose whose lives to prioritize, e.g., passengers’ or pedestrians’, in
the face of an unavoidable accident. In follow-up work, Noothigattu
et al. [59] used the data from the study to propose an algorithm
to model and aggregate participants’ moral preferences by estimat-
ing and averaging linear utility models in the hopes of reflecting
all participants’ preferences. Structured, computationally efficient
mechanisms of this type are frequently designed to elicit mathe-
matically tractable approximations of narrowly-defined values, and
they have sometimes been referred to as “Participatory ML”. The ra-
tionale behind these methods is to provide the precision, formality,
and scalability needed to model and capture moral values in ways
that enable ML experts to translate them directly into measures
and objective functions for developing and evaluating ML systems.
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While the intention behind the above line of work is noble and
prior work in the area has provided several intriguing observa-
tions [44, 64, 71], we contend that there are fundamental limitations
to these so-called “participatory ML” approaches. In particular, we
critically examine the leap from structured preference elicitation
to participatory design for value alignment. Through an extensive
literature review and comparative analysis of several existing meth-
ods, we outline ten axes along which participation (by non-technical
stakeholders) should be evaluated:

(1) Is the target stakeholder group represented appropriately?

(2) At what stage of the ML lifecycle is their participation
sought?

(3) Is the appropriate setting for effective participation pro-
vided?

(4) Are adequate resources available to facilitate participation?

(5) Are there communication channels between participants
and researchers to discuss the participatory task and the
significance of its outcomes?

(6) Are the affordances and limitations of the elicitation mech-
anism adequately scrutinized, understood, and addressed?

(7) What are the mechanisms for conflict resolution?

(8) Do participants get to review and provide feedback about
the process and outcomes of their participation?

(9) Does the participation benefit and empower the target stake-
holder group?

(10) And finally, have the researchers properly evaluated their

proposed approach?

To illustrate the utility of our proposed guidelines, we selected
five influential participatory ML articles published in recent years
and critically evaluated their contributions through the lens of our
ten criteria. While the majority of these contributions required little
in the way of resources, they all lacked adequate representation
of stakeholder groups. Additionally, four of the five had mixed or
unsatisfactory results along half of our axes, notably empower-
ment and communication channels. These findings suggest that
while preference elicitation may pose an interesting computational
problem, the corresponding methods are insufficient for addressing
stakeholders’ needs around participation.

In conclusion, as issues of empowerment, control, and agency
take center stage in the Al ethics discourse, the research community
must strive to provide real avenues of participation to marginalized
stakeholders and impacted community members. We hope that the
critique put forward here motivates future research toward closing
major gaps and shortcomings of existing approaches and identifies
new directions for impactful contributions, including considering
participatory methods beyond traditional preference elicitation,
increasing the representation of members of target communities
in ML research and development teams, and acknowledging the
fundamental limitations of ML as a tool to address complex socio-
technical challenges on its own.

2 RELATED WORK

In this section, we provide a brief overview of participatory design,
its general critiques, and similar approaches in the context of AI/ML.
We also highlight notable recent surveys of participatory design for
Al and data practices that, while different in scope and scale from
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the current contribution, are recommended to the interested reader.
We end this section with a brief overview of preference elicitation
mechanisms proposed recently in CS venues.

2.1 An Overview of Participatory Design

Participatory design (PD) can be described as an approach to design
that centers users in the design process [18, 45, 70]. While it origi-
nated in Scandinavian workplaces as a way to empower workers
in light of technological changes [70], it has also been deployed
in areas of governance and sustainable development as a way to
empower citizens, particularly in the Global South [39, 45]. More
recently, some have proposed that machine learning and automa-
tion can help increase participation in governmental processes, for
example, by using natural language processing (NLP) to help citi-
zens audit their government [65] or aid stakeholders in negotiating
proposals and peace talks [4, 5].

However, others have argued that due to the large impacts that
algorithms can have on people’s lives (e.g., [3, 60]), participation in
design of the algorithms themselves should be prioritized [2]. In line
with this argument, researchers have employed qualitative partici-
patory approaches to build algorithmic systems across a range of
domains, including but not limited to Wikipedia content modera-
tion [30, 69, 81, 83], teacher assistance tools [37], feminicide news
and data collection [23, 72], and legal document review [19]. While
our survey centers works that utilize quantitative/computational
approaches to preference elicitation to build value-aligned models,
it is important to highlight the qualitative work around PD as they
share similar goals and are, at least for some design choices, more
appropriate for achieving the goals of participation.

2.2 Critiques of Participatory Design

In spite of the general excitement around PD, it is not without its
share of critics. In particular, Cooke and Kothari [17] and Mohan
[55] criticize participatory approaches to government and develop-
ment as they have been applied in the Global South. They argue
that local practices may not always stem from culture but rather
from necessity (i.e., due to scarcity of resources). They also cri-
tique homogenizing participants as a single group (resulting in
participation benefiting certain subgroups more than others), and
assuming norms and communication are similar (enough) to West-
ern counterparts. In response, Kesby [46] concedes that “[these]
are important criticisms” but nevertheless counters [17]. Using the
author’s prior work studying gender relations and HIV in Zim-
babwe, Kesby highlights that blind resistance to participation on
account of it involving power dynamics and domination is danger-
ous, and argues that well-utilized participation can actually lead to
beneficial societal changes.

