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Abstract 
Gathering information about AI systems is essential for contesting 
their use; it forms the basis of arguments about how and to what 
extent AI is causing harm. Information thus plays a central role for 
advocates like lawyers, journalists, and auditors contesting harmful 
AI systems. However, there is little systematic understanding of how 
these actors, many of whom are newly encountering AI in their ad-
vocacy work, access and use information effectively in this process. 
Understanding this information work can offer valuable insights for 
supporting effective contestation of harmful AI systems—work that 
is typically taken on by underresourced advocacy groups to begin 
with. To better understand information work in AI contestation, we 
interviewed 18 advocates in the United States (US) who have con-
tested the use of AI in high-stakes domains, such as public benefits 
and housing. We characterize advocates’ strategies for accessing 
information that is useful for contestation, including a range of 
creative yet resource-intensive and risky workarounds that they 
use to overcome opacity. We discuss implications of our findings 
for the effectiveness of popular transparency policy strategies in 
the US and offer additional ways to support the social fabric that 
makes advocates’ information work effective. 
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1 Introduction 
As governments and private companies integrate AI into high-
stakes decision-making, evidence is mounting of the real and po-
tential harms that ensue. In the United States (US), where our study 
is situated, algorithms have cut people off from care, such as in 
cases where public benefits were slashed for the elderly and peo-
ple with disabilities [2]. AI has also been found to amplify bias in 
critical infrastructure, such as job search tools that exhibit gender 
bias [99] and tenant screening tools that are racially discriminatory 
[84]. Indeed, entire databases have been dedicated to tracking the 
unfolding harms of AI [1, 2]. 

With the proliferation of algorithmic tools across public life, 
people with limited prior relationship to AI have suddenly and 
unexpectedly found themselves contending with its harmful effects. 
Simultaneously, top-down policy approaches to mitigate these prob-
lems, such as US state legislation requiring deployers to implement 
proactive audits of AI tools, have had limited success [43, 44]. As 
a result, impacted communities are taking matters into their own 
hands. AI tools are increasingly being contested not only through 
dedicated professional audits but also through social, legal, and 
discursive means. This has motivated a nascent body of work in 
Human-Computer Interaction (HCI) and adjacent areas like Fair-
ness, Accountability, and Transparency (FAccT) on how advocates 
from diverse backgrounds—lawyers, journalists, and community 
members—go about the work of contesting the use of AI tools 
[40, 49, 50, 98]. Still, there has been relatively more focus on the 
efforts of professional auditors, who have specialized skills and ded-
icated time to conduct AI audits [20, 44, 75, 94], or investigations of 
an algorithmic system for potential problematic behavior [16]. By 
contrast, advocates who are working to contest AI on the frontlines 

https://orcid.org/0009-0009-3314-0839
https://orcid.org/0000-0002-8124-5266
https://orcid.org/0000-0002-9912-4198
https://orcid.org/0000-0002-1897-9048
https://orcid.org/0000-0003-0355-3041
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3772318.3791923
https://doi.org/10.1145/3772318.3791923
mailto:nkarusala3@gatech.edu
mailto:kgajos@g.harvard.edu
mailto:adevos@andrew.cmu.edu
mailto:dpruss@uic.edu
mailto:supadhyay@g.harvard.edu


CHI ’26, April 13–17, 2026, Barcelona, Spain Sohini Upadhyay, Dasha Pruss, Alicia DeVrio, Krzysztof Z. Gajos, and Naveena Karusala 

draw on contextual knowledge of their respective domains—such as 
public benefits or housing—but may not have dedicated resources 
or technical expertise on algorithms or auditing more broadly. 

Existing research has established that AI contestation can be 
challenging work for advocates and communities, with a major 
barrier being a lack of transparency [11]. Harmful algorithms are 
often used for months or years before being discovered [50], and 
proprietary barriers to technical information about the function of 
AI tools are common [21]. Yet access to information provides the 
foundation for contestation: information evidences harm, clarifies 
how and why it occurred, and points to where responsibility lies. 
Prior work has recommended technical and policy pathways to 
improving transparency, such as calls for ex-ante1 AI accountability 
evaluations [68, 97]. These recommendations target ideal outcomes, 
but it is less clear whether and how they might function in practice. 

