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Lukas uses an AI to 
summarize the key 
points of a paper 
from the week’s 
reading assignment. 

Min is a non-native 
English speaker. She 
uses AI to help 
correct grammar in 
her writing. 

Sam writes down his 
ideas in bullet points 
and uses AI to turn 
them into a full 
paragraph. 

Absolutely no use of AI is allowed for 
writing reading responses. 

Students may not use AI for writing reading 
responses, except for language assistance 
such as grammar correction. 
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Figure 1: PolicyCraft is a system that supports users in collaboratively proposing, critiquing, and revising policies through 
discussion and voting on concrete cases. Throughout the iterative policy design process, PolicyCraft helps users understand 
whether they disagree about the wording of a policy or whether they have an underlying disagreement about how specific 
cases should be handled. The system then supports users in discussing and addressing disagreements accordingly. 

Abstract 
Community and organizational policies are typically designed in a 
top-down, centralized fashion, with limited input from impacted 
stakeholders. This can result in policies that are misaligned with 
community needs or perceived as illegitimate. How can we support 
more collaborative, participatory approaches to policy design? In 
this paper, we present PolicyCraft, a system that structures collabo-
rative policy design through case-grounded deliberation. Building on 
past research that highlights the value of concrete cases in establish-
ing common ground, PolicyCraft supports users in collaboratively 
proposing, critiquing, and revising policies through discussion and 
voting on cases. A field study across two university courses showed 

Keywords 
∗Co-senior authors contributed equally. 

This work is licensed under a Creative Commons Attribution 4.0 International License.
CHI ’25, Yokohama, Japan 
© 2025 Copyright held by the owner/author(s). 
ACM ISBN 979-8-4007-1394-1/25/04 
https://doi.org/10.1145/3706598.3713865 
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1 Introduction 
Communities and organizations of all types, whether small or large, 
online or offline, often rely 1  on regulatory policies  to support com-
munity governance [59]. For example, online communities like 
Reddit have content moderation rules that govern what content 
is allowed in each subreddit [14, 29]. Small groups like university 
classes have course policies that guide how students may or may 
not use generative AI in their coursework [85]. Local governments 
have zoning regulations that determine what kinds of buildings can 
or cannot be developed in specific geographic areas [44], such as re-
stricting industrial development in residential neighborhoods. Such 
regulatory policies are essential for guiding the behavior of com-
munity members, upholding their shared values, and supporting 
their collective goals [68]. 

Today, policy development processes are typically top-down and 
centralized, lacking input from the communities and stakeholders 
who they will impact [39, 80, 101]. This can lead to the development 
of policies that are poorly fit to community needs [97]. Furthermore, 
community members may perceive these policies as illegitimate 
[101], leading them to reject the policies [9], organize strikes [62], or 
even leave the community [28]. For example, volunteer moderators 
on Stack Overflow organized a strike to protest a new policy about 
moderation of AI-generated content, which the platform enforced 
without first communicating with the community [62]. 

While more participatory, bottom-up approaches to policy design 
hold potential to support greater alignment with community needs 
and values, it can be challenging to realize this goal in practice. 
Even when communities share overall norms and values [14, 29], 
individual community members may hold differing perspectives 
[22, 52, 92]. Given that policy proposals are often high-level and 
abstract, it can be challenging for community members to identify 
the root sources of their disagreements and to collaboratively refine 
policies to resolve these disagreements [17]. 

Past research has shown that the use of concrete cases or sce-
narios is critical for establishing common ground in discussions 
about policy design [16–18, 27, 45, 52]. However, connections be-
tween concrete cases and abstract policies are often made in an 
ad-hoc and inconsistent manner during policy design conversa-
tions [13, 23, 48, 69, 72]. For example, while people are often in-
spired to propose policies based on specific, concrete scenarios 
(whether real or imagined), they do not always discuss how pro-
posed policies might have unintended consequences in other sce-
narios [23, 48, 55, 94]. Similarly, while people often iterate on the 
wording of policies to better address imagined scenarios or edge 
cases, the cases themselves are not always explicitly communicated 
as objects for discussion [23, 34, 35, 69, 94]. 

In this paper, we present PolicyCraft, a system designed to struc-
ture collaborative policy design through case-grounded deliberation. 
As illustrated in Figure 1, PolicyCraft supports users in collabo-
ratively proposing, critiquing, and revising policies through dis-
cussion and voting on concrete cases. In doing so, PolicyCraft is 
designed to help users pinpoint where their disagreements come 
from—whether they are about the wording of a policy or a more 

1Regulatory policies focus on regulating the behavior and practices of individuals 
within communities and organizations, while other policies like constituent, distribu-
tive, and redistributive focus on how resources, services, or responsibilities are shared 
or organized [59]. 

fundamental disagreement about how specific cases should be 
handled—and then discuss and address these disagreements accord-
ingly. Using PolicyCraft, users share and discuss their perspectives 
on whether specific concrete cases should be allowed or disallowed, 
regardless of what current policies say. Building upon consensus 
at the case-level, users propose new policies or critique and refine 
current policies in order to better reflect their collective viewpoints. 

We evaluated PolicyCraft through a field study across two uni-
versity classes, where students used PolicyCraft to collaboratively 
design course policies regarding which generative AI use cases 
should be allowed in their classes. We find that policies developed 
using PolicyCraft received stronger support and achieved greater 
consensus among the students who developed them, compared 
with a baseline system that did not scaffold students in using con-
crete cases to support policy design. Students using PolicyCraft 
also found it easier to understand each other’s perspectives, and 
were more motivated to iterate on policies based on cases shared 
and discussed by others. The policies developed by students in our 
study were refined by course instructors and students and adopted 
as official course policies. 

Overall, this work contributes PolicyCraft, a system that sup-
ports collaborative and participatory policy design through the 
systematic use of cases. We also show that policies created with 
PolicyCraft receive stronger support and consensus from those 
involved in the policy development process. Reflecting on our find-
ings, we discuss opportunities for future HCI research and design 
to support groups in more effectively bridging between abstract 
policies and concrete cases during collaborative policy design. 

2 Related Work 
Policy design has been a key area of focus in HCI research [37, 54, 
83, 96]. Following prior HCI scholarship, in this paper we under-
stand policies as principles, guidelines, and written rules to guide 
behavior in communities and organizations [37, 96]. From inves-
tigating how policies are designed and implemented in practice 
[10, 12, 29, 90] to creating tools that help develop policies [51, 99], 
HCI researchers view policy design as a critical topic of inquiry be-
cause policies directly impact how technology shapes communities 
and society [37, 96]. In this section, we first discuss the importance 
of collaborative and participatory approaches to policy design. We 
then review existing tools that aim to support such approaches. Fi-
nally, we introduce the concept of case-based reasoning [1], which 
inspires the design of PolicyCraft. 

2.1 Collaborative and Participatory Approaches 
to Policy Design 

Policies often face a crisis of legitimacy because they don’t meet 
the needs and values of impacted communities. For example, online 
social platforms are often criticized as arbitrary and censoring free 
speech because their centralized trust and safety team enforces 
content moderation policies without community input [39, 101]. 
Elected governments that impose top-down policies solely based 
on their own agendas also risk losing public support and future 
elections [6, 73]. To address the legitimacy crisis, researchers sug-
gest adopting more collaborative and participatory approaches to 
policy design [19, 39, 50, 68, 73, 86, 90, 93, 101]. As Ostrom stated 
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in her influential principles on governing the commons [68]: "indi-
viduals affected by the operational rules should be able to participate 
in modifying those rules." By incorporating the local knowledge of 
impacted individuals and communities, collaborative and participa-
tory approaches ensure that rules and policies are well-suited to 
local circumstances [90]. These approaches also help stakeholders 
view the policies as legitimate, even if they disagree, because of 
the inclusive and deliberative way in which they were settled [100]. 
Policies developed collaboratively by impacted communities are 
essential for maintaining stability, building trust and legitimacy, 
and reflecting collective goals and values [68]. 

However, engaging the community in collaborative and partic-
ipatory policy design poses several open challenges. First, even 
within a community with shared norms and values, individual 
members may still have differing and often conflicting perspectives 
[73]. For example, on Wikipedia, even with clear policies on vandal-
ism, individual Wikipedians can still interpret and apply the policy 
differently when moderating article edits [31, 52]. These different 
interpretations exist because policies are often high-level and ab-
stract, making it difficult for people to pinpoint the source of their 
disagreements without referring to concrete examples [17]. Besides 
accounting for different community perspectives, another challenge 
arises when community members collaborate on policy iterations. 
Without a structured, coordinated process, it can be challenging for 
community members to achieve meaningful collective action, even 
if they are eager to contribute [77]. Finally, individual community 
members often have different preferences, availability, and capacity, 
and thus require varying levels of support to participate effectively 
[9, 24, 53, 87]. These challenges emphasize the need for research 
into tools and processes to support collaborative and participatory 
policy design, which we discuss in the next subsection [37, 96]. 

2.2 Tools for Collaborative and Participatory 
Policy Design 

Existing tools for collaborative and participatory policy design 
range from those that mainly gather community perspectives to 
inform policy design to those that directly engage participants in 
drafting policies [5]. In the first category, researchers have devel-
oped various tools to gather community and public perspectives. 
For example, Polis is an online platform where participants submit 
short statements expressing their views on a topic and vote to agree 
or disagree with statements from others [81]. It is widely used in 
policy design worldwide, such as by the Taiwanese government 
to craft UberX regulations based on input from citizens, taxi dri-
vers, Uber Inc., and other stakeholders [33]. ConsiderIt is another 
prominent platform where people submit the pros and cons of a 
policy and compare their views with those of others who agree 
or disagree with the policy [51]. The City of Seattle has used Con-
siderIt to gather public input on policy proposals, such as the plan 
to increase affordable housing in certain residential areas. Several 
other tools use visualizations [42, 58, 61, 97] or chatbots [43, 61, 78] 
to identify disagreements for consensus building. 

In the second category are tools that allow individuals and com-
munities to contribute to the drafting of actual policies. For exam-
ple, drawing inspiration from microtasks in crowdsourcing [56], 
researchers developed CommunityCrit, a system where users can 

propose policies and comment on others’ policy proposals through 
micro-activities [60]. Using CommunityCrit, the researchers worked 
with a local planning group in San Diego to redesign an intersection 
based on crowdsourced proposals [38]. Other works have crowd-
sourced policy demands against entities responsible for privacy 
or labor rights violations [75, 95]. For example, building on the 
find-fix-verify crowd programming pattern [8], Wu et al. designed 
questionnaires that ask independent crowd workers to find privacy 
concerns, propose potential fixes, and verify and rank the proposed 
fixes [95]. With the rise of generative AI, some tools like Remesh 
use GPT-4 to automatically synthesize crowdsourced public views 
into initial policies and then iteratively refine them through ex-
pert and public feedback [47]. Other tools like PolicyKit and Pika 
provide infrastructures that allow online community members to 
set up their own process for policy design [91, 99]. Overall, these 
tools enable individuals to share and gather feedback on policy 
ideas, or to contribute inputs for others to synthesize into policies. 
However, they are not focused on supporting communities in di-
rectly collaborating to iteratively and deliberatively craft policy 
proposals. 