Focusing on participatory approaches to AI/ML design, Brat-
teteig and Verne [12] argue that various aspects of Al including
lack of transparency, possibility of biased data, and the need to
adapt to new situations through constant training, can make it diffi-
cult for Al and PD to work together. Additionally, Delgado et al. [20]
note that even though various practitioners are in favor of greater
stakeholder participation in algorithm design, what constitutes par-
ticipation in this sense is actually not clearly defined. Robertson and
Salehi [63] and Sloane et al. [68] take their criticism a step further,
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positing that participation can actually prevent progress or promote
exploitation—depending on the choices available to participants.

There are various answers to the above critiques. For instance,
recent work has proposed participatory frameworks for handling
difficulties posed by PD and AI alike. Martin Jr et al. [53] put for-
ward Community-Based System Dynamics (CBSD), which involves
engaging stakeholders via causal loop diagrams and simulations
to learn and include their viewpoints. Hossain and Ahmed [38]
directly respond to Bratteteig and Verne [12] with a different ap-
proach they denote as agile PD. Drawing parallels with both ag-
ile software development and political activism, agile PD centers
marginalized voices by leveraging stakeholders’ spokespeople, al-
liances between practitioners and stakeholders, and stakeholder
involvement in engineering processes. Hossain and Ahmed note
that it is not a panacea to all of the issues raised in Bratteteig and
Verne [12]. Nevertheless, they believe that “agile PD is a first major
step towards having a design method used with marginalized people
that may be transferable to the design of Al technologies, but also
revamped so that it does not encounter and contain the issues that
exist with present-day PD.” Bondi et al. [10] respond to Sloane et al.
[68]’s concerns of participation-washing with another framework
called Participatory Approach to enable Capabilities in communiTies
(PACT). PACT centers stakeholder participation in building Al for
social good by inviting stakeholders to evaluate how resulting Al
systems distribute and expand human capabilities. We draw from
these critiques and responses in formulating our guidelines for
participatory ML.

Addressing qualitative participatory approaches to Al algorithms,
Birhane et al. [8] perform three case studies. The first involves par-
ticipatory building of NLP-based translation tools for low-resourced
languages in Africa. The second discusses an indigenous commu-
nity’s participatory shaping of data usage agreements. The third
details a framework for participatory approaches to dataset docu-
mentation. Each of these case studies employs analysis in terms of
benefits and shortcomings via priorities and related work similar
to ones used here (e.g., [45]). What distinguishes our work is our
focus on quantitative approaches proposed by AI/ML researchers
and our critique structured around a set of axes along which such
participatory approaches can be assessed.

2.3 A Survey of Preference Elicitation for ML

To gather papers for our literature review, we employed several
approaches. We primarily consulted the proceedings of top confer-
ences and journals that were likely to publish contributions that
fit our definition of participatory ML. These venues included but
were not limited to AAAI FAccT, CHI, CSCW, AIES, and EAMMO.
We also followed citation trails to and from widely cited papers in
our repository, and used searches across Google Scholar and Arxiv
to find additional related work.

The results of this review are summarized below. We grouped
the articles retrieved by this search into one of two categories based
on the goals the participation aimed to achieve: use cases of moral
preference elicitation or performance metric elicitation.

Use cases of moral preference elicitation. Numerous participa-
tory ML approaches have sought to create value-aligned algorithms
for certain use cases through moral preference elicitation. Awad et al.
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[6] introduce the Moral Machine experiment, a study in which par-
ticipants from various countries were posed questions that probed
their beliefs about autonomous vehicles. Based on the results of
that study, Noothigattu et al. [59] propose a method to construct
a utility model to reflect the collective preferences of the partici-
pants, which in turn could quickly navigate ethical quandaries in
a deployed system. Lee et al. [52] use similar techniques as [59]
in conjunction with interview and workshop sessions. They do so
to build a donor-recipient matching prioritization algorithm for
a food delivery nonprofit based on participatory input from rele-
vant volunteers and stakeholders. Kahng et al. [43] generalize the
framework proposed in [52] to motivate algorithms that model par-
ticipants’ beliefs in order to facilitate democratic voting processes
via automation. Kahng et al. [43] indirectly builds on earlier work
by Lee et al. [51] to motivate participatory democracy via voting
rules such as Borda count and Condorcet winner voting. Outside of
the algorithmic governance space, Freedman et al. [27] demonstrate
how to use participatory input to build kidney exchange algorithms
that reflect stakeholders’ beliefs. Johnston et al. [41] utilize prefer-
ence elicitation in the medical resource allocation space, but their
application domain is COVID-19 resource triage.