A key aspect of AI contestation that could be better understood 
is information work, or the work to identify, access, understand, 
and use information [33]. Specifically, there is an urgent need to 
understand the perspectives of the diverse range of stakeholders 
on the frontlines of AI contestation, who may be engaging in forms 
of information work that differ or intersect with professional au-
ditors. The stakes of successful and timely contestation are high— 
individuals appealing automated cuts to Medicaid assistance, for 
example, have passed away waiting for justice to be served [41, 42]. 
Understanding the information work underlying contestation al-
lows us to visibilize power structures that seek to undermine it and 
to evaluate pathways to make it easier. 

To explore the social, technical, and legal dimensions of informa-
tion work, we conducted interviews with 18 advocates who have 
experience contesting AI tools. Participants were third-party au-
ditors, journalists, lawyers, researchers, and policy advocates. We 
sought to understand their information work—and barriers they 
faced—throughout the process of contestation, from learning about 
harms caused by AI, to accessing and using information to contest 
them. Our findings indicate that as AI contestation has become a 
central part of more traditional forms of advocacy, advocates have 
started to face new challenges to the information work they have 
always needed to do to oppose social injustices; meanwhile advo-
cates from technical and non-technical backgrounds alike encounter 
resource constraints and risk as actors opposing more powerful 
institutions. To effectively contest the harms of AI tools, advocates 
must overcome barriers including opacity, adversarial tactics, re-
source constraints, power dynamics advantaging AI deployers and 
developers, and risks to themselves and the communities they serve. 
In response, advocates drew from their professional backgrounds to 
devise a range of creative workarounds, relying on interdisciplinary 
strategies, sustained effort, and occasional luck to build productive 
relationships, interface with AI systems and developers, and forge 
effective open records strategies. 

Drawing on our findings, we discuss why policy mandates for 
transparency are insufficient for accountability. Not only do de-
velopers and deployers find ways to obstruct information access, 
but there are also additional obstacles posed by the political econ-
omy of AI that add to the burden of information access and use 
for contestation. We conclude by highlighting the essential role of 

1Ex-ante is a Latin term for “before the event” employed in legal and policy contexts. 

community and collaboration in information work for contestation, 
particularly as AI contestation happens in diverse professions and 
organizations. The contributions of this work are thus three-fold. 
We offer an empirical understanding of the challenges and creativ-
ity involved in the information work of AI contestation. We provide 
an analysis of the political economy that contributes to the burdens 
of information work, discussing the limits of transparency as a 
mechanism for accountability without community enforcement. 
We also draw on insights from our findings to discuss implications 
for sociotechnical interventions to support information work. 

2 Background and Related Work 
AI contestation has been examined by researchers in the HCI, FAccT, 
and technology policy communities. We start by discussing existing 
research on information needs in AI contestation, particularly in 
auditing and litigation. We then summarize the policy landscape 
on access to information about AI systems. We then describe the 
lens of information work, which we draw on to situate information 
access and use in the social context of AI contestation. 

2.1 Information Needs for AI Contestation 
Facilitating the contestation of harmful AI systems has emerged as 
a crucial tenet of AI governance [12]. Some scholarship understands 
contestation as a technical problem that enables a response to spe-
cific decisions made by AI systems [52]. In other scholarship, it is 
viewed as a sociotechnical problem of supporting responsiveness to 
human intervention throughout the development lifecycle [9]. Still 
other work analyzes contestation of AI systems more broadly as a 
right that can be enabled through policy [15, 67]. Other research tak-
ing a more bottom-up perspective explores community-led, often 
oppositional, methods of contesting AI systems [13, 40]. Empirical 
research demonstrates that contestation is a challenging process for 
marginalized communities, emphasizing the importance of advo-
cates and the care they put into supporting the end-to-end process 
[54]. Retrospective research has highlighted how surfacing and 
sharing information about negative impacts is important to the 
practice of contesting and abandoning harmful AI systems [50]. 
Within this body of work, research on information needs has fo-
cused on particular communities of advocates, like auditors and 
lawyers, which we detail below. 