PolicyCraft bridges between these two categories of tools by 
supporting communities in both sharing perspectives and collabora-
tively authoring policies, in an integrated, iterative workflow. Unlike 
Polis, ConsiderIt, and other tools in the first category that mainly fo-
cus on gathering participants’ perspectives to inform policymakers, 
PolicyCraft further empowers participants to draft actual policies 
based on the cases they vote on and discuss. This elevates partici-
pants from a consultative role to a more collaborative role in policy 
design [5]. Meanwhile, PolicyCraft differs from related work in 
the second category by supporting groups in directly collaborating 
and deliberating on policy drafts. To scaffold participants in doing 
so more systematically, PolicyCraft promotes case-grounded delib-
eration, structuring users’ discussions and contributions around 
the dual abstractions of cases and policies. This structuring aims to 
support both individuals and groups in effectively transitioning be-
tween case-level and policy-level discussions during policy design— 
including by helping them tease apart whether they disagree at the 
case-level versus the policy-level, and by helping ground policy 
iterations in consensus on concrete cases. 

2.3 Cases as a Medium for Policy Design and 
Deliberation 

Cases have been used as a medium for reasoning and deliberation 
across many fields [1]. Following prior HCI scholarship and liter-
ature in case-based reasoning, in this paper we understand cases 
as concrete scenarios within specific problem situations that make 
abstract concepts tangible for reasoning, communication, and ne-
gotiation [1, 16, 22, 27, 35]. For example, cases involving ethical 
dilemmas, such as the trolley problem [89], are frequently used to 
guide moral deliberation and explore ethical principles [7, 63, 66]. 
Legal theories also often rely upon case-by-case judgments and 
deliberations to guide decision-making, rather than directly ap-
plying top-down rules [11, 18, 30]. Inspired by jury trials in the 
legal domain, HCI researchers have proposed case-based discussion 
tools such as digital juries to adjudicate content moderation cases 
[25, 49]. While these tools do not surface cases to the policy level for 
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policymaking, the concrete cases offer a common ground that en-
ables shared understanding and facilitates meaningful deliberation 
around what decisions and behaviors are desirable [16, 27]. 

Research has shown that the use of concrete cases plays a major 
role in supporting effective policy design [23, 55, 94]. For example, 
Wikipedians deliberate on and iteratively refine their definition of 
vandalism based on specific article edits they come across while 
moderating Wikipedia articles [31, 52]. Other work also uses con-
crete vignettes and scenarios to support stakeholder reflection and 
deliberation around the ethical, legal, and policy implications of 
emerging technologies (e.g., [21, 41]). These concrete cases help 
people identify the source of their disagreements, whether it’s due 
to ambiguous policies or genuine differences in their perspectives 
about how specific cases should be handled [17]. When making col-
lective decisions, deliberation grounded on concrete cases further 
provides procedural legitimacy and helps build consensus, even in 
the face of disagreements [25]. 

However, connections between concrete cases and abstract poli-
cies are currently made in an ad-hoc and inconsistent manner dur-
ing policy design [13, 23, 48, 69, 72]. For example, people often pro-
pose policies based on specific cases and scenarios, but they do not 
always discuss how these policies might create unintended effects 
in other scenarios [23, 55, 94]. This can cause issues, as in online 
content moderation, where people usually agree with the general 
rules proposed based on past incidents but often feel frustrated 
when those rules are applied to situations they had not previously 
considered [48]. Meanwhile, although people with situated knowl-
edge of the policy context often provide policy suggestions based 
on cases grounded in their lived experiences, the cases themselves— 
which provide important rationale for the policy suggestions—are 
not often explicitly shared in policy discussions [23, 34, 35, 69, 94]. 
Researchers have called for a more systematic approach to con-
structing and using concrete cases to support policy deliberation 
[66]. For example, researchers have introduced the concept of re-
search through litigation, which involves carefully selecting cases to 
surface serious concerns and drive policy change [45]. PolicyCraft 
aims to better support this process in the context of collaborative 
and participatory policy design, by enabling users to create and 
iterate on policies through the systematic use of cases. 

3 Design Goals 
We established the design goals for PolicyCraft based on our review 
of prior work in Section 2. To ensure that these design goals aligned 
with real-world needs for community participation in policy design, 
we then validated them through one-hour, semi-structured inter-
views with six community organizers who had previously engaged 
in community policy design. These included two senior moderators 
responsible for shaping content moderation policies on Wikipedia 
and Stack Overflow, and four course- and university-level policy 
designers at a major US university. The discussion topics used to 
guide these semi-structured interviews can be found in Appendix 
A. Overall, we distilled the following four design goals for systems 
that aim to support collaborative policy design. 

D1. The system should encourage users to develop policies 
based on concrete cases. Given evidence that discussing 
concrete cases can help people establish common ground 

during policy design conversations [23, 52, 55, 94], systems 
should support users in making systematic use of cases. Sys-
tems could draw inspiration from prior work, such as the 
idea of research through litigation [45, 96], to support users 
in using cases to surface potential flaws in current policies. 
These cases can provide users with shared context for policy 
development. 

D2. The system should help users identify and address un-
derlying sources of disagreements. People may disagree 
with each other during policy design for various reasons 
[73]. For example, they may substantively disagree about 
how different cases should be handled, or they may simply 
have differing interpretations of a policy’s wording [17, 52]. 
Systems should help users distinguish whether they disagree 
at the policy-level, case-level, or both. Systems should fur-
ther assist users in discussing and addressing disagreements 
at the appropriate level. 

D3. The system should support users in easily building 
upon and referencing each other’s work. While community-
driven approaches to policy development ensure the policies 
are better aligned with local community perspectives [68], 
it can be challenging for community members to achieve 
meaningful collective action without a coordinated process 
[77]. Systems should make it easy for users to build upon 
each other’s contributions, leveraging their complementary 
knowledge, experiences, and backgrounds [73, 75]. Systems 
should also enable users to track how others build on their 
contributions and to collaborate on planning future actions 
[77]. 

D4. The system should accommodate different levels of en-
gagement in policy design. People have different amounts 
of time, preferences, and capacities for participating in the 
policy development process [9, 24]. Systems should offer dif-
ferent ways for users to participate, including light-weight 
options like voting or more involved ones like creating a 
new policy [60]. For more involved tasks like editing or cre-
ating policies, systems should offer additional scaffolding 
and assistance to reduce barriers to participation. 

4 PolicyCraft 
Based on these design goals, we developed PolicyCraft, a web-based 
system that supports collaborative and participatory policy design 
through case-grounded deliberation. PolicyCraft is designed to sup-
port policy design across a broad range of community contexts. 
PolicyCraft focuses on supporting the design of regulatory poli-
cies [59]: policies that guide what is allowed or disallowed within 
a community context. For example, in online communities like 
subreddits [39], we envision that PolicyCraft may assist a commu-
nity in designing its content moderation rules (policies) based on 
community members’ posts (cases). In local communities such as 
vTaiwan [33], PolicyCraft may help refine regulations for emerging 
technologies (policies), such as the use of UberX in specific local 
contexts (cases). 
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preparation 

The community organizer provides 
seed policies and cases to kick-start 

the process. 

iterative policy design 

Community members collaborate to 
iteratively propose, critique, and revise 

policies based on cases. 

finalization 

Community members vote on policies 
they would like to implement in their 

community. 

Figure 2: PolicyCraft’s overall process. 

4.1 System Overview 
PolicyCraft supports policy design through the overall process 
illustrated in Figure 2. Community organizers start by entering 
a few initial seed policies and cases into the system. These seed 
policies/cases can serve to minimize the cold-start problem and 
establish norms around aspects such as length, formatting, and 
level of abstraction [15, 40]. Community members then collaborate 
to iteratively critique and revise the initial policies or propose new 
policies based on concrete cases. During this stage, community 
members can share their perspectives on whether specific concrete 
cases should be allowed or disallowed, regardless of what current 
policies say, through case-level voting and discussion. In the final 
stage, community members consider which of the policies they 
believe should be implemented in their community. They express 
their perspectives by anonymously upvoting or downvoting policies 
and then optionally providing publicly visible reasons for their 
votes. During the voting process, policies cannot be edited. This 
overall process is flexible and allows for customization based on 
community-specific needs and goals. 

In the following subsections, we describe PolicyCraft’s core func-
tionality: supporting users in collaboratively critiquing, revising, 
and proposing policies through cases. We illustrate this functional-
ity through a running example, describing how PolicyCraft would 
be used to support collaborative policy design in a university class-
room setting. In this setting, students and instructors collaboratively 
develop course policies regarding which ways of using generative 
AI should be allowed in the course. The instructor serves as the 
community organizer and the students are community members. 
We also share additional features that help lower participation barri-
ers and facilitate collaboration. Throughout the section, we connect 
specific features of PolicyCraft’s design to the design goals outlined 
in the previous section, denoted as D1 to D4. Finally, we conclude 
with implementation details. 

4.2 Critiquing Policies Through Cases 
4.2.1 Users can critique a policy by creating cases that high-
light ambiguities or potential flaws. After logging into Policy-
Craft through their browser, users can start by going to the policy 
repository, where they can see an overview of all current policies. 
If users find a particular policy they think can be improved, they can 
click on it to see an expanded view on its policy page, as shown in 
Figure 3. As a concrete example, consider a user reading a course 
policy about whether AI use is permitted for coding assignments. 
The current policy says: “Students may freely use AI for coding as-
signments with appropriate attribution.” Users can critique a policy 
by creating a case: a description of a concrete usage scenario that 
highlights ambiguities or potential flaws of the current policy (D1). 
For example, as illustrated in Figure 4 to highlight a potential flaw, a 
user may create a case that they believe is currently permitted under 
the policy, but which they believe an ideal policy should disallow. 

When the user creates and adds a case to the policy, they label 
whether they think the current draft of the policy would allow or 
disallow the given case. Alternatively, if they think the policy is 
ambiguous regarding how the case should be treated, they can label 
it as ambiguous. Meanwhile, they also cast their personal vote on 
the case to indicate whether they think it ideally should be allowed 
or disallowed, or whether they are currently unsure. Finally, users 
provide a brief reason for their vote.2 Note that votes and reasons 
are meant to reflect a user’s personal opinion on whether a case 
should be allowed, regardless of what current policies say. 