Performance metric elicitation. Another branch of participa-
tory ML work involves building metrics to assess algorithms based
on what is most important to participants. Ilvento [40], Jung et al.
[42], Mukherjee et al. [58], and Bechavod et al. [7] propose methods
to estimate individual-level definitions of fairness (as described in
[24]) based on participant queries. Yaghini et al. [78] use Equality
of Opportunity, as opposed to individual definitions of fairness, for
metric elicitation. Hiranandani et al. [33, 34, 35, 36] apply metric
elicitation to derive metrics that pertain to performance or group-
level fairness. While these works have sought to build new metrics
based on stakeholder input, others have explored which existing
notions of fairness and feature selection most align with stake-
holders’ values. Saha et al. [64], Saxena et al. [66], Srivastava et al.
[71], and Harrison et al. [31] assess participants’ understanding of
different fairness metrics and observe conditions under which they
prefer some metrics over others. They do so based on crowdsourced
responses to online surveys. In comparison, Cheng et al. [14] pro-
pose an interview protocol and user interface to help stakeholders
weigh tradeoffs between metrics and gauge responses. Instead of
gathering participants’ thoughts on metrics, Grgic-Hlaca et al. [29]
and Van Berkel et al. [75] explore what feature usage participants
consider “fair” to use. Kasinidou et al. [44] further researches sub-
tleties regarding what participants consider agreeable versus what
they consider fair in decisions made by automated systems.

In Section 4, we offer further details and critical evaluations
for a small selection of the above quantitative elicitation methods
[27, 40, 52, 59, 71]. As we will argue shortly, our focus on these
contributions is motivated by the attention they have garnered and
is meant to illustrate evaluation via our axes (proposed in Section 3)
through several concrete case studies.

3 TEN AXES FOR EFFECTIVE PARTICIPATION

Drawing on our extensive literature review and our sustained direct
experience working with impacted community members, we pro-
vide a necessary set of axes for a quantitative approach to contribute
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to the meaningful involvement of non-technical stakeholders in the
design and use of ML systems. Table 1 summarizes our guidelines,
and the rest of this section elaborates on each in more detail.

Representation. Our first axis concerns the representation of
stakeholders in the participatory activity. We argue that stakeholder
groups should be represented commensurate to their need for/claim
to empowerment and that participants should be generally repre-
sentative of their respective stakeholder population. These considera-
tions serve to center marginalized voices in the activity. As noted
by Cooke and Kothari [17] and Mohan [56], failing to do so may
result in benefits of participation being enjoyed solely by those
with prior privilege(s) and/or good social standing. Ideally, a rep-
resentative individual or committee should also be placed in the
research and development team.

Stage. The next axis pertains to how participants are involved
in the ML lifecycle; namely, it concerns which part(s) of the ML
pipeline (e.g., ideation, design, development, deployment, or main-
tenance) participants can affect. Our guidelines stipulate that par-
ticipation generally requires engagement as early as possible and at
multiple stages of the ML lifecycle as opposed to a one-time engage-
ment after the system is already built and deployed. For instance,
issues could arise if participants were involved in how the model
performance was assessed but excluded from the data selection
phase. Additionally, given that cultural norms and values evolve
and that knowledge of a system’s shortcomings accumulates over
time, a one-time interaction may not suffice to decide how (or
whether) the ML system should be maintained or discontinued.

Setting. The setting in which participation takes place is the next
crucial component of our guidelines. Specifically, we contend that
participation should be conducted in an environment that is comfort-
able, familiar, and beneficial to participants. If participation takes
place in an unfamiliar or uncomfortable setting (e.g., research lab
or company headquarters as opposed to one’s own neighborhood),
processes may not elicit true, underlying views of the participant
(e.g., due to pressure or coercion, etc.). Moreover, a beneficial setting
guarantees fair compensation for participants (relative to that earned
by the system’s researchers and developers) regardless of outcomes
of the participation itself. Sloane et al. [68] argue for “recogniz[ing]
participation as work,” and one way of doing so is to provide pro-
portionate compensation, especially in cases where downstream
deployed systems can yield nontrivial financial benefits for its de-
signers and practitioners.

Resources. We argue that the participatory activity should be
designed to be compatible with realistic resource constraints. This
axis promotes forms of participation that require minimal partici-
pant resources for effective engagement. For example, the meaningful
participation should not assume background knowledge that the
stakeholder group does not possess.

Communication. As argued by Kelty [45], “The experience of par-
ticipation must include the sense not only of having spoken, but of
having been heard.”! To take this into consideration, we recom-
mend that there should be open-ended communication channels be-
tween practitioners and participants to discuss the activity. In addition,

!Emphasis added by Kelty.
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we suggest that practitioners should provide adequate background
information to participants and should communicate outcomes of the
activity to participants in a way they can understand and probe. If
participants are not provided requisite information on the problem
the ML system is trying to solve (e.g., use cases and auditing met-
rics are obfuscated by technical jargon) and there are no ways to
clarify misunderstandings, their participation may not reflect their
true beliefs. Additionally, if results are not disclosed or understood,
participants may rightfully feel exploited.