2.1.1 Information Needs in AI Auditing. AI auditing, or empirical 
investigations of an algorithmic system for potential problematic 
behavior [16], has grown in recent years into a robust field [20, 34, 
63]. AI auditors aim to identify potential issues in AI systems and 
collect additional information to prove or disprove that those issues 
exist. For example, audits have evidenced bias in search engines 
[72], online ad delivery [93], resume search tools [30], and chatbots 
[46]. AI audits and related forms of data-based advocacy can be 
driven by a variety of different stakeholders, ranging from more 
standardized and centralized approaches typical in government or 
industry [34, 82, 94, 101] to more participatory ones often involving 
community groups [48, 60], labor unions [26, 36, 59, 83, 90], and 
end users [27, 38, 39, 62, 64, 89]. They can also be first-, second-, or 
third-party audits [34], which typically involve decreasing levels of 
access to AI systems but increasing public transparency of results. 
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Investigations of the dynamics and impacts of second- and third-
party AI auditing have highlighted that, although audits are typi-
cally initiated for the ultimate goal of accountability, their actual 
impacts can be minimized due to the lack of support for access-
ing, understanding, proving, and translating relevant information 
[44, 102]. In this vein, a recent analysis of AI audit tools and prac-
tices emphasizes the importance of disclosing use of AI, data access, 
and open records laws like the Freedom of Information Act (FOIA), 
in order to meet information needs for impactful audits [75]. That 
said, other work has demonstrated that open records data can be 
mired in issues of availability, usability, and comparability [85]. 
Prior work has also recognized that once audits are complete, simply 
sharing the results may do little to enable accountability [44, 75, 81]. 
Making results understandable and accessible to those involved 
in advocacy and litigation is a necessary next step [75]. Advocacy 
technologists who are more embedded in civil society organizations 
confirm that translational information work is important [92], and 
describe working with non-technical colleagues to translate needs 
into technical specifications and to support digital literacy [29]. In 
this study we focus on third-party auditing in nonprofit settings, as 
one of many methods for AI contestation and accountability more 
broadly. We seek a more in-depth understanding of information 
work not only in auditing but also in litigation, journalism, and 
other avenues for advocacy, in order to gain a broader view of how 
information feeds into these interconnected strategies. 

2.1.2 Information Needs in Legal Contexts. Legal scholars have 
grappled with AI governance from multiple perspectives. Prior 
work has identified where due process—the assurance that fair pro-
cedures and other legal rights will be respected—fails in the face of 
automated-decision making systems [31]. Scholars have advocated 
for an individual right to contest AI [51]. They have also called 
for ex-ante AI accountability, where demonstrating that AI is not 
harmful is the legal onus of deployers and developers [68]. In par-
allel, a growing body of HCI research has studied litigation and 
other legal mechanisms to counteract harmful AI systems, empha-
sizing the importance of accessing, understanding, and translating 
information in legal spheres. For example, one study identified chal-
lenges that US public defenders faced with accessing information 
about computational forensic software used by the government to 
convict people and effectively convincing judges and jurors of the 
software’s flaws [49]. Another study similarly highlights barriers to 
litigation in cases where AI has caused harm, including accessing 
and framing information that makes harms legible to courts [70]. 
Taking a design approach, Rao et al. [83] built, deployed, and evalu-
ated a system for estimating lost wages to support a rideshare labor 
union in legally contesting members’ deactivations. This process 
visibilized interconnected information workflows between frontline 
organizers and legal team members, sped up and reduced errors in 
the legal team’s workflows, and enabled the legal team to pursue 
new advocacy work, including crosschecking company-provided 
information and legal action beyond individual appeals. Our study 
aims to extend these lines of work, probing information access, use, 
and barriers in the process of legal advocacy, alongside interrelated 
forms of advocacy, across a wide range of AI harm domains. 

2.2 Policy Landscape and Implementation 
Challenges 

The information work driving AI contestation is situated in a pol-
icy landscape affording varying degrees of transparency and legal 
mechanisms of redress. Within the US context, federal AI policy has 
been scarce and shifting [8], often relying on common law, or law 
built on precedent from judicial decisions as a supplement. An ex-
ample of the latter is Sandvig v. Barr, which established the legality 
of adversarial auditing [73]. As a result, an assortment of AI-related 
policy proposals has emerged at the state level [17, 28, 74]. A com-
mon theme amongst these efforts is a documentation disclosure– 
based model of transparency and accountability [88], which pro-
poses that audits and impact or risk assessments are reported to 
agencies, the public, or internally; however, emerging evidence 
suggests this may have limited success [101]. Supplementing this 
strategy are nascent “burden shifting” proposals for civil legal pro-
cedure reform; these are intended to prevent AI lawsuits from being 
dismissed before legal discovery2 by requiring deployers or devel-
opers to provide information demonstrating that their tools are not 
harmful at the onset [25]. However, there is not yet a thorough 
understanding of the types of information that should be made 
available to plaintiffs who have been harmed, which is needed for 
this reform to be effective. To this end, in the context of predictive 
optimization, Wang et al. [97] conducted a case analysis to build a 
rubric of questions developers must address to demonstrate that 
their tools are not harmful. In empirically studying the information 
work underlying AI contestation across a wider range of contexts, 
we aim to expand understanding of the kind of information that pol-
icy proposals could mandate developers and deployers to provide. 
Given that empirical work can uncover the conditions required 
to render policy effective [66, 87], we analyze policy proposals in 
relation to our findings in Section 5. 