Once a user has added a case, it becomes visible in the related 
cases section of the policy page. Other users can then (1) edit 
the case’s label if they have a different interpretation; (2) remove 
the case if they believe it is not relevant to the given policy; or 
(3) add additional related cases to the policy. The added case also 

2We require users to provide a reason for their vote whenever they create a new case 
and vote to allow or disallow it. This design builds upon prior research showing that 
disagreement contributes to group ideation most when people elaborate and justify 
their stances [2]. Inspired by the design of ConsiderIt [51], if a user votes that they 
are “unsure”, they can still explain their reasoning by providing separate allow and 
disallow reasons representing pros and cons they see. 
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Figure 3: PolicyCraft’s “policy page” for a given policy. On the left side is the navigation bar, where users can click to visit the 
Policy Repository to see all current policies, and the Case Repository to see all cases. Users can also visit the About page to 
view information about the current policy development campaign and to discuss general topics, not specific to a particular 
policy or case. In the center of the screen, the title and description of the selected policy is shown, along with its related cases. 
The visualization of users’ votes on the cards is inspired by the design of Polis [81]. The bar represents how many people have 
voted out of the total number of users, while the percentages reflect the distribution of votes—whether to allow, disallow, or 
indicate unsure—among those who have already voted. Users may add new related cases by clicking the “Edit cases” button, 
which brings them to the page shown in Figure 4. They can also revise the policy by clicking the “Edit policy” button, which 
brings them to the page shown in Figure 6. Users can also start a discussion thread about this policy and close it once the topic 
has been resolved. Finally, users can propose new policies by clicking the “Create” button in the top-right corner. 

becomes available in the case repository, where users can browse 
all created cases.3 Anyone can read these cases and vote on whether 
they believe each case should ideally be allowed or not.4 These votes 
and reasons help users understand what others think about specific 
cases (D2, D3). 

4.2.2 PolicyCraft highlights misalignments between case 
labels and users’ votes. Consider another user who visits the 
same policy page later and reads the case shown in Figure 4. Like 
the previous user, many others have also voted to disallow the case, 
although the current policy would allow it. As shown in Figure 5, 
whenever the label linking a case and a policy is misaligned with 
the majority vote on a case, a yellow alert message automatically 
appears to highlight it as a potential issue. In such cases of misalign-
ment, the yellow alert message will suggest that “The policy may 
need editing to better align with the majority vote on this case.” If most 

3The same case can be added to multiple policies as a related case. The label of a case 
represents a link between that case and a specific policy, so labels may vary across 
different policies. By contrast, users’ votes are attached only to the case, independent 
of current policies.
4Users only see other people’s votes after they cast their own. This design helps 
encourage more participation and prevent lurkers [67]. Cases cannot be edited, so 
people’s votes stay relevant. 

people vote to either allow or disallow the case, but the label indi-
cates that the current policy is “ambiguous” with regard to whether 
that case should be allowed/disallowed, the yellow alert message 
will suggest that “The policy may need editing to clarify whether 
this case is allowed or not.” These alert messages are intended to 
help people focus their policy iteration and discussion around cases 
where there is a misalignment between what the policy says about 
a case and what people believe (D1). If most people vote that they 
are “unsure” about whether a given case should be allowed, an 
alert message will not appear, regardless of the label, because this 
indicates that more discussion is needed at the case-level before 
using it to iterate on policy (D2). 

4.3 Revising Policies Through Cases 
4.3.1 Users can revise a policy to better align it with people’s 
votes on cases. Upon noticing a misalignment between what a 
policy says and what people believe at the case-level (yellow alert 
messages), a user may decide to revise the policy by clicking the 
edit policy button on the policy page. This takes them to the policy 
editing page, as shown in Figure 6, where they can edit the policy 
in two steps. First, users can edit the policy’s title and description 
as needed to better align it with people’s votes on cases (D1). Then, 
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opens a modal 

Figure 4: The workflow for editing a policy’s “related cases” in PolicyCraft. The upper half of the screen shows the cases 
currently associated with a policy. The bottom section allows users to add additional cases either by searching the case repository 
with keywords (e.g., "brainstorm," as shown in this figure) or by authoring a new case. When adding a case to a policy, users 
label it to indicate whether they believe the current version of the policy would allow it, disallow it, or whether it is ambiguous 
how the policy would treat this case. Users can optionally brainstorm with the built-in AI assistant to generate cases that 
illustrate the policy or identify its potential flaws. 

(a) (b) (c)

Figure 5: (a) Once a user adds the case shown in Figure 4 to the policy, it will appear as a card in the related cases section of 
the policy. The yellow message highlights the misalignment between the label linking the case to the policy (allow) and the 
majority vote on the case (disallow). (b) Users can click on the card to open a modal with additional details about the case, 
including other users’ reasons for wanting to allow or disallow it. (c) For more in-depth discussions, users can click the "open 
case" button to visit the case page. 
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before submitting their changes, users are asked to review the labels 
of the policy’s related cases to see if their policy edit results in any 
updates to case labels. For example, a case that was previously 
allowed by the policy might now be disallowed following their edit. 
After a user updates the labels as needed and submits their edits, 
the revised policy is made immediately visible to others. If a user’s 
edits resolve a misalignment between the label and people’s votes 
on a case, the alert on that case will disappear. 

4.3.2 Users are encouraged to be bold in editing. The current 
version of PolicyCraft enables any user to revise policies and la-
bels, and includes a feature to detect editing conflicts in Wikipedia 
style [46]. Specifically, if a user submits a change to a policy while 
another user is still editing it, the second user will be asked to 
review the new changes and decide whether to include them with 
their own edits before submitting. This design aims to encourage 
participation (D3), rather than placing too many restrictions on 
users. To support coordination, the system makes the evolution of 
a policy transparent [20, 84]: all users can see the full edit history 
and revert changes as needed. 

4.4 Proposing Policies Through Cases 
If users notice a gap in current policies, they can create a new 
policy by clicking the create policy button, which takes them to 
the creation page. To encourage users to design and deliberate 
around policies based on concrete cases (D1), users are reminded 
on the creation page that policies must include at least one related 
case in order to eventually be included in the policy finalization 
stage. On the creation page, users can also choose to create a new 
case that is not yet related to any policies. Users can first create 
a case, wait for it to receive votes from others, and then create a 
policy based on people’s perspectives on that case. 

4.5 Additional Features to Support Participation 
and Collaboration 

Below, we briefly describe two additional features of PolicyCraft, 
aimed at facilitating participation and collaboration. 

4.5.1 Scaffolding policy design with built-in AI assistants. 
To help reduce barriers to participation in policy design (D4), Poli-
cyCraft has three built-in, LLM-based AI assistants that users can 
optionally use to support the critique, revision, or creation of new 
policies based on cases. The first AI assistant is available on the page 
where users edit a policy’s related cases. Given a policy as input, this 
AI assistant can help users brainstorm case-based critiques (cases 
that reveal potential flaws or ambiguities in the current policy) or 
illustrative cases (cases that can help illustrate the application of the 
policy). The second AI assistant is available on the page where users 
edit a policy. Given one or more user-selected cases, along with the 
user’s reasons for wanting to allow or disallow those cases, this AI 
assistant helps users brainstorm ways to revise a given policy. The 
third AI assistant is available on the creation page where users can 
propose a new policy. Given one or more user-selected cases, along 
with the user’s reasons for wanting to allow or disallow those cases, 
this AI assistant helps users brainstorm a new policy. The design of 
the AI assistant’s conversational flow can be found in Figure 7. 

4.5.2 Users can participate in discussions, receive notifica-
tions, and track their activities within the system. To facilitate 
user collaboration, PolicyCraft includes built-in features for dis-
cussion, notifications, and activity tracking (D3). Each policy and 
case has its own discussion panel where users can start and reply 
to discussion threads on various topics. We separate discussions 
about policies and cases to help users clarify if disagreements are 
about a policy or specific cases (D2). PolicyCraft also has a panel 
for meta-discussions on the main page (the about page) where 
users can talk and coordinate about general topics that go beyond 
individual policies and cases. This design is similar to Meta Stack 
Overflow, where users can have higher-level discussions beyond 
individual posts [26]. Users receive notifications whenever new 
discussions are added to threads they have participated in, or when 
there are changes to policies they are following. Finally, users can 
keep track of their own activities on a dedicated activity page and 
quickly revisit the policies, cases, and discussions where they have 
previously contributed. 

4.6 Implementation 
PolicyCraft is a full-stack web application that people can set up and 
invite others to join via a URL. The current implementation of Poli-
cyCraft is built with SvelteKit and uses Firestore databases. On the 
front end, we use shadcn-svelte components and customize them 
with Tailwind CSS. On the back end, in addition to the database, we 
also use Firebase for user authentication, hosting the server, and 
tracking database changes to send user notifications. Last but not 
least, we power the AI assistants with Gemini 1.5 Pro. PolicyCraft 
is open-source and available on GitHub.5 

5 Field Study 
To understand how people use PolicyCraft and how its case-grounded 
approach shapes collaborative policy development, we conducted 
an evaluation study in university classes. In this context, we aim to 
support students in collaboratively designing course policies regard-
ing which uses of generative AI should be allowed in class. Since 
students are directly impacted by course policies, engaging them in 
the design process, rather than leaving it solely to instructors, has 
potential to produce policies that students find more reasonable 
and legitimate [32, 64, 79]. This process also provides students to 
learn more about each other’s perspectives and build consensus 
around course practices and policies. 

Our evaluation primarily consists of a three-day field study. We 
ran the study in two classes taught by two of the co-authors who 
were open to incorporating students’ input into their course policies 
on generative AI. Both courses were electives open to undergrad-
uate and graduate students, focusing on the study and design of 
human interactions with technologies. In each class, we randomly 
divided the students into two groups. One group of students col-
laboratively designed course policies using the full version of 
PolicyCraft. The other group of students used a baseline ver-
sion, which only included the policy-level features (policy creation, 
editing, and discussion), without any case-level features such as 
case creation, the case repository, or the AI assistants that scaffold 
case-grounded policy design. Students in the baseline condition 

5https://github.com/tskuo/PolicyCraft 

https://github.com/tskuo/PolicyCraft
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edit policy1 

update label2 

Figure 6: The workflow for editing a policy in PolicyCraft. Users first update the policy’s wording and then check if the edit 
requires updating the labels for any of the related cases. Users may also brainstorm with the built-in AI assistant to improve the 
policy. For example, the policy description shown in this figure is suggested by the AI assistant based on the user’s interactions 
shown in the right-side panel. 

were still able to discuss cases, if they so chose, using the system’s 
discussion features. However, they were not explicitly supported 
by the system in discussing and using cases to drive iterative policy 
design. Students in each class designed their course policies inde-
pendently from the other class, as each class had its unique learning 
goals. The number of students in each class and condition is shown 
in Table 1. In addition to the main field study, we conducted two 
brief surveys to better understand students’ perceptions of the pro-
cess and external raters’ opinions on the final policies. All studies 
were approved by the university’s institutional review board (IRB) 
where studies were conducted. 