Elicitation. The specific mechanism and interface used for elic-
iting participants’ judgements and values can have a significant
impact on the the outcomes and perceptions of the activity. We
suggest that elicitation should be done in a multifaceted manner
that requires reasonable effort from participants while accounting
for realistic human conditions (e.g., psychological tendencies and
biases). This is in contrast to approaches that may utilize one form
of elicitation (such as structured elicitation through pairwise com-
parisons), saddle participants with cognitive burdens, or assume
rational agent models. As Vaughan [76] and Koppol et al. [48] in-
dicate, humans are not oracles and can get tired, make mistakes,
or even lie under certain circumstances. Therefore, participatory
approaches that assume away these possibilities may fail in practice.

Conflict resolution. Aside from channels of communication be-
tween researchers/practitioners and participants, participants should
be empowered to communicate with one another, especially to deliber-
ate and resolve disagreements. Handling differences solely by crude
enforcing mechanisms (such as majority rule) may quash a key as-
pect of participation and lead to unacceptable outcomes [49, 61, 63].

Feedback. Participatory approaches should allow participants to
provide continual feedback to researchers and practitioners about
every aspect of the activity, not just the specific question(s) of
interest to researchers. For example, participants should be able
to voice their concerns about the project generally or about the
nature of their participation in particular. Our guidelines support
participation that offers multiple channels for continual feedback.
Failure to provide these channels may result in participants feeling
undervalued, unheard, and exploited.

Empowerment. One of the most important axes considered by
our guidelines is how participation actually affects the target popu-
lation and their relevant outcomes. We emphasize that the target
stakeholder group should benefit from participation beyond adequate
compensation for their effort. Participants should gain better control
over the design process and outcomes as well as the benefits the activ-
ity produces. The former is in line with existing human participant
research practices (e.g., the Belmont Report, as summarized in [54]).
For example, if the participants’ involvement leads to significant
research insights or accuracy gains, they should be acknowledged
as co-authors and co-creators of the resulting artifact.

Evaluation. Lastly, our guidelines encourage researchers and de-
velopers of participatory mechanisms to critically evaluate their
proposal. We emphasize the need to verify the efficacy and validate
with people (as opposed to relying on simulations or mathemati-
cal proofs). Testing with actual human participants could uncover
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Sample Prompts
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Satisfactory Examples

Unsatisfactory Examples

Representation

Stage

Setting

Resources

Communication

Elicitation

Conflict resolution

Feedback

Empowerment

Evaluation

practical challenges and limitations that proofs or simulations can

never identify.

Are all stakeholder groups represented commen-
surate to their need for/claim to empowerment?
Are participants representative of their respective
stakeholder population?

At what stage(s) of the ML lifecycle are partici-
pants engaged? What is/are the specific choice(s)
for which participants can provide input?

What are the conditions under which participa-
tion takes place? Is the setting familiar, comfort-
able, and beneficial to participants?

What participant resources (e.g., time, money,
background knowledge and expertise) are re-
quired for meaningful participation?

Can participants and practitioners communicate
about the task? What background information is
provided to participants about the ML system and
the participation activity? How is the outcome of
the activity communicated with them?

How are values elicited? What kinds of assump-
tions are made to capture those values?

How are the conflicts of opinion among partici-
pants brought forward and handled?

Do participants have effective channels to provide
continual feedback and voice concerns both about
the participation outcome and the process?

Does the participation empower/benefit the tar-
get population? How much control does it afford
to participants? Can participants prevent tech-
nologies from being built or suggest entirely new
routes?

How are participatory mechanisms/frameworks
evaluated/validated? Have the findings been re-
produced under various conditions?

Table 1: Ten axes to evaluate participatory ML proposals.

Stakeholder groups are adequately rep-
resented; marginalized voices are cen-
tered; a representative stakeholder has
a long-standing voice in the broader re-
search/development project.

Engagement at multiple stages; provid-
ing input on impactful choices in each
stage

Face-to-face human interactions; famil-
iar location; adequate time and compen-
sation

Minimal resources needed for practical
usage

Open-ended communication channels
exist; participants are provided enough
information accounting for their prior
knowledge; results disclosed to partici-
pants in an understandable manner

Multiple methods and user interfaces
to elicit the same value; accounting for
psychological effects

Channels to handle disagreement and
deliberation among participants

Feedback channels outside of elicitation

Participation provides great control
over development and future benefits

Co-design and testing with real human
participants

4.1

Inadequate representation of key stake-
holder groups; marginalized voices re-
main marginalized and disempowered.

One-time engagement; focus on unim-
pactful choices

Virtual interactions; unfamiliar loca-
tion; insufficient time and compensa-
tion

Nontrivial resources and time invest-
ment required

No communication channels exist; par-
ticipants lack the context required to un-
derstand the task; results not disclosed;
disclosure is too high-level or technical.