2.3 Critical Perspectives on Transparency 
Critical perspectives on transparency contextualize information 
access within political context and meaningfulness to people. Ques-
tions of what to reveal and what to conceal are laden with power 
[19, 45], and new forms of control may arise alongside visibility of 
information [104]. A singular focus on mandating transparency, or 
“transparency-washing,” can also have potential negative effects, 
redirecting attention away from underlying questions about the 
concentration of power and leaving the status quo unchanged [103]. 
Recognizing this can ensure that institutions do not take credit 
for ineffective transparency, where actual accountability is never 
reached [103]. Corbett and Denton [32] argue that transparency 
must center people and their agency, needs for justice, and political 
context. Dalal [36] and Calacci et al. [26] demonstrate the limita-
tions of transparency in their work on supporting a rideshare union 
with platform accountability, finding that in practice, data, data 
access, or transparency is meaningless without the infrastructure to 
do something with it. As we focus on the work of information access 
and use, we analyze the impacts and limitations of transparency 
for enabling AI contestation specifically. 

2Discovery is the formal, pre-trial phase of a lawsuit where parties exchange informa-
tion and evidence to prepare for trial or a settlement. 
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2.4 Information Work 
We orient this research around the notion of information work, 
developed by medical sociologists Corbin and Strauss [33]. They 
define information work as “the quest for, the receiving of, and the 
passing of information” [33]. This definition has been expanded 
upon by HCI research on health informatics to highlight insights 
into health management and inform the design of digital health 
tools [24, 55–58, 78]. Information work has also been leveraged in 
other domains, such as understanding the labor of essential workers 
[14], disability service providers [7], and school liaisons for immi-
grant parents [100]. Taken together, this body of work provides us 
with the language to highlight how information relates to workers’ 
broader goals—in our case, contestation of AI. Research has con-
ceptualized social dimensions of information work. Employing the 
vocabulary of the information journey—recognizing need, seeking, 
using, and interpreting information—can draw attention to access 
barriers, as well as to who or what facilitates access, highlighting 
quality of information and how people make sense of it [24]. It also 
conceptualizes the movement of information across contexts: infor-
mation can be interpreted differently across different social worlds, 
and effectively translated (or not) across these boundaries [56]. We 
draw on these notions of information work to situate information 
access for contestation in social, political, and economic factors. 

3 Methods 
The goal of this study was to understand the information work of 
advocates seeking to contest the harms of AI in the US context and 
the challenges they face in accessing and using information. Below, 
we describe how we collected and analyzed data to answer this 
research question, ethical considerations, and positionalities. 

3.1 Data Collection 
3.1.1 Participants. We conducted interviews with 18 participants 
between April and September of 2025. Participants included advo-
cates based in the US who had experience with discovering and 
pushing back against harms caused by AI. We initially recruited 
participants through a combination of convenience [91] and purpo-
sive [77] sampling. We advertised the study across our professional 
networks, which spanned academic, legal, policy, union, non-profit, 
and industry spaces. We leveraged these networks for participant 
introductions or ideas about who to contact. The remaining par-
ticipants were recruited via snowball sampling [71]. Throughout, 
we prioritized diversity of domain expertise and advocate role. We 
recruited people with experience in multiple high-stakes domains, 
including housing, healthcare, hiring, education, hate speech, fi-
nance, and criminal justice. These efforts resulted in participants 
who were lawyers, journalists, researchers, auditors, and policy 
advocates. They typically had been involved in contesting AI tools 
that were used in a specific setting, such as a healthcare system or a 
state’s public service, but a few participants had also been involved 
in contesting AI tools used on platforms with global reach, such as 
social media sites. Participant roles and their domain expertise are 
summarized in Tables 1 and 2, respectively. 

3.1.2 Interview Protocol. Interviews were one hour each, with one 
interview lasting an hour and a half, and another lasting 2 hours. 