5.1 Study Procedures 
On the first day of the study, students spent 45 minutes onboarding 
and beginning to use the system during class time. In each class the 
instructor introduced the study and randomly divided the students 
into groups, seated in separate areas of the classroom. Students 
in both groups then individually reviewed onboarding materials 
illustrating how to use the version of the system they were assigned 
to use (either the full version of PolicyCraft or the baseline version). 
Across classes, both versions of the system were initialized with 
the same set of three initial policies provided by the instructors 
to kick-start the discussion. In the full version of PolicyCraft each 

policy included two initial, illustrative cases provided and labeled 
by the instructors. The initial policies and cases are available in 
Appendix C. Students were encouraged to use the system for dis-
cussions instead of discussing verbally, to leverage the system’s 
collaboration features and avoid cross-group influence. By the end 
of the first class, all students had begun using the system. 

Between the first and second class sessions, which were sepa-
rated by one day for both participating classes (e.g., Monday and 
Wednesday), students were asked to use the system during a mini-
mum of three periods: first, as homework after the first class, due by 
the end of the day; second, anytime during the day between classes; 
and finally, a third time anytime before the start of the second class. 
During each period, students were asked to complete at least seven 
actions, including creating or editing at least one policy. For the 
full version of PolicyCraft, all actions related to policies, cases, rea-
sons, and discussions counted, except for voting on cases or ‘liking’ 
reasons added by others, since these actions required only a single 
click. For the baseline version, all actions related to policies and 
discussions counted. We expected students to meet these minimum 
participation requirements easily. For example, a student using the 
full version of PolicyCraft could quickly complete three actions 
by creating a case, explaining the reason behind their vote on that 
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case, and adding it to a policy. We set minimal participation require-
ments to ensure that students would have ample opportunities for 
interaction across the field study period, while also providing stu-
dents with flexibility to decide when and how much they want to 
contribute (cf. [52, 98]). Students were graded on whether they met 
these minimum participation requirements, but not on the content 
of their contributions. All students met or exceeded the require-
ments, knowing that the policies they collaboratively developed 
would inform the official course policies. 

Each time students created or edited a policy, they answered 
a multiple-choice question about what inspired them to create or 
edit the policy. By analyzing how often each option was chosen, 
we could compare inspirations for policy creation and edits in each 
of our study conditions. Students could choose one or more of the 
following five options: 

1. To address a specific case/scenario that I thought of 
2. To address a specific case/scenario that someone else shared 
3. To address a general issue that I thought of 
4. To address a general issue that someone else shared 
5. Other 
In the second class session, students within each group voted 

on which policies should be incorporated into the official course 
policy using upvotes and downvotes (part of the “finalization” stage 
of PolicyCraft as shown in Figure 2). Students then individually 
completed a post-study survey (Appendix D) to understand their 
experiences with the process. Finally, students participated in a 
full-class discussion about the resulting policies, facilitated by their 
instructors. Instructors then used students’ feedback to refine the 
best-supported policies into official course policies on generative 
AI use for the rest of the semester. 

Finally, to understand how people who did not participate in pol-
icy development perceived the quality of the resulting policies, we 
conducted a short online survey after the field study. We recruited 
university students not involved in the field study as external raters 
to rate the policies that received majority upvotes from participants 
in each group. Each rater evaluated two sets of policies—one from 
the baseline condition and one from the PolicyCraft condition— 
selected at random from one of the two classes. They were not told 
how the policy sets were developed. They rated individual poli-
cies based on quality, clarity, and feasibility (for implementation 
in class). They also rated each policy set holistically for compre-
hensiveness and coherence. Lastly, they selected which policy set (if 
any) they felt was higher quality overall, and briefly explained their 
response. As an incentive for participation, survey participants had 
the option to enter a raffle for a $100 gift card. 

6 Study Results 
We present findings from our evaluation study in the following 
subsections. Section 6.1 presents the resulting policies and analyzes 
participants’ votes on these policies. Our results show that poli-
cies developed using PolicyCraft received stronger support and 
achieved greater consensus among the students who developed 
them. Section 6.2 explores possible mechanisms to explain this 
finding. From our post-study survey, we find that students using 
PolicyCraft found it easier to understand each other’s perspectives. 
We also find evidence that PolicyCraft succeeded in promoting 

case-grounded, collaborative policy design: Students using Policy-
Craft were more likely to iterate on policies based on cases raised 
and discussed by others. Section 6.3 presents perceptions of the 
resulting policies from both course instructors and external raters. 
Overall, instructors and raters found the policies developed with 
PolicyCraft to be clearer and more nuanced regarding when gener-
ative AI use is appropriate, but also less concise and potentially too 
comprehensive for direct use as course policies. 

6.1 Resulting Policies and Vote Distributions 
Overall, participants using the baseline system proposed a larger 
number of policies than participants using PolicyCraft. However, 
in the baseline condition, most policies did not receive majority 
support in the final voting stage. Table 1 shows the total number 
of policies created by each group and the number of those policies 
that received majority votes. To provide a glimpse of the resulting 
policies, in Table 2 we sample a few policies developed with each 
system that received a majority of upvotes and policies that did not 
from their groups. In Appendix E, we include the full set of policies 
that received majority support from each group within each class, 
for reference. 

6.1.1 Policies developed through PolicyCraft received stronger 
support. To understand whether PolicyCraft helped groups col-
laboratively develop better-supported policies, compared with the 
baseline system, we analyzed the number of policies that received a 
majority vote from participants. Specifically, we counted the num-
ber of policies where the difference between upvotes and downvotes 
exceeded half the number of participants involved in their devel-
opment. As shown in Table 1, 74% of the policies (14 out of 19) 
developed with PolicyCraft in Class 1 received majority support 
from participants, compared to just 23% in the baseline condition (7 
out of 31). Similarly, 73% of the policies developed with PolicyCraft 
in Class 2 received majority support from participants, compared 
to 37% in the baseline condition. These results suggest that partici-
pants using PolicyCraft produced better-supported policies overall. 
In contrast, participants using the baseline system spent more effort 
creating policies that eventually failed to gain substantial support 
from the group. 

6.1.2 Policies developed through PolicyCraft achieved greater 
consensus during voting. In addition to comparing the percent-
age of policies that received a majority vote, we also wanted to 
understand whether PolicyCraft helped participants reach greater 
consensus in their voting across all policies. A higher level of con-
sensus on a policy occurs when most participants either upvote 
or downvote it. In contrast, a lower level of consensus is reflected 
by roughly equal numbers of upvotes and downvotes. To quantita-
tively assess the level of consensus on policies, we used Shannon 
Entropy, a metric from information theory [76] commonly used 
to measure the degree of consensus in groups [3, 4, 88]. A lower 
entropy indicates a higher level of consensus. We first computed 
the entropy for each policy based on its vote distribution: 

−(𝑝𝑢 log2 𝑝𝑢 + 𝑝𝑑 log2 𝑝𝑑 ) 
where 𝑝𝑢 and 𝑝𝑑 denote the proportion of upvotes and downvotes 
a policy received. For example, if a policy receives an equal number 
of upvotes and downvotes, both 𝑝𝑢 and 𝑝𝑑 would be 0.5. In this 
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Table 1: Descriptive statistics of the resulting policies and the votes they received from participants. 

Class 1 Class 2 
Baseline PolicyCraft Baseline PolicyCraft 

Number of participants 22 20 14 12 
Number of policies 31 19 19 11 
Number of policies with majority upvotes 7 14 7 8 
Percentage of policies with majority upvotes 23% 74% 37% 73% 
Entropy based on votes (lower indicates higher consensus) 0.64 0.47 0.50 0.27 

Table 2: Illustrative examples of policies that received majority upvotes and policies that did not, from Class 1. The number 
next to each arrow shows how many upvotes or downvotes each policy received. 

Baseline PolicyCraft 

Examples of Policies 
with 
Majority Upvotes 

AI as a Tool, Not a Substitute: Students could be taught to use 
AI as a resource to enhance their learning, rather than relying 
on it to do their work for them. AI can be used for tasks such as 
research, data analysis, and language translation, but it should 
not replace critical thinking, problem-solving, or creativity. In 
addition, it would be useful to know which AI tools and prompts 
were used that helped with the research to give credit to the 
tool. 

AI for Course Understanding: Students are permitted to uti-
lize AI to enhance their understanding of course material, such 
as clarifying complex topics or visualizing key concepts. How-
ever, all submitted work must reflect the student’s own analysis 
and understanding. While AI tools can provide guidance and 
support, direct copying or paraphrasing of AI-generated con-
tent is strictly prohibited (this includes drawing your comments 
on readings from any summary/analysis content that the AI 
provides.) 

Votes: 16 ↑ 0 ↓ Votes: 18 ↑ 1 ↓ 

Examples of Policies 
without 
Majority Upvotes 

Open AI Conversation History Policy: Any generative / 
conversational AI used in the completion of an assignment 
should have detailed and chronologically marked logs of any 
exchange with said AI tool. This log (chat history, prompts, 
individual instructions for the tool, supplemental information...) 
should be made available to the instructor as part of the hand-in 
of the assignment if AI-generated content was directly used in 
an assignment. 

Including ChatGPT Chat Log of the Related Usage: When 
students used GenAI for this course’s learning purposes, they 
should cite the usage with the chatlog by pasting the chatlog url 
into the assignment submission to reinforce more self-regulated 
usage of LLM tools, even if GenAI was just used for brainstorm-
ing. When you work is directly a result of LLM tools either in 
direct idea (including summary or analysis of a reading), you 
must submit the chatlog url as a citation.) 

Votes: 4 ↑ 10 ↓ Votes: 4 ↑ 13 ↓ 

case, the entropy is 1, indicating the lowest level of consensus. In 
contrast, when all votes for a policy are either upvotes or downvotes, 
the entropy is 0, indicating the highest level of consensus.6 Table 1 
shows the mean entropy across policies for each condition.7 In both 
classes policies developed using PolicyCraft had a lower entropy 
compared to those developed using the baseline system, indicating 
a higher level of consensus in their voting on policies. 

6.2 Reasons for Greater Policy Support and 
Consensus 

To understand potential mechanisms behind these trends, we exam-
ined the results from the post-study survey that students completed 
at the end of the field study, as well as the multiple-choice question 
that participants answered each time they edited or created a policy. 

6.2.1 Participants who used PolicyCraft found it easier to 
understand why people agreed or disagreed with each other. 
In the post-study survey, participants rated their agreement, on a 
7-point scale, with each of five statements about their experiences 

6The value at 0 are given by the limit 0 log 0 := lim𝑥 →0+ 𝑥 log 𝑥 = 0 
7The distribution of entropies for each condition is provided in Appendix F.1. 

in collaborative policy design (see Appendix D). As shown in Fig-
ure 8, we observe that participants who used PolicyCraft provided 
significantly higher ratings regarding whether they could “easily 
understand why people agree or disagree with each other”, controlling 
for between-class differences (𝑝 < 0.01, see Appendix F.2 for further 
details on our regression model8). This result suggests that partic-
ipants who used PolicyCraft found it easier to understand each 
other’s perspectives during the process of iteratively developing 
policies, which may have contributed to greater consensus and sup-
port for policies observed during voting. As a participant reported 
in the post-study survey: “We can argue over cases and everyone’s 
comment is clearly visible. The voting system provides a clear way for 
people to share opinion towards a specific case/policy. The voting sys-
tem along with the comments makes the agreements/disagreements 
very clear.” 