(Only) structured elicitation mecha-
nism; Unrealistic agent models

(Only) crude voting mechanisms used
to handle disagreements

No feedback channels exist

Participants have little control over the
process/product and little or no access
to benefits

(Only) verification with simulations and
mathematical proofs

Moral Machine Voting

4 CASE STUDIES

While interest in this area has exploded in recent years, some works
in particular have been highly influential. Specifically, they have
been widely cited (e.g., on the order of 100 to 1000 times) and have
inspired numerous follow-ups. As such, many of the other works
in this field utilize similar ideas and fare similarly with respect to
our axes. The review and critique in this section consist of in-depth
case analyses of a handful of influential works in participatory ML,
as a concrete illustration of the utility of our axes. Our assessments
of these works are summarized in Table 2.

4

Description. Awad et al. [6] study the Moral Machine experiment
in which people from around the world were queried about their
personal ethics regarding autonomous vehicles. Specifically, users
were posed questions similar to the Trolley Problem [73] in that in
the face of an unavoidable accident between a self-driving car and
pedestrians, they were asked to answer whose lives should be pri-
oritized: those of the pedestrians or those of the vehicle’s passengers?
under varying conditions (e.g., young passengers, elderly pedestri-
ans, etc.). Noothigattu et al. [59] subsequently use data collected
from this experiment as an example and proposes a method to learn
linear utility models based on Thurston-Mosteller (TM) processes
[57, 74] that approximate individuals’ beliefs, after which these
models can be averaged together to obtain an overall model that
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Cases
Axis Noothigattu et al. [59] Tlvento [40] Srivastava et al. [71] Lee et al. [52] Freedman et al. [27]
Representation Unclear target population, Unexplored, no human
possible selection bias, mis-  involvement, left to im-
match of norms plementers
Stage One-time engagement; at One-time engagement One-time engagement Model training stage
data collection stage during model evaluation  during model evaluation
stage
Setting Unexplored, left to imple-
menters
Resources Unspecified, assumes Nontrivial time and ef-
knowledge of problem fort required from partic-
and access to querying ipants
system
Communication Unspecified, left to imple-
menters
Elicitation

Conlflict resolution

None; assumes individual
agent or body capable of
coming to consensus

Feedback None None
Empowerment Unclear Unclear
Evaluation Evaluation via simulation =~ Theoretical vetting via

Table 2: Details of case study assessments across each axis of participation.
relative unsatisfaction, and

on both synthetic and real-
world pair-wise compari-
son data

proofs of convergence

indicates mixed results.

ideally reflects the preferences of all participants. The authors con-
clude that the resulting model could be deployed at runtime and
quickly decide the best alternative (in terms of utility maximization)
that should be in line with the population’s norms.

Evaluation. Based on Awad et al. [6]’s setup, given the scope

and scale of the experiment, the target population is unclear. How-
ever, selection bias through requiring interest and internet access
to participate may affect stakeholder representation. In particular, a
“[w]orld map highlighting locations of Moral Machine visitors” in [6]
illustrates noticeable sparsity in areas of the Global South, includ-
ing but not limited to large swaths of Africa, South America, and
east and central Asia. Given that existing literature also suggests

43

None; assumes individual
agent or body capable of
coming to consensus
None

Unclear Unclear

indicates relative satisfaction, orange indicates

that Western norms may not cleanly map to non-Western societies
[9, 32], the experiment may not have truly elicited global values. Ad-
ditionally, as described, Noothigattu et al. [59]’s model only allows
for a one-time engagement of stakeholders. Pairwise comparison
queries were posed via image comparisons to eliminate language
barriers (see [6]) and participants could participate in their environ-
ment of choice, so the setting is reasonable. Provided participants
have access to Internet and social media, resource requirements
would also be minimal, as these are the only resources required
by this framework. However, the protocol in [59] does not involve
communication between participants and practitioners, and there is
also only one structured elicitation mechanism through voting that
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does not allow for conflict resolution between participants. More-
over, the protocol does not provide feedback channels or empower
participants in the process, and simulations and [6]’s dataset were
used to evaluate the approach. Beyond our guidelines, Chan et al.
[13] highlights that stakeholder identity in terms of gender and
perspective (i.e., passenger versus pedestrian) may affect elicited
preferences, and EI-Mhamdi et al. [25] and Feffer et al. [26] prove
that the averaging approach employed here is not robust in the
case that participants vote strategically.

4.2 Metric Learning for Fairness

Description. In light of existing work highlighting how various
definitions of fairness may be mutually unsatisfiable under certain
conditions (e.g., Chouldechova [15], Kleinberg et al. [47]), Ilvento
[40] describes mathematically how to elicit metrics of fairness from
people. The author does so by introducing an algorithm to obtain
a metric grounded in an individual-based definition of fairness
(such as the one described at length in [24]) from an agent by
posing questions about the distance metric to use for the definition.
Specifically, there are two types of queries posed to the agent:

(1) real-valued distance queries: questions inquiring about the
distance between two individuals (e.g., D (u, v) for individu-
als u,v), and

(2) triplet queries: questions inquiring about whether one indi-
vidual in a set of three is closer to one versus the remain-
ing individual in the set (e.g., D(a,b) < D(a,c) versus
D(a,c) < D(a,b) for individuals (a, b, c)).