ID Role 
A1-A3 Auditor 
J1-J2 Journalist 
L1-L9 Lawyer 
P1-P2 Policy Advocate 
R1 Researcher, Union 
R2 Researcher, Client Advocacy Startup 

Table 1: Participant roles. Some participants held multiple 
professional roles (e.g. lawyer and policy advocate), but we 
list participants based on the role they highlighted in our 
discussion. To preserve anonymity, these roles do not reflect 
participants’ actual professional titles. 

Domain Number of Participants 
Employment 6 
Healthcare 5 
Social Media 5 
Public Benefits 3 
Education 2 
Housing 2 
Finance 2 
Criminal Justice 2 

Table 2: Domains discussed by participants. Participants had 
expertise contesting harms of AI in a wide range of domains, 
but in this table we tally the domains they focused on in 
their interviews. These domains are overlapping (e.g., con-
testing platform-mediated employment ad discrimination is 
counted under both Employment and Social Media). 

All interviews took place over Zoom and were conducted in English, 
which all participants were fluent in. We audio recorded partici-
pants’ interviews after asking for consent and explaining their right 
to speak off the record both pre-emptively and reactively. Interviews 
started by asking about participants’ professional background. We 
then asked them to choose a particular instance of contesting an 
AI harm to focus on for the interview (some participants chose to 
discuss multiple related experiences at a high level, due to privacy 
concerns). Based on this instance, we asked them about the timeline 
of events, the information required to achieve their goals around 
contestation, why and how this information was accessed and used, 
and barriers to doing so. Finally, we ended by asking participants 
to speculate about what might have been the ideal information 
that could have supported their case, as well as how other aspects 
of their work could have been made easier. Interviews were tran-
scribed using Zoom’s software and then deidentified. We offered 
every participant a $25 Visa e-gift card as recognition of their time 
spent participating in the study. 

3.2 Data Analysis 
We conducted an inductive interpretive analysis [69] of the inter-
view data. Sohini, Dasha, and Naveena started by open coding one 
transcript each, and also all coding an additional fourth transcript. 
Throughout this period, we met to discuss our codes to understand 
how we each interpreted the data. In some cases, we updated the 
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codes to align with different interpretations that were agreed upon 
during discussions. Finally, we split up coding the rest of the tran-
scripts, with Sohini coding the bulk of them. Codes focused on 
the underlying meaning of participants’ words, rather than topics. 
Examples of codes include “political climate shaping risk of audit” 
and “resource scarcity driving FOIA noncompliance”. After coding 
the majority of transcripts, we met to begin constructing themes 
from the codes, at which point we noticed that information work 
was a concept that helped frame the data. We thus created themes 
such as “iterative nature of information work” and “barriers beyond 
information access”, which inform our findings below. 

3.3 Ethical Considerations 
This study was reviewed by our Institutional Review Boards (Har-
vard University #IRB24-1733). More broadly, it is important to ac-
knowledge that participants in this study are engaged in advocacy 
work that is adversarial to powerful AI deployers and developers. 
Given the revealing, instructional, or critical nature of participants’ 
reflections, anonymity is essential to their ability to continue this 
work without retaliation. To mitigate the risk of deductive disclo-
sure, we limited the granularity of reported participant information. 
We use broad role categories rather than professional titles and 
report domains of expertise only in aggregate form. We omitted 
years of experience and demographic details. Participant requests 
to speak off the record were honored. Some cases discussed in inter-
views are part of the public record. In these instances, we did our 
best to reduce the risk of deductive disclosure by contextualizing 
quotes with minimal details. At the same time, we attended to the 
overall meaning participants sought to convey, in recognition of 
their agency and role as public activists, too. 

3.4 Positionality 
We acknowledge that the study design, data collection, and analy-
sis were all influenced by our positionalities. We are researchers 
based in academic institutions in the US, with training in computer 
science, HCI, and philosophy, prior professional experience in the 
tech industry and legal nonprofit work, and prior personal experi-
ence in community, labor, and political organizing. We understand 
communities’ contestation of AI systems as an expression of public 
voice regarding whether and how AI should be used in society, mo-
tivating our interest in conducting the study. The research focus on 
information needs was motivated by Sohini’s proximity to burden 
shifting proposals advocated by the Surveillance Technology Over-
sight Project (STOP). We did not interview members of STOP but 
they did refer some participants. Our limited legal expertise likely 
impacted the granularity of responses shared by participants with 
a legal background as well as the lens through which we engaged 
with the findings. 