8In Appendix F.2, we present results from both a linear and an ordinal regression. The 
appropriateness of using ordinal versus linear regression for the analysis of Likert 
scale data has been a subject of wide debate, with recent scholarship showing that 
each approach has complementary benefits and drawbacks [74]. Our reported findings 
are robust to the choice of ordinal or linear regression. 



PolicyCraft: Supporting Collaborative and Participatory Policy Design through Case-Grounded Deliberation CHI ’25, April 26–May 01, 2025, Yokohama, Japan 

1 

2 

3 

4 

5 

6 

7 

Baseline PolicyCraft 

R
at

in
gs

 o
n 

U
nd

er
st

an
di

ng
 O

th
er

s'
 P

er
sp

ec
tiv

es
 

Figure 8: Participants’ ratings on whether they could easily 
understand why people agree or disagree with each other 
while using the system. There is a significant relationship 
between the system a participant used and their ratings. 

6.2.2 Participants using PolicyCraft were more frequently 
inspired to edit or create policies based on cases shared by 
others. In the multiple-choice question that participants answered 
each time they edited or created a policy, participants were asked 
whether they were inspired to take this action based on a specific 
case or a general issue, and whether the case or general issue was 
something they had thought of themselves or that someone else had 
shared. Both PolicyCraft and the baseline system had a similar 
proportion of policy editing and creation driven by specific cases 
(58% and 53%, respectively). This result is unsurprising, given that 
people are known to reason about concrete cases in order to support 
iterative policy development (see Section 2.3). However, a one-sided 
hypothesis test reveals that in PolicyCraft, a larger proportion (𝑝 < 
0.05) of policy editing and creation is aimed at addressing specific 
cases shared by others (32%), compared to the baseline system 
(19%). This result suggests that PolicyCraft helped participants more 
often edit and create policies based on cases they collaboratively 
developed and discussed, with visibility into other participants’ 
perspectives. 

Figure 10 illustrates how participants used cases to drive collab-
orative policy iteration, using a real example from our study. As 
shown, the initial version of the policy was drafted by a partici-
pant based on a case that had received some votes and discussion, 
indicating mixed views among participants. The initial policy al-
lowed students to use AI for course project brainstorming, so long 
as the ideas “ultimately come from students themselves”. Soon af-
ter the policy was created, another participant added a case that 
they believed should be allowed but which they believed would 
be disallowed under the current policy (shown in the right side 
of Figure 10). Other participants voted in agreement. Because the 
majority vote on this case was misaligned with the policy’s label, 
PolicyCraft highlighted the case with a yellow message noting: “The 
policy may need editing to better align with the majority vote on this 
case.” Finally, one participant revised the initial policy description 
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Figure 9: The percentage of policy editing and creation aimed 
at addressing specific cases shared by others during the policy 
development process. PolicyCraft has a significantly larger 
proportion than the baseline system. 

to address the misalignment. After additional iterations, this pol-
icy eventually received majority support. This concrete example 
shows how PolicyCraft helped participants iterate on policies by 
discussing cases and building consensus, even when they shared 
different perspectives. 

6.3 External Perceptions of Policies 
6.3.1 The instructors found the policies comprehensive and 
creative, but wished students had additional support in syn-
thesizing and generalizing policies. To understand the instruc-
tors’ views on the resulting policies, compared with those they 
created without students’ inputs in previous semesters, we asked 
them to review the policies and write down their observations and 
reflections prior to reviewing our study results (cf. [82]). 

The instructor of Class 1 found that the policies students col-
laboratively created “comprehensively address all aspects relevant 
to their class experiences, from AI use for conceptual understanding, 
original work, group work, reading reflections, presentations, coding, 
and the use of sensitive information.” This instructor also found 
some policies particularly creative and unexpected, such as one 
that regulated instructors’ behaviors by “prohibiting AI-generated 
grading and feedback” and another meta-policy called the “three-
strike system” that governed the enforcement of all the policies. 
This instructor found that “the PolicyCraft version created a policy 
set that has a much higher quality than the baseline condition.” 

The instructor of Class 2 agreed but felt the final set of policies 
“did not quite feel like a finished set of policies yet.” This instruc-
tor found that policies developed using PolicyCraft “reflected more 
use-case-specific considerations.” While the instructor found this 
valuable “because the policies captured really important nuances” it 
also led to “similar policies that should be combined”. As a result, the 
instructor found it “difficult to say which policy set is better overall be-
cause one set of policies was more concise and worded more generally, 
while the other set was more nuanced but also more redundant.” 
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Omar picks AI-generated ideas 
for course projects 
Omar inputs various prompts into an AI 
chatbot to help brainstorm project 
ideas. The chatbot generates several 
ideas, and Omar, without putting much 
thought into it, picks one he likes. Omar 
proceeds to develop this AI-generated 
idea as his own and present it as 
original thought during the project 
proposal. 

What current policy says: disallow 

What people say: 

13 votes: 30% 53% 15% 

Alex uses AI for project 
conceptualization 
Alex is tasked with brainstorming ideas 
for a course project. After generating a 
few ideas on his own, Alex decides to 
use a generative AI tool to explore 
other potential project concepts. The AI 
suggests an innovative idea [...] Alex 
conducts extensive research, 
evaluating its feasibility, relevance, and 
potential impact. After thorough 
analysis and modifications, Alex 
finalizes this AI-generated idea as his 
course project. 

What current policy says: disallow 

What people say: 

7 votes:   100% 0% 0% 

Students may use AI to assist with brainstorming course 
project ideas, but the ideas have to ultimately come from 
students themselves. 

Guidelines for Using AI in Course Project Brainstorming 

Students may use AI to assist with brainstorming course 
project ideas, but must be involved in major parts of the 
brainstorming process by either improving AI generated ideas, 
doing extensive research into AI generated ideas, or using AI 
to improve human-generated ideas. 

Guidelines for Using AI in Course Project Brainstorming 

a case that illustrates the policy a case that reveals a potential flaw 

policy revised based on the critique 

policy proposed based on the illustrative case 

propose1 critique2 

revise3 

Figure 10: An illustrative example of how participants used cases to iterate on a policy during our field study, showing real 
policies and cases that our participants developed, voted on, and discussed. 

Both instructors wished PolicyCraft had more support for stu-
dents to synthesize and generalize the policies they developed. For 
example, the instructor of class two wanted a “dedicated clustering 
phase for participants to do some synthesis of their policies” before 
voting. In lieu of having this support within the current version 
of PolicyCraft, each instructor took an initial pass at synthesizing 
the student-developed policies into final policy sets themselves 
after the study, and then shared the result with students for any 
additional feedback. 

6.3.2 External raters found the policies developed with Poli-
cyCraft clearer on appropriate uses of generative AI, but also 
less concise and potentially too comprehensive. Finally, to 
understand how students outside of these classes, who did not par-
ticipate in policy development, perceived the quality of the resulting 
policies, we analyzed the survey responses from external raters, 
who evaluated the policies that received a majority vote within each 
class and condition (without knowledge of how these policy sets 
were generated). While the ratings did not show a statistically sig-
nificant difference in external raters’ assessments across conditions, 
feedback from external raters provides insight into the qualitative 
differences they perceived between the policy set, revealing broad 
alignment with the course instructors’ assessments. For example, a 
rater who preferred the set of policies developed using PolicyCraft 
in Class 1 commented that this set of policies “is clearer about what 
are appropriate uses of generative AI. [The other set] seems to have 
a broader interpretation of which uses are okay, leaving it mostly 
up to interpretation, which creates more of a gray area.” Similarly, 

another rater noted that the set of policies developed using Policy-
Craft: “breaks down GenAI policies by particular use making it easy 
to answer question in the form, ‘If I am doing X, am I allowed to do 
Y?’ whereas [the other set] comes off more as a list of sentiments about 
GenAI lightly adapted into an assortment of policies.” In contrast, a 
rater who preferred the policies developed with the baseline system 
mentioned: “I feel [this set] is clearer and easier to implement for the 
students and instructors.” Another rater also mentioned that the set 
developed using PolicyCraft seemed: “a little too comprehensive, to 
the point where students and instructors may struggle to keep track 
of what is and isn’t allowed.” The raters who evaluated policies in 
Class 2 provided similar feedback. For example, one rater preferred 
the PolicyCraft set because “[the other set] is vague in the exact 
moments it purports to be specific,” while another rater preferred 
the baseline set because they felt the PolicyCraft set was “harder to 
implement and less concise.” This overall perception is consistent 
with the instructors’ feedback. In the Discussion section, we discuss 
how future systems might better support participants in striking a 
balance between specificity versus generality and conciseness. 

7 Discussion 
It is crucial that community policies reflect the values and needs 
of the communities they impact, and that they are viewed as legiti-
mate by community members. In this paper, we present PolicyCraft, 
a system that supports communities in collaboratively proposing, 
critiquing, and revising policies through discussion and voting on 
cases. We conducted a field study across two university courses 
to understand how people use PolicyCraft in practice. Overall, we 
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Table 3: Illustrative examples of policies on similar topics developed in each class. Both instructors agreed that the policies 
developed with PolicyCraft were more grounded in specific use cases (highlighted in bold). 

Baseline PolicyCraft 

Using AI for 
Programming 
(Class 1) 

AI for Resolving Coding Errors: Students should be allowed to use 
specific AI tools to fix the coding errors they come across. 

AI Usage Permitted for Coding Assignments: Students may use AI to 
aid in coding assignments, but must use AI to augment their work, 
not create the solution for them. Students cannot use AI to create 
large chunks of code without verifying it themselves. AI 
generation of very broad high-level pseudocode is permitted, 
but not step-by-step pseudocode or detailed lines of code. 
AI can be used to add comments/documentation to already 
written code but students should review over them. AI usage must 
be appropriately attributed. 

Acknowledging 
Use of AI 
(Class 2) 

Universal AI Attribution Policy: If AI was used for a particular 
assignment, written notice must be given to the professor using 
the appropriate technology of submission for that assignment (e.g. 
comments in one’s code if programming, the comment box of a 
canvas submission, etc.) outlining how AI was used in a particular 
work. This policy takes precedence over all other policy and is 
necessary to prevent any legal copyright/cheating issues. 

Usage of GenAI Tools should be Referenced and Cited: In assign-
ments or presentations, students should declare and cite the 
GenAI tools and prompts that they have used to create content 
or help that they have received openly. While some cases involve 
grammar checks and simple paraphrasing for fluency, the 
original idea comes from the student. However, when students use 
GenAI to generate code or ideas for responses, it is essential to 
add a reference. 

found that students using PolicyCraft reached greater consensus 
and developed course policies with greater community support, 
compared with those using a baseline system (Section 6.1). Stu-
dents using PolicyCraft found it easier to understand each other’s 
perspectives, and were more likely to iterate on policies based on 
concrete cases shared and discussed by others (Section 6.2). Finally, 
we present external views on the differences between policies devel-
oped with PolicyCraft and those created with the baseline system 
(Section 6.3). 