Given these types of queries, the rest of the paper describes how to
learn an individual-level fairness metric from these queries based on
a finite set of N individuals and proves that their methods of doing
so, specifically by choosing a set R of representative individuals and
comparing them to other members of the set while using properties
of a distance metric to order everyone, converge with total numbers
of queries polynomial in O(|R|N).2 The work assumes that the
agent is a single person or body of people “free from explicit biases
or arbitrary preferences” but does not perform any analyses with
actual human participants.

Evaluation. Participant representation is unconstrained and there-
fore determined by the researcher(s) or practitioner(s). Given that
this method elicits preferences regarding performance metrics, any
participants are only involved at a single point of the ML pipeline
(the evaluation phase) and only have power over determining the
output metric. Setting, communication, and participant resources
are also unconstrained beyond assumptions of ample problem con-
text and access to the querying system. The approach uses struc-
tured elicitation and utilizes a rational agent model. It also assumes
that if the agent is actually a body of people, they should be able to
come to consensus and resolve any disagreements amongst them-
selves. Therefore, there are no methods to handle disagreements

2The bounds reported by Ilvento [40] take the form O(|R|N) multiplied by a loga-
rithmic factor and range from O(|R|Nlog N) to O(\RlNlog é) depending on the

assumptions and querying algorithm provided, where ¢y, is “the minimum precision
with which the arbiter can distinguish elements or distances.”
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between participants.> As described, there are also no feedback
channels. Evaluations were performed via proofs of convergence
and not with live participants.

4.3 Eliciting Perceptions of Fairness

Description. An alternative approach to eliciting value-aligned
models or metrics is to determine which type(s) of performance peo-
ple generally prefer or may want to prioritize for a given situation.
To that end, Srivastava et al. [71] conduct three experiments with
Amazon Mechanical Turk (MTurk) workers to explore conditions
under which stakeholders may want to prioritize a certain definition
of fairness as opposed to predictive accuracy or vice-versa. The first
two experiments posed pairwise comparison queries to participants
that asked which one of two algorithms was more discriminatory
based on output of the algorithms in terms of predictions, ground-
truth values, and demographics of people affected (namely their
race and gender). One experiment involved algorithms to predict
criminal recidivism while the second discussed algorithms to pre-
dict skin cancer likelihood. The researchers used the Equivalence
Class Edge-Cutting (EC?) algorithm [28] to simultaneously limit the
number of queries to ask participants and estimate the mathemati-
cal definition of fairness that aligned with participants’ responses.
They found that demographic parity agreed with participants’ an-
swers the most often in both of these experiments, contrary to
their hypotheses that equality of false positive or negative rates
would be prioritized in the criminal recidivism setting while equal-
ity of accuracy would be prioritized in the skin cancer setting. In
their last experiment, participants were asked to decide which of
three algorithms with different fairness-accuracy tradeoffs should
be used in a given setting. For instance, one of these algorithms
had high accuracy for both men and women but at different rates
while another algorithm with overall lower accuracy had equal
accuracy across demographic subgroups. There were four settings
in question that varied both the domain and stakes of the decisions
being made:

(1) Skin cancer prediction (medical domain, high-stakes),

(2) Flu virus prediction (medical domain, low-stakes),

(3) Jail time prediction (criminal justice domain, high-stakes),

(4) Bail amount prediction (criminal justice domain, low-stakes).
In the end, they found that participants preferred accurate algo-
rithms when the setting involved high-stakes decisions and fair
algorithms when the setting involved low-stakes decisions, regard-
less of the setting’s domain. The authors conclude by specifying
limitations of their work (such as that they only considered algo-
rithms with similar levels of accuracy, but larger differences in
accuracy may have yielded other results) and suggesting future
directions, arguing in particular that “Algorithmic decisions will
ultimately impact human subjects’ lives, and it is, therefore, critical
to involve them in the process of choosing the right notion of fairness,”
and that their work is “an initial step” in this direction.

Evaluation. In terms of representation, the sample of participants
contained slight deviations from the US Census. While this work in-
volves more than one interaction with participants, all experiments

3Tlvento [40] explicitly states “When human fairness arbiters strongly disagree, we
consider this to be a situation where discussion between the human fairness arbiters,
and perhaps additional external parties, is needed””
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are limited to determining the fairness notion that most cleanly
maps to their intuition. This in turn only relates to one part of the
ML pipeline . Even though ample context about each problem was
provided to the participants in their place of choice and resource
requirements only involved access to MTurk, this work uses struc-
tured elicitation via MTurk as opposed to face-to-face interactions.
The approach also lacked communication protocols, strategies for
resolving conflicts between participants, and participant empower-
ment. While there were feedback channels for providing additional
comments on the experiments, this input seemed to have no effect
on determining the flow of the overall study. This being the case,
evaluation of the approach still involved humans, in addition to
quantitative and qualitative result analysis.