4 Findings 
Our findings describe different facets of the information work re-
quired of advocates for effective AI contestation. We begin by de-
scribing the life cycle of information work for contestation, high-
lighting the opacity imbued throughout and how participants’ pro-
fessional roles shaped their practices. Next, we dive deeper into 
those practices and describe creative workarounds participants 

used to access the information they needed, despite opacity. We 
then describe how conditions in the broader political economy of 
AI advantaged deployers and developers of AI, amplifying and in-
creasing the burden of participants’ information work. We end by 
discussing opportunities that participants articulated for supporting 
information work. Our findings are summarized in Table 3. 

4.1 Encountering Opacity in the AI 
Contestation Life Cycle 

The information work of contestation typically began with harm 
discovery, followed by defining the goals of contestation, and then 
seeking and learning from information. We note, however, that this 
“life cycle” of information work for contestation was a non-linear 
and iterative process—the goals and information required for contes-
tation were dependent on each other and could change throughout 
sensemaking. At each stage of this life cycle, advocates encountered 
opacity. Throughout, advocates’ professional backgrounds shaped 
how they approached contestation and therefore information work. 
We found that auditors often sought data for evaluation (as de-
scribed in prior work [20, 75]), but many participants who were 
client-facing advocates in high-stakes domains—long before the 
proliferation of AI—sought many types of information that could 
support their domain-specific advocacy work and client needs. 

4.1.1 Harm Discovery. The initial decision to contest AI typically 
began with learning about harm being done to a community and 
suspecting AI was involved. Many participants were part of organi-
zations that welcome contact from community members, such as 
legal nonprofits, client advocacy startups, and unions, so learning 
about harm was relatively straightforward. Discovering that AI was 
responsible, however, required more effort due to opacity, resource 
constraints, and limited awareness that AI could affect their respec-
tive domains at all. For example, L4 explained how clients called 
their organization to report unexplained cuts to public benefits: 

“We probably had two dozen calls from clients who 
were experiencing cuts in their [benefits]... the common 
thread among the various clients calling with these 
stories was that there was no explanation, and they 
would tend to ask the [workers]... and the [workers] 
would say, ‘It’s not me. It’s the computer.’ 

Similarly, R1, a researcher for a labor union, described how union 
members reported being displaced from their roles with little expla-
nation, leading the union to file a complaint. However, it was only 
years later, when the practice spread to another work site, that R1 
investigated further and discovered that an algorithm was involved 
in the work restructuring. R1 noted that numerous other violations 
obscured this particular issue: “Unfortunately, there’s many, many 
problems [in the workplace]... and so there are a ton of violations that 
come before me and that I work on.” 

In contrast, participants who were auditors, policy advocates, 
journalists, or lawyers engaged in strategic civil rights litigation did 
not describe being community members’ go-to contacts in the same 
way. While these participants were aware of potential harms of AI 
at scale, they often struggled to connect with affected individuals. 
For example, in policy advocacy around AI use in employment, 
P2 explained that“we make sure we partner with labor unions” but 
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Finding Overview 
4.1 Encountering Opacity in the 
AI Contestation Life Cycle 

Participants’ backgrounds and systemic opacity shaped their practices 
across the life cycle of information work, characterized by harm discovery, 
strategizing, and information-seeking and sensemaking. These phases were 
iterative and non-linear, requiring access to various kinds of technical and 
sociotechnical information. 

4.2 Creative Workarounds for 
Information Access 

Participants overcame opacity by leveraging relationships with affected 
individuals and other advocates, experimenting with AI systems and inter-
acting with their developers, and using public records laws. 

4.3 The Political Economy of In-
formation Work 

Participants encountered significant barriers to information work, including 
adversarial tactics, labyrinthine bureaucracy, flawed governance, resource 
constraints, power dynamics that shaped the nature of contestation, and 
risks for impacted individuals. 

4.4 Opportunities for Support-
ing Information Work 

Participants described possible remedies, ranging from unfettered access to 
proprietors’ data, documentation requirements, and system-wide reforms. 
Participants expressed distrust towards deployers and skepticism about 
how realistic or impactful such changes would be. 

Table 3: Summary of findings 

could not directly engage with affected workers “just because of [or-
ganization] size and bandwidth.” These participants were also often 
investigating AI in contexts where harms were less visible com-
pared to issues like benefits cuts or work restructuring. For instance, 
when discussing a job application screening tool, J1 explained that 
rejected applicants typically blame themselves: 

“...often people don’t even know that they’re being harmed, 
right? They’re getting rejected from a job. What do they 
know if it’s, like, a resume parser that didn’t work or 
not? They just assume that they’re not the most quali-
fied person.” 