Taken together, while community-external raters’ quantitative 
evaluations did not show a statistically significant difference in 
the perceived quality of the resulting policies across conditions, 
their qualitative feedback revealed that policy quality is a complex 
concept with multiple dimensions shaped by individual preferences. 
For example, when considering the dimension of policy specificity 
versus generality, external raters expressed differing preferences 
that significantly influenced their perception of a policy’s quality. 
Still, even if policies developed using PolicyCraft are not neces-
sarily “higher quality” in a global sense, they received stronger 
support and consensus from community members who would be 
impacted by the resulting policies. This indicates that PolicyCraft’s 
case-grounded approach to collaborative policy design can sup-
port the development of policies that are better aligned with local 
community perspectives, and that may be viewed as more legiti-
mate by community members. It is possible that policies received 
greater community support, in part, simply because participants 
felt they had influence in shaping the policies. Indeed, this is a 
well-documented benefit of participation in design. However, given 
that participants in both the baseline and PolicyCraft conditions 
were directly engaged in collaboratively shaping policies, such 
participation effects cannot fully explain the observed advantages 
of PolicyCraft’s case-grounded approach. In this section, we dis-
cuss future directions for HCI systems to support collaborative and 
participatory policy design. 

7.1 Balancing Specificity and Generality in 
Policy Design 

Our overall focus in designing PolicyCraft was to support groups 
in effectively bridging between abstract policies and concrete cases 
during collaborative policy design. Policy proposals are often high-
level and abstract, leaving much open to interpretation, which can 
make it challenging for groups of people to understand where and 
why they disagree. By contrast, PolicyCraft assists users in devel-
oping policies based on collaborative discussion and consensus-
building around specific cases. As mentioned by external raters and 
course instructors, and illustrated in Table 3, policies developed 
with PolicyCraft in our study included more case-specific distinc-
tions, making it easier for readers to answer questions like: “If I 
am doing X, am I allowed to do Y?” However, as a consequence, the 
policies also became less concise and harder for readers to keep 
track of. 

A key insight from our study is that scaffolding for users to 
ground policy development in concrete cases—as provided in the 
current version of PolicyCraft—needs to be balanced with corre-
sponding scaffolding for users to abstract more general policies 
from these cases. In particular, further research is needed to under-
stand how best to guide participants in striking the right balance 
between specificity versus generality and conciseness. We expect 
that the right balance will vary depending on the specific context in 
which a set of policies will be used. For example, in contexts where 
only broad guidelines are needed, too much detail can make policies 
needlessly difficult to implement. It is also worth highlighting the 
complementary roles of policies and cases, as used in the US legal 
system, where decisions are based on both written laws (statutory 
law) and past court decisions (case law) [16]. Utilizing both policies 
and cases for decision-making may help to balance specificity and 
generality. For example, in the context of PolicyCraft, this could 
be achieved by presenting more concise versions of the finalized 
policies together with illustrative cases generated by participants, 
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rather than presenting the policies alone. Future systems should 
explore mechanisms to scaffold users in developing policies that ap-
propriately balance specificity, generality, and conciseness, tailored 
to their intended use contexts. 

7.2 Supporting Collaborative Review and 
Synthesis of Policies During Finalization 

The current version of PolicyCraft has a “finalization” stage, where 
participants can upvote or downvote policies and provide reasons 
for their votes, to support the selection of a final set of policies. 
However, as the course instructors suggested, it would be helpful 
for systems like PolicyCraft to explicitly support participants not 
only in voting on policies during the finalization phase, but also in 
reviewing the full set of policies and collaboratively synthesizing 
the policies as needed. For example, future systems could nudge 
participants to review the entire policy set and discuss whether 
they want to merge similar policies or split complex policies into 
multiple simpler ones. This could not only support the removal 
of redundancies across policies, but could also help participants 
refine policies to strike a better balance between specificity versus 
generality and conciseness. In our study, instructors refined and 
synthesized policies after the voting stage and then shared them 
with students via Google Docs for additional feedback before fi-
nalizing them as the official course policies. Future systems could 
integrate this process more effectively to better support end-to-end 
collaborative policy design. 

7.3 Making Sense of an Evolving Space of 
Policies and Cases 

One challenge participants in our study faced was navigating and 
making sense of the space of current policies and cases as their 
numbers grew and the content of each evolved. Adding more sup-
port for review and synthesis of policies during policy finalization 
could help to address this problem. However, it would also be useful 
to support users in more effectively making sense of the evolving 
policy–case space throughout the collaborative policy development 
process. Future systems could draw inspiration from prior research 
on collective sensemaking by including visualizations that provide 
an overview of current policies and cases, along with the ability to 
visually track how the joint space of policies and cases have evolved 
over time, from an aerial view. In addition, sensemaking might be 
supported through LLM-based summaries that complement such 
visualizations by supporting rapid, targeted question-answering 
[61]. In line with prior work, the usefulness of these visualizations 
or automated summaries could potentially be supported through a 
user-driven tagging system that enables users to shape the criteria 
along which similarity between policies and cases is determined 
[57, 65, 70, 71, 98]. 

7.4 Advancing AI Assistants in Policy Design 
The current implementation of PolicyCraft includes three built-in, 
LLM-based AI assistants that help users with policy design, as men-
tioned in Section 4.5.1. Some participants found the AI assistants 
helpful for brainstorming cases because “it helps me think on both 
side[s], what to allow or disallow, and what should be the case scenar-
ios to accept or reject the policy.” Other participants found revising 

and creating policies “straightforward and easy, especially with the 
help of the embedded AI assistant.” However, some participants pre-
ferred to “discuss the real cases in our lives regarding policy crafting 
because AI-generated cases are quite similar and less reliable than real 
cases.” Overall, the AI assistants were not used extensively during 
our study, with only 26 interactions from the 32 students who had 
access to the full version of PolicyCraft, across the three-day study 
period. Future research should further explore how AI assistants 
can most effectively scaffold collaborative policy design processes, 
and investigate how different forms of AI-based support may shape 
both the policy design process and the resulting policies. 

7.5 Navigating Power Dynamics in Policy 
Design and Implementation 

PolicyCraft is designed to facilitate a collaborative approach to 
policy design, potentially involving participation and deliberation 
among various stakeholder groups within a community. It is impor-
tant to note that PolicyCraft cannot, on its own, overcome power 
dynamics that may be present among different stakeholder groups. 
In communities with distributed power dynamics (e.g., Wikipedia), 
community members may directly implement the policies they col-
laboratively develop using PolicyCraft. However, in communities 
with a hierarchical power structure, approval from community lead-
ers may be necessary to actually implement policies. Nonetheless, 
we envision that even in such communities, PolicyCraft can be 
used by community members in a bottom-up fashion to generate 
policy proposals that have strong community support and consen-
sus. We hope PolicyCraft will serve as a source of inspiration for 
empowering participation to enable a more democratic approach 
to community governance [36, 52, 75, 99]. 

7.6 Supporting Collaborative Policy Design 
Across a Broader Range of Contexts 

PolicyCraft is designed to support policy design across a broad 
range of community contexts. While the current study focuses 
on supporting students in collaboratively designing course poli-
cies on the use of generative AI, we envision its application in 
online communities like subreddits to develop content moderation 
policies [39], or in local communities such as vTaiwan to refine 
regulations for emerging technologies [33]. Still, some implemen-
tations of PolicyCraft will require careful adaptation to align with 
specific communities’ norms. For example, to encourage policy 
iteration while holding participants accountable for their edits, the 
current implementation of PolicyCraft adopts Wikipedia’s approach 
by allowing all participants to edit policies while maintaining a 
transparent edit history [46]. While this approach has shown to 
be effective in supporting coordination and preventing vandalism 
in peer production [20, 84] and the current study, a more robust 
moderation strategy may be required when applying PolicyCraft in 
different contexts. Future research should investigate which aspects 
of PolicyCraft’s current design need to be adapted for use by other 
communities and identify which findings from the current study 
are most transferable across diverse contexts. 
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8 Conclusion 
In this work, we have demonstrated how a system that scaffolds 
users in grounding policy design in concrete cases can support 
more effective collaborative policy design. Our findings show that 
policies developed using PolicyCraft receive stronger support and 
more consensus from those impacted by the policies, compared 
to policies developed with a baseline system that did not scaffold 
their use of concrete cases. Building on this work, future HCI re-
search should explore the design of tools and processes to better 
support collaborative and participatory policy design. This includes 
helping users balance policy design trade-offs, make collaborative 
decisions about how to abstract and generalize from concrete cases, 
better track and understand the evolving space of policies and cases 
during collaboration, and more effectively identify areas for policy 
improvements. 
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A Interview Topics 
As mentioned in Section 3, we conducted semi-structured inter-
views with community organizers from different contexts to under-
stand whether and how the design goals we had derived from prior 
research literature aligned with real-world needs across a range of 
community contexts. In each interview, we spoke with community 
organizers, grounding our conversation in actual past experiences 
where the development of community policies was needed. Below 
are the discussion topics used to guide our semi-structure inter-
views: 

• Context: What is the community context? 
• Roles: What are the interviewees’ roles and responsibilities 
as community organizers within their community? 

• Needs: What is (or was) the reason a policy needed to be 
proposed or implemented in their community? 

• Processes: What does the current process for policy devel-
opment look like in their community? What do they envision 
as the ideal process for the development of community poli-
cies? 

• Challenges: What challenges do their communities cur-
rently encounter, (or what challenges do they foresee) in the 
policy development process? 

B AI Assistant Details 
As mentioned in Section 4.5.1, PolicyCraft has three built-in LLM-
based AI assistants that users can optionally use to create, critique, 
or revise policies based on cases. This section provides the prompts 
and more details for these AI assistants. Note that the current 
implementation of the AI assistants, including the prompts and 
conversation flows, is not intended to be optimal but serves as a 
demonstration of how LLMs can be integrated into PolicyCraft’s 
case-grounded deliberation approach to policy design. The current 
work aims to open up a research space for future studies to further 
develop LLM-based AI assistants that support policy design through 
the systematic use of cases. 

B.1 AI Assistant for Policy Creation 
The AI assistant on the creation page can help users brainstorm new 
policies based on selected cases. Its conversation flow is shown in 
the left column of Figure 7. Once a user chooses to create a policy, 
they can select one or more cases from the case repository and 
specify whether each case should be allowed or disallowed by the 
policy they are about to create. After the user finishes selecting 
cases, PolicyCraft will feed the following prompt to an LLM: 

You are a helpful assistant focusing on supporting 

users in creating a new policy. In a few sentences, 

propose a policy that meets the following criteria. 

1. The policy should <allow|disallow> the following 

scenario: [selected case 1]. 2. The policy should 

<allow|disallow> the following scenario: [selected 

case 2]. [...] 