4.4 WeBuildAI

Description. In [52], Lee et al. summarize their work with a local
nonprofit food delivery organization. Their goal was to improve the
matching algorithm used to connect establishments with leftover
food to recipient groups that could use it. As modifications to this
algorithm involve a number of stakeholders with different pref-
erences, the researchers believed a participatory approach would
work well. The resulting format consisted of three phases. The first
involved individual belief elicitation by creating models through
pairwise questions (based on TM processes, similar to Noothigattu
et al. [59]) or optionally via manual specification of scoring rules.
The next used Borda count voting aggregate recommendations from
these individual models and involved asking stakeholders who, if
any of you, should be prioritized in this voting process? (in this case,
they almost unanimously chose to prioritize the food delivery orga-
nization over donors and recipients). Lastly, the research team built
and presented an interface to stakeholders in order to communicate
effects of their participation on future decisions, namely in terms
of explanations, preference rankings, and vote counts of various
outputs. Each part of this process was conducted via in-person
workshop and study sessions, and participants were compensated
for their time and effort. However, participants were mostly a ho-
mogeneous group based on demographics (primarily white female),
which the authors attribute to volunteer-based sampling.

Evaluation. While selection bias yielded a participant group that
was not very diverse, the resulting participants were involved at
multiple points in the algorithmic development process during
face-to-face meetings. Sessions were conducted at participants’
convenience and for which they were paid, and each provided par-
ticipants with appropriate context. This being said, this method of
participation was resource-intensive for the participants due to the
time and effort needed to interact with the researchers. Results of
these sessions were communicated to stakeholders during follow-
up sessions and the built interface, and even though structured
elicitation approaches were used at various points, participants
had the ability to modify inputs to these approaches (such as by
making individual models through explicit rules or altering Borda
count voting power). Stakeholders had channels for feedback and
deliberation and were also empowered by having control over sev-
eral parts of the development process. Researchers’ methods were
evaluated based on these in-person workshop sessions.
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4.5 Value-aligned Kidney Exchange Algorithm

Description. Freedman et al. [27] build on a long line of research
on kidney exchanges (e.g., Abraham et al. [1], Dickerson et al.
[21, 22]). The authors do so by reasoning about how to incorporate
moral preferences into their clearing algorithm (e.g., the belief non-
smoking individuals should be prioritized to receive kidneys over
smoking individuals). The work illustrates a proof-of-concept ap-
proach in this regard via two experiments in which MTurk workers
were used as participants. The first experiment ascertained MTurk
workers’ thoughts on which patient attributes should be relevant to
decisions about prioritization. The next involved asking another set
of MTurk participants a number of pairwise comparison questions
to learn how they prioritized donating kidneys. Specifically, each
comparison involved answering a hypothetical question, namely
based on their patient profiles, which of these two individuals requir-
ing a transplant should receive a kidney?. Attributes included in
these patient profiles were age, general health, and drinking behav-
ior (e.g., young, healthy, rare drinking patient versus old, cancerous,
frequently drinking patient) which were in-turn determined based
on the results of the first experiment. With the resulting pairwise
comparison data, the researchers built Bradley-Terry (BT) models
[11] to approximate how the average participant made decisions.
They subsequently used the corresponding BT scores for each pa-
tient profile to configure tie-breaking behavior of their clearing
algorithm such that patients matching profiles with higher scores
received kidneys over patients with lower scores if both were oth-
erwise equally prioritized recipients. Finally, they compared this
modified algorithm to their original algorithms without participant
input through a number of simulation experiments and showed that
the new algorithm behaved as expected (i.e., patients with profiles
corresponding to higher BT scores received kidneys more often).
Overall, they demonstrated that there were no technical barriers to
implementing this algorithm.

Evaluation. While this work relies on crowdsourcing via MTurk,
the authors clearly state that actually building a model for use in
practice would involve working with a number of stakeholders
closely related to the problem. There were two engagements with
the participants, but both were related to one stage of the model
development process through MTurk tasks with no other forms of
engagement. However, using MTurk allowed researchers to pro-
vide problem context and allow participation in a setting where the
participants were comfortable. While their method imposes few
resource requirements on participants (primarily access to MTurk),
the utilization of (only) structured elicitation means it lacks commu-
nication with participants, conflict resolution strategies between
participants, channels for feedback, and participant empowerment.
Lastly, it allowed them to evaluate their approach through human
participation to prove that their method was technically sound, but
they were not able to evaluate results in a practical setting.

5 DISCUSSION OF FUTURE DIRECTIONS

Drawing on the limitations of prior work, we conclude this work
by outlining several important avenues through which AI/ML re-
searchers and practitioners can effectively contribute to participa-
tory frameworks.