For auditors, engaging community members was not common in 
their profession, making it challenging to know what harms to even 
evaluate algorithms for. As A1 shared: “You still like don’t know 
if you’re missing something. It’s still like poking into a black box, 
and like hoping...” because "I [A1] only see these people as lines on 
a spreadsheet...it’s easy to lose your grounding." Participants who 
were more embedded in community and aware of AI still could 
not avoid opacity entirely, since AI deployers obfuscated details. 
L5, who discovered that a tenant screening algorithm was denying 
housing to individuals, remarked, “even if they [affected individuals] 
suspect it [AI use], they don’t know which vendor it was... I don’t 
know whose website to start digging around on.” 

4.1.2 Developing Contestation Strategies and Tailoring Information 
Work. Upon discovering that algorithms were causing harm, advo-
cates then needed to decide on strategies for contestation, shaping 
the information sought and disseminated. 

Contestation strategies were often aligned with the responsibili-
ties and ethos of participants’ professions. For many participants 
in client-facing roles, such as lawyers and researchers, contestation 
strategies prioritized the autonomy and agency of impacted individ-
uals. For client-facing lawyers, this sometimes meant prioritizing 

harm reduction over pursuing litigation that could strengthen reg-
ulation or lead to AI tool reform or abandonment. L7 described 
this tradeoff and its impact on information work in the context 
of contesting faulty algorithmic evidence used against people in 
criminal trials—they abruptly stopped gathering evidence when 
the client wanted to take a plea deal. They described how this was 
a pervasive tradeoff in their profession: “We do risk mitigation on 
like so many different kinds of levels as lawyers. We cannot prevent 
harm from happening but we can make that harm less bad... That’s 
the universe in which we’re operating.” Other participants, especially 
journalists, policy advocates, and auditors, were more focused on 
raising public or legislator awareness of AI-related harms. For these 
participants, there were other professional norms that shaped their 
information work. For example, J1 viewed their role as a journalist 
as going beyond “theoretical harms” to share “what’s happening on 
the ground.” Accordingly, they shared how they were planning on 
a longform publication spanning a longer timeframe of incidents, 
but made sure to publish articles along the way because they “felt 
like some of it had, like sort of, needed to be told about immediately.” 

Often, effective contestation strategies required working with 
expertise or people from different sectors, shaping contestation 
strategy, and how participants sought and shared information. For 
professional auditors, staying up to date on journalism or hearing 
from community-engaged advocates helped them decide how to 
approach audits in order to support legal claims. On the other 
hand, lawyers and policy advocates sometimes worked with civil 
society organizations to support lobbying and impact litigation, 
and with technical experts to support evaluation of AI systems 
they were contesting. We note that these collaboration networks 
were not always robust, however, and information-sharing may 
or may not find the right people at the right time. For example, 
some auditors shared their audit results through “traditional PR” as 
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A3 noted, using tactics like sending reports to companies and civil 
society groups who might act on the information. More tenuously, 
they also relied on “an informal network of people” and conference 
presentations to make themselves available to litigators who might 
need their expertise. 

Beyond advocacy goals and collaborations, factors like opacity 
and target audience also impacted contestation strategy and asso-
ciated information work. In some cases, the opacity of impacts on 
individual people led advocates to prioritize systemic change. For 
example, L1 shared their experience challenging ad discrimination: 
“It’s very difficult to challenge the ad delivery system with an indi-
vidual plaintiff, because people don’t know the ads they don’t get.” 
Given the difficulty of establishing injury for individuals, they took 
a consumer protection approach, which required evidence of aggre-
gate harms. Contestation strategy could also change after accessing 
information and assessing its quality. L8 described discarding a 
disparate impact approach to litigation in the context of predictive 
policing: “We looked at the data, and we were like, if we can’t figure 
out who’s Hispanic and who’s white, it’s gonna be really hard to try 
and make out one of those claims.” In other cases, the intended au-
dience for a given contestation strategy shaped information work. 
For example, R2, who supported people with insurance denials, 
needed to gather information that spoke to the medical background 
of reviewers, who sometimes “care most about the medical validity 
and need for the situation, and not what [insurance] contracts are 
relevant.” In the same vein, L2 described how their data on ads 
discrimination against older women resonated with the judge, who 
was also an older woman, speculating that this helped them win 
the case. P2, also working on policy advocacy to address ads dis-
crimination, similarly emphasized the impact of connecting with 
receptive lawmakers who could help with translation of advocacy 
goals; they shared how one strong sponsor of a bill was able to “say 
to [their] colleagues, like, no, the internet is not going to break, no, 
like, small businesses will still be able to advertise online.” 