The LLM-generated policy will replace the red text in the left col-
umn of Figure 7 and be presented to the user, who can then provide 
additional instructions to refine the policy further. PolicyCraft will 

feed the current policy and user instructions to an LLM using the 
following prompt to generate a refined policy. 

You are a helpful assistant focusing on supporting 

users in editing the following policy: [current 

policy]. In a few sentences, slightly revise the 

policy without significant changes based on the 

following instructions: [user instruction]. 

When the user is satisfied with the policy, whether refined manually 
or with the help of the AI assistant, they can proceed to create a 
new policy. 

B.2 AI Assistant for Policy Critique 
The AI assistant on the page for editing cases related to a given 
policy (see Figure 4) can help users brainstorm cases that illustrate 
or reveal flaws in the policy. Its conversation flow is shown in the 
middle column of Figure 7. 

When the user chooses to create a case that illustrates the policy, 
PolicyCraft feeds the following prompt to an LLM: 

You are a helpful assistant focusing on supporting 

users’ reflections on context policies. Here is 

an overview of the context. [context details]. In 

a few sentences, provide an example scenario of 

a character in this context where the character 

does something and <abides by|violates> the following 

policy: [policy description]. 

The underlined content and context details are configured by com-
munity organizers during the initialization of PolicyCraft, based 
on their specific context. For example, in our study, the context 
is “course”, the character is “student”, and does something is “uses 
AI”. The system randomly generates cases that either abide by or 
violate the policy to ensure balanced coverage. 

Similarly, when the user chooses to create a case that reveals 
flaws in the policy, PolicyCraft feeds the following prompt to an 
LLM: 

You are a helpful assistant focusing on supporting 

users’ reflections on context policies. Here is 

an overview of the context. [context details]. In 

a few sentences, provide an example scenario of 

a character in this context where < the character 

technically abides by the following policy but 

undermines the policy’s intent | the character 

technically violates the following policy despite 

genuinely trying to comply | it is unclear whether 

the character violates the following policy or 

not >: [policy description]. 

The system will randomly generate cases using one of the three 
prompt templates within the angle brackets to encourage explo-
ration of potential flaws. 

The LLM-generated cases will replace the red text in the middle 
column of Figure 7 and be presented to the user, who can then 
provide further instructions to refine the case. PolicyCraft will feed 
the current case and user instructions to an LLM using the following 
prompt to generate a refined case: 

You are a helpful assistant focusing on supporting 

users in editing the following case: [current case]. 
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In a few sentences, slightly revise the case without 

significant changes based on the following instructions: 

[user instruction]. 

When the user is satisfied with the case, whether refined manually 
or with the help of the AI assistant, they can proceed to create a 
new case. 

B.3 AI Assistant for Policy Revision 
The AI assistant on the page for editing a policy (see Figure 6) 
can help users brainstorm ways to revise the policy based on a 
selected case. Its conversation flow is shown in the right column 
of Figure 7. The AI assistant will ask users to check whether the 
selected case is unrelated to the policy or inherently ambiguous. 
In such circumstances, the AI assistant will present the user with 
appropriate action options, rather than using the case to drive 
policy revision. When the policy allows or disallows the case, but 
most people say the opposite, the AI assistant will ask the user to 
provide a reason by selecting from the reasons submitted by others 
or manually entering their own. Based on the selected case and the 
provided reason, PolicyCraft will feed the following prompt to an 
LLM to generate a suggested policy revision: 

You are a helpful assistant focusing on supporting 

users’ revision of the following policy: [policy 

description]. In a few sentences, slightly revise 

the policy without significant changes so that 

the policy <allows|disallows> the following scenario: 

[selected case]. Here is the reason why the policy 

should <allow|disallow> the scenario: [provided 

reason]. 

The LLM-generated policy will replace the red text in the right col-
umn of Figure 7 and be presented to the user, who can then provide 
additional instructions to refine the policy further. PolicyCraft will 
feed the current policy suggestion and user instructions to an LLM 
using the following prompt to generate a refined policy: 

You are a helpful assistant focusing on supporting 

users in editing the following policy: [policy 

description]. In a few sentences, slightly revise 

the policy without significant changes based on 

the following instructions: [user instruction]. 

When the user is satisfied with the suggested policy, whether refined 
manually or with the help of the AI assistant, they can proceed to 
revise the policy. 

C Initial Policies and Cases 
At the beginning of the field study, the instructors provided the 
following three initial policies to kick-start the discussion. These 
policies were carefully chosen to represent different types of class 
activities and varying levels of restriction on the use of generative 
AI, ranging from a complete prohibition to unrestricted use. In 
the full version of PolicyCraft, each policy included two initial, 
illustrative cases provided and labeled by the instructors. These 
seed policies and cases serve to minimize the cold-start problem 
and establish norms around aspects such as formatting and level of 
abstraction. 

• Prohibition of AI for Reading Responses: Absolutely no 
use of AI is allowed for writing reading responses. 
◦ Lukas uses AI to summarize key points from papers: Lukas 
uses an AI chatbot to summarize the key points of a dense 
research paper from the week’s reading assignment. He 
then uses these AI-generated points to form the bulk of 
his reading response, passing off the AI’s analysis as his 
own original thoughts and reflections. (Label: disallowed 
by the policy) 

◦ Ding asks AI to explain complex topics: Ding is struggling 
to understand a complex topic presented in the week’s 
readings. She turns to an AI-powered study tool, like a 
chatbot tutor, to explain the topic in simpler terms. She 
then uses the chatbot’s explanation to help her formulate 
her reading response. Ding does not directly copy the 
chatbot’s words but only uses its insights as a guide. (Label: 
disallowed by the policy) 

• AI Usage Permitted for Coding Assignments: Students 
may freely use AI for coding assignments with appropriate 
attribution. 
◦ Mark submits AI’s code as his own: Mark put his project 
requirements into an AI code generator. The AI spit back 
a flawlessly functioning, well-documented program. Mark 
put his name on the AI’s work and hit submit for the 
assignment. (Label: disallowed by the policy) 

◦ Priya copies AI’s code without understanding it: Priya enters 
the requirements of her coding assignment into an AI cod-
ing assistant. The AI generates a perfect code block, which 
Priya then directly copies and pastes into her project. She 
includes the comment: "Used an AI assistant for help with 
this part." While Priya attempted to acknowledge the AI’s 
assistance, when the instructor asked later, she was un-
able to explain what purpose that code was meant to serve, 
or her rationale for including it. (Label: allowed by the 
policy) 

• Guidelines for Using AI in Course Project Brainstorm-
ing: Students may use AI to assist with brainstorming course 
project ideas, but the ideas have to ultimately come from 
students themselves. 
◦ Omar picks AI-generated ideas for course projects: Omar 
inputs various prompts into an AI chatbot to help brain-
storm project ideas. The chatbot generates several ideas, 
and Omar, without putting much thought into it, picks 
one he likes. Omar proceeds to develop this AI-generated 
idea as his own and present it as original thought during 
the project proposal. (Label: disallowed by the policy) 

◦ Emily uses AI to revamp her discarded ideas: Emily had tried 
brainstorming course project ideas with her group, but it 
had yielded no good ideas. So Emily fed an AI chatbot her 
group’s "discarded ideas" and the assignment description. 
Within seconds, the chatbot generated a great idea, which 
the group decided to use. In this case, the “discarded” ideas 
that were fed to the AI chatbot technically did come from 
students themselves, but the final idea was AI-generated. 
(Label: ambiguous under the policy) 
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D Post-Study Survey 
At the end of the field study, students completed a post-study sur-
vey where they rated their agreement or disagreement with the 
following five statements on a scale of 1 to 7, and briefly explained 
their reasoning. 

• Overall, I can easily collaborate with others in policy de-
velopment using the system. 

• I can easily identify potential flaws in a policy using the 
system. 

• I can easily revise or create policies to address potential 
flaws using the system. 

• I can easily understand why people agree or disagree 
with each other when using the system. 

• I feel confident and comfortable to contribute to policy 
development using the system. 

E Resulting Policies 
Here are the full sets of policies that received majority support from 
each group within each class: 

• Class 1 – PolicyCraft condition (14 policies, excluding 5 without 
majority vote): 
◦ AI Use for Conceptual Understanding: Student is allowed to use AI for 

understanding different concepts, or asking for resources to understand a 
concept in the relevant domain. 

◦ Use of Sensitive Information for AI: Students should not enter sensitive 
information in their prompts/entries of GenAI models. Sensitive informa-
tion includes personal identifiable information (ex. school ID, email ad-
dresses), copyrighted information from the course, and other confidential 
information (ex. OpenAI credentials, Azure credentials). 

◦ AI for Course Understanding: Students are permitted to utilize AI to 
enhance their understanding of course material, such as clarifying complex 
topics or visualizing key concepts. However, all submitted work must reflect 
the student’s own analysis and understanding. While AI tools can provide 
guidance and support, direct copying or paraphrasing of AI-generated 
content is strictly prohibited (this includes drawing your comments on 
readings from any summary/analysis content that the AI provides. 

◦ AI Guidelines for Original Work: AI-powered tools should be used to 
support learning, brainstorming, and other academic activities, but they 
should not replace original work. 

◦ AI in Collaborative Group Work: Students may use generative AI tools 
to assist with tasks in collaborative group projects, such as idea generation, 
task delegation, and content creation. However, all group members must 
be actively involved in the process, and the AI’s contributions should be 
transparently discussed among the team. The final project must reflect the 
collective effort and understanding of the group, with AI being a supportive 
tool rather than the primary contributor. 

◦ AI for Presentation Preparation: AI should be allowed to be used for 
Final Project Presentation as well as other presentations needed to be 
prepared throughout the course. It may be employed for augmentation 
such as grammar/spell checking, brainstorming, and template suggestions. 
However, students cannot directly use AI-generated text, images, or any 
other content in their presentations. (They can if cited) 

◦ AI Citation: If AI contributes at all towards materials created by the 
student (ex: reading notes, projects, code, presentations), then the student 
must acknowledge that they used AI in that assignment/submission. 

◦ AI Usage for Grammar Checks and Better Writing: AI can be used to 
refine writing to remove grammatical errors, spelling errors etc without 
changing the actual content of the text. 

◦ AI Usage Permitted for Coding Assignments: Students may use AI 
to aid in coding assignments, but must use AI to augment their work, 
not create the solution for them. Students cannot use AI to create large 
chunks of code without verifying it themselves. AI generation of very 
broad high-level pseudocode is permitted, but not step-by-step pseudocode 
or detailed lines of code. AI can be used to add comments/documentation 
to already written code but students should review over them. AI usage 
must be appropriately attributed. 

◦ Prohibition of AI for Reading Responses: It is not permitted to use AI to 
summarize or generate answers for reading responses. However, the usage 
of AI-powered tools is permitted to edit work (syntax, spelling/grammar 

checks, translate), or provide explanations for readings for the purpose of 
understanding the text after reading on one’s own. Any usage of AI tools 
should be cited. 