From Preference Elicitation to Participatory ML:
A Critical Survey & Guidelines for Future Research

Choosing and justifying the target population. Beginning any
participatory project by strongly considering the appropriate target
population can facilitate downstream parts of the process. This
determination is not necessarily trivial, as questions like why this
group? and why this sampling approach? may not be easy to answer.
However, choosing a target population makes it possible to assess
whether the sample of stakeholders is conducive to the end goals
of the project or not (perhaps due to bias). For instance, Srivastava
et al. [71] note that their sample of MTurk workers deviates slightly
from the US population. But is this the appropriate target group of
stakeholders to include in the process of determining the definition
of fairness?

Identifying which choices in the ML lifecycle impact stakeholders’
outcomes the most. By being aware of which parts of an ML project
have the largest effects on outcomes relevant to stakeholders, Al ex-
perts can prioritize engagement with stakeholders on those choices.
This prioritization, in turn, can empower participants by improving
their control and agency over their subsequent outcomes. Along
the same lines, by scrutinizing and potentially relaxing unrealistic
assumptions (e.g., participants are rational or oracles of objective
truth, preferences are stable and acyclic, etc.), experts can better
ensure that proposed participatory approaches can capture the
genuine opinions and preferences of the target stakeholder groups.

Acknowledging resource requirements and how they bias the sam-
ple. Research protocols that require participant resources, such as
time and background knowledge, can hinder or prevent the par-
ticipation of stakeholders that may otherwise be representative of
the target population. This drawback happened to Lee et al. [52]
as several participants could only partake in the first sessions due
to time and job constraints. Participant barring and dropout can
further bias the sample. While such issues may be unavoidable,
delineating them as limitations and/or reducing them to the extent
possible can promote participation and inform future research.

Meeting participants where they are. Using technical jargon, com-
plicated interfaces, and unfamiliar environments to interact with
stakeholders may not produce results in line with what they actu-
ally believe or want. In contrast, conducting exercises in a way that
makes participants feel at ease can yield more faithful responses. To
this end, researchers and practitioners can utilize everyday speech
and writing where possible, pilot technical Uls before sharing them
with participants, and host their participatory tasks in places stake-
holders frequent in their daily lives.

Supplementing elicitation with deliberation. As evidenced by our
review, quantitative approaches to preference elicitation have ma-
jor limitations when used as standalone participatory activities.
However, Lee et al. [52] demonstrate the utility of such techniques
in conjunction with other forms of engagement and deliberation
with stakeholders. Building systems via co-design as exhibited by
works in Section 2 (e.g., [30, 37]) and developing new technology
and interfaces to handle communications and richer forms of elicita-
tion (e.g., [80, 82]) are among promising paths forward to promote
deliberation.

Being receptive to feedback. Many of the works explored here
either did not have channels for participants to share their thoughts
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on the activity with the researchers or did not appear to use input
from participants in downstream processes. For instance, Ilvento
[40] did not account for feedback in the protocol described, and
while the Uls utilized by Srivastava et al. [71] featured open-ended
comment boxes, crowd worker input did not appear to influence fu-
ture experiments. Further work that receives and utilizes feedback
can reduce feelings of exploitation, foster goodwill and collabora-
tion, and ameliorate the sense of being heard.

Employing a wider range of frameworks to include non-technical
stakeholders. The tacit assumption that experts should lead and
execute research and reap its benefits has been challenged in other
arenas (e.g., Participatory Design [18, 45, 70]). Research and tech
development teams can diversify expertise and include relevant
stakeholders as equal team members to incorporate their voices and
expertise at various stages of their projects. This level of integration
can prevent critical errors, reduce bias, and improve trust between
researchers and stakeholder communities.

Conducting contextual, human-centered evaluation with represen-
tative participants. Most works referenced here rely on evaluation
via simulations, mathematical proofs, or structured interactions
with non-representative crowd workers. While these approaches
are acceptable for early testing of new proposals, we join Freedman
et al. [27] to strongly advocate for further validation studies on
these systems (e.g., via usability testing with real stakeholders).*
Additionally, as argued by Conitzer et al. [16] and Kelty [45], effec-
tive evaluation of a participatory activity with actual stakeholders
requires both context and locality. As an example of context, gar-
nering effective participation may require establishing long-term
relationships with community advocates, representatives, and do-
main experts. Regarding locality, as we pointed out in Section 4,
Western norms may not map well to all societies. For instance,
Pugnetti and Schlapfer [62] note that even Swiss citizens (who pre-
sumably follow Western norms) have opinions that, on average,
differ from those of the average respondent of the Moral Machine
study [6].

Understanding the limits of what problems ML expertise can and
cannot address. Last but not least, Al experts must avoid using elic-
itation methods as a way of participation-washing [68]-without
empowering or benefiting participants, and to solely make out-
comes appear more democratic. Al experts and practitioners must
acknowledge that a wide range of skills beyond Al is needed to
develop the necessary relationships with community stakeholders,
gain their trust, and effectively moderate deliberations and resolve
conflicts. ML expertise alone is not the solution to highly complex
socio-technical challenges, and “participatory ML” is no exception.
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