◦ Prohibiting AI-Generated Grading and Feedback: To ensure the qual-
ity and authenticity of student assessments, AI tools may not be used to 
generate generic grading or feedback unless the assessments are graded 
based on completion. This policy aims to maintain the integrity of the 
academic process and provide students with personalized and meaningful 
evaluations. 

◦ AI Use in Debugging: Students can use AI to help with debugging as 
long as they have considered the code themselves already and understand 
the small revisions made. 

◦ A 3-Strike System: Under this policy students who violate established 
AI usage guidelines will receive progressive consequences, starting with a 
50% reduction in assignment score and escalating to more severe penalties 
like 0 grades, disciplinary referrals, and loss of privileges. (We may need 
to adjust the specific consequences and procedures based on individual 
circumstances and perspectives). 

◦ Guidelines for Using AI in Course Project Brainstorming: Students 
may use AI to assist with brainstorming course project ideas, but must be 
involved in major parts of the brainstorming process by either improving 
AI generated ideas, doing extensive research into AI generated ideas, or 
using AI to improve human-generated ideas. 

• Class 1 – baseline condition (7 policies, excluding 24 without 
majority vote): 
◦ AI for Resolving Coding Errors: Students should be allowed to use 

specific AI tools to fix the coding errors they come across. 
◦ AI as a Tool, Not a Substitute: Students could be taught to use AI as a 

resource to enhance their learning, rather than relying on it to do their 
work for them. AI can be used for tasks such as research, data analysis, and 
language translation, but it should not replace critical thinking, problem-
solving, or creativity. In addition, it would be useful to know which AI 
tools and prompts were used that helped with the research to give credit 
to the tool. 

◦ If You Find Cool Gen AI Application(s), Share Your Favorites with 
the Class?: If a student discovers a particularly valuable or interesting 
application, they are encouraged to share it with the class to inspire and 
inform their peers. Sharing Platform: We can crearte a Miro Board Sharing 
Platform. Students create a card on Miro with the AI tool’s name, a link, 
and a brief reason for sharing. Tools can be categorized by purpose (e.g., 
image generation, text processing). Students can explore and vote on tools 
at any time. Students can share directly on Miro without taking class time. 

◦ Combating Hallucinations: If using AI as a vehicle for information, we 
must ensure it’s correct so I suggest requiring that people find sources to 
back info found by chatbots just to make sure information is up to date 
and right. This also helps make sure that people are still having to do 
research and not just using whatever the chatbot puts out. Students need 
to show the attempt of avoiding hallucination for the topics they are not 
familiar with by: 1) Asking the AI to provide reference for the conclusion 
it made in the answers 2) Adding necessary requirements in the prompt 
engineering, e.g. "only answer the questions if you are 100% confident, or 
else return I don’t know" 3) Show extra effort in doing research out of AI for 
validation (like providing links for reference) 4) provide an explanation of 
possible sources of hallucination or limitation in the answers, and propose 
alternative solutions 

◦ Course Instructor’s AI Acceptance Rules: After finalization of policies, 
instructors need to provide clear guidance on what are the acceptable uses 
of AI and mention if any specific AI use cases are considered inappropriate 
or prohibited. This ensures that students and instructors are on the same 
page. This should be accompanied by outlining the consequences for failing 
to abide to the policy such as academic integrity violations. 

◦ Guidelines for Using AI in Course Project Brainstorming: Students 
may use AI to assist with brainstorming course project ideas, but the ideas 
have to ultimately come from students themselves. The AI generated ideas 
must be screenshotted or written out/cited if used to create your own idea. 

◦ Regular Revision of AI Policies: AI policies need to be flexible and not 
static. The course policies on AI should be reviewed and updated regularly 
to make it relevant to each class experience, expectation and intended 
outcomes. 

• Class 2 – PolicyCraft condition (8 policies, excluding 3 without 
majority vote): 
◦ Using AI to Combat the Language Barrier: AI is acceptable to use for 

translation, improving grammar, and anything related to understanding 
language. However, AI translation that is directly translated from one lan-
guage to another, specifically in reading responses or writing assignments, 
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shouldn’t be submitted as one’s own work. Translated words, phrases, and 
small sentences can be used though. 

◦ Image Generation: We can use GenAI to generate images to aid our essays 
or responses, with only restrictions being course guidelines (no explicit 
nature, etc). We should cite any use of GenAI for generating images. 

◦ AI to be Used as a Helping Hand or Scaffold, not a Crutch: Having 
AI capabilities to help provide insight rather than completely doing our 
work, specifically on helping hasten the process but not making a whole 
new design/idea from scratch. We suggest two conditions for how to avoid 
using AI as a "crutch". 1) If the task a student is getting support on is related 
to learning goals (i.e., it shouldn’t be abstracted away), students should 
invest their own effort independent of a generative AI before they begin 
to use one. For example, as one might in an internship, students might 
spend 30 minutes on a task, and if they are still struggling, they might seek 
support from an instructor, peer, or generative model. 2) Students should 
engage with any ideas that a model produces or inspires in them. Rather 
than determining who owns an idea (of course still using attribution), 
course policy should focus on to what extent an idea offered a concrete 
learning experience for a student. If a student encounters a great idea while 
working with AI, and thinks critically about how they want to embark on 
a project based on that idea, that should suffice. Their ideas will continue 
to evolve. In contrast, simply copying and pasting idea without engaging 
with it (e.g., expanding upon it, considering how to actualize it, considering 
how one’s perspective is related to it, etc., even if one does not edit the 
idea itself) would be less desirable. 

◦ AI Usage Permitted for Coding Assignments: Students may freely use 
AI for coding assignments with appropriate attribution. However, students 
should show understanding of any code AI has outputted. 

◦ Developing a System that Uses AI: Students may create systems that 
use AI, e.g., including a foundation model package or calling a foundation 
model API, so long as they make users aware of any potential harms and 
make efforts to avoid such harms in their design of the system (e.g., sharing 
sensitive chat data with OpenAI’s API). Students should be aware of third-
party APIs’ data use policies in any cases in which they anticipate that 
users may share sensitive data. 

◦ Usage of GenAI Tools should be Referenced and Cited: In assign-
ments or presentations, students should declare and cite the genAI tools 
and prompts that they have used to create content or help that they have 
received openly. While some cases involve grammar checks and simple 
paraphrasing for fluency, the original idea comes from the student. How-
ever, when students use GenAI to generate code or ideas for responses, it 
is essential to add a reference. 

◦ Using AI for Rapid Prototyping: With a general Idea of where to head, 
sometimes creating a lo-fi or hi-fi model can be hard for development due 
to a lack of skills expertise, no one’s fault. But to bridge the gap and allow 
some fruition to catapult the project forward, AI can be used to help drive 
the initial run and allow ideas to get out of the base stages. 

◦ Using AI for Citations: Using Generative AI for creating citations is 
permitted. However, the student is responsible for checking the generated 
citation for accuracy and ensuring that all sources are properly cited in 
any assignment they submit. 

• Class 2 – baseline condition (7 policies, excluding 12 without 
majority vote): 
◦ Caution Against Misinformation: Students are strongly encouraged to 

verify the accuracy and conduct fact-checks on any AI-generated content 
before including it in their assignments, as AI can sometimes generate false 
information, including fabricated quotes, citations, and research papers. 
Students should be responsible the accuracy of AI-generated information 
used in assignments. 

◦ AI Use for Writing a Reading Response: AI use in Reading Responses 
is limited to the following: (1) refining or clarifying your own written 
ideas, (2) assist with grammar, syntax, and minor rephrasing on an human 
written draft, and (3) cannot be used in generating original content or 
structuring arguments. 

◦ Accountability of AI Responses: When students use AI generated re-
sponses, they should be aware that the generated responses might not be 
100% accurate. Students using information given by AI should be responsi-
ble for the accuracy of that information. 

◦ Using AI for Group Organization: AI can be used to assist in organizing 
group work such as drafting project outlines and summarizing meeting 
notes, provided that group members contribute to reviewing, editing, and 
finalizing these decisions 

◦ Universal AI Attribution Policy: If AI was used for a particular assign-
ment, written notice must be given to the professor using the appropriate 
technology of submission for that assignment (e.g. comments in one’s code 
if programming, the comment box of a canvas submission, etc.) outlining 
how AI was used in a particular work. This policy takes precedence over 

all other policy and is necessary to prevent any legal copyright/cheating 
issues. 

◦ AI Usage Permitted for Coding Assignments: Students may freely 
use AI for coding assignments, but must comment around (i.e. above and 
below) sections of code created using AI indicating AI attribution 

◦ Cannot Create Segments/Personas/Archetypes: GenAI can be used 
to assist in generating rough personas for general insights, pain points, 
or understanding the targeted audience. However, it should not be used 
to create detailed user segments or personas based on qualitative criteria 
like psychographics or behaviors, nor should it be the sole method for user 
profiling. 

F Additional Detail on Data Analyses 
F.1 Entropy Analysis 
In addition to the mean entropy reported in Table 1, we fit a linear 
regression to analyze the impact of study condition (baseline = 0, 
PolicyCraft = 1) on policy entropy, controlling for between-class 
differences. As shown in Table 4 and Figure 11, entropy was lower 
for policies developed using PolicyCraft compared with the baseline 
(𝑝 < 0.05). 
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Figure 11: The distribution of entropy for individual policies 
calculated using the proportion of upvotes and downvotes 
each policy received. Lower entropy indicates a higher level 
of voting consensus. 

F.2 Likert Data Analysis 
In our analysis of participants’ Likert scale ratings in Section 6.2, 
we employed both linear and ordinal regression to ensure the ro-
bustness of our results, considering the treatment of Likert scale 
data as either continuous or ordinal [74]. The appropriateness of 
using ordinal versus linear regression for the analysis of Likert 
scale data has been a subject of wide debate, with recent schol-
arship showing that each approach has complementary benefits 
and drawbacks [74]. In both of our models, Likert ratings are the 
dependent variable and study condition (baseline or PolicyCraft) 
is a binary independent variable. The class ID is included as an 
additional control variable, to account for potential between-class 
differences. As shown in Table 5, our findings are robust to the 
choice of ordinal or linear regression. 
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Table 4: Regression coefficients. Consensus was significantly higher (lower entropy) for policies developed in the PolicyCraft 
condition. 

variable estimate std. error t value p value 

class -0.1588 0.0815 -1.948 0.0550 
condition -0.1930 0.0815 -2.368 0.0204 * 

Table 5: Coefficients for both linear and ordinal regressions analyzing participants’ ratings of the extent to which they could 
“easily understand why people agree or disagree with each other”. 

variable estimate std. error t value p value 

linear regression class -0.2266 0.3276 -0.692 0.4916 
condition 0.9066 0.3190 2.842 0.0060 ** 

ordinal regression class -0.1908 0.4575 -0.417 0.6768 
condition 1.2513 0.4621 2.708 0.0068 ** 
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