4.1.3 Information-seeking and Sensemaking. As participants devel-
oped contestation strategies, they sought a range of information 
and came up against numerous barriers to access. We found that 
different kinds of information were useful for different professional 
practices. For many participants, including lawyers, journalists, and 
the union researcher, documentation describing a tool’s function 
and intended purpose facilitated preliminary sensemaking around 
why the tool was being deployed and whether it complied with exist-
ing laws. For example, R1 explained how knowing more about how 
an algorithm was being used alerted R1 that it might violate man-
dates around having licensed workers involved in decision-making 
processes. However, there was little incentive for information about 
an algorithm’s exact function to be shared publicly by developers 
and deployers, and this had worsened with increasing attempts to 
contest AI. L5 noted the increasing opacity of vendors’ webpages: 
“Oh, gee! A few years ago I was finding this level of information, and 
now I’m finding, on a lot of other sites, less information.” 

Some participants sought further insight into AI logic, such as 
explanations, features, and code, and ran into the same barriers. 
Advocates often sought features and predictive variables to make 
connections with their domain knowledge and to better understand 

harm. For example, L5, an expert in housing, was able to contest al-
gorithmic rental screening by making an argument against the use 
of housing vouchers as an algorithmic input. Particular technical 
strategies for contestation could warrant more extensive informa-
tion about model structure and training data, as in the case of L6 
and technical collaborators who wanted to demonstrate that there 
were less discriminatory alternatives to the tool being contested. 

Navigating technical information needs required dealing with 
opaque model changes. L8 described how such changes made sense-
making challenging: “They were actively making changes to the pro-
gram in real time, changing the curve criteria, changing the weights 
of the model... So it was very hard to kind of pin down exactly what we 
were looking at...” To this end, L7, who was contesting algorithmic 
evidence in criminal court, required the tool’s code as well as pre-
vious versions of the code and build environments used when the 
purported evidence was generated. Reflecting on these technical 
needs, L7 emphasized that the absence of technical documentation 
is itself useful grounds for contesting an AI tool, explaining, “...if 
you’re building a car, I want to make sure that you have the requisite 
number of screws and washers and other pieces... to make sure that I 
can go from what you started with into the functional version.” 

Many participants also needed to understand tool outputs and 
effects, such as logs of decisions. Combined with validation studies 
and relevant demographic data, this information helped advocates 
demonstrate discrimination or incorrect evaluations. Across pro-
fessional roles, participants sought this information for audits at 
various levels of formality, scale, and statistical rigor. Auditors and 
lawyers found algorithmic outputs useful for formal and statistically 
rigorous evaluations in service of a broader legal strategy, while 
journalists used informal audits to make sense of tool behavior for 
investigations. Across the board, a lack of access to quality data was 
a barrier. L6, a lawyer who frequently collaborated with technical 
experts, explained, “...a big pain point when you get to quantitative 
testing is having data, like clean data, that you actually know what 
it is and what it represents and where it came from.” 

In addition to technical details, participants wanted to under-
stand the sociotechnical context of AI tools. This was often chal-
lenging since it required piecing together many disparate sources of 
data that were not always publicly accessible, but understanding the 
bureaucratic processes surrounding AI tools allowed for effective 
legal cases, complaints to regulatory bodies, reporting, and even 
new avenues for contestation. This information could include a 
tool’s design process and goals, company policies, governance struc-
tures, evidence of meeting compliance standards, funding sources, 
and records of evaluation and communication (such as emails) that 
indicated whether deployers or developers knew about errors. For 
example, in legal cases where liability needed to be established, ad-
vocates sought to understand the bureaucratic structure and chain 
of events through which employers became aware of AI tools, what 
kinds of information they were aware of, and when they reported 
errors (or not). In L8’s case, understanding funding sources of a 
predictive policing algorithm opened up avenues to contest the tool 
by pressuring the funder to cut off funding. Outside of understand-
ing the development and deployment context, participants needed 
information about how harm was felt by affected individuals. This 
information was often used to establish injury or publicly share 
stories that illustrated the impact of AI tools. 
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4.2 Creative Workarounds for Information 
Access 

Many layers of AI opacity made the information work life cycle 
for contestation challenging. A strength of the diversity of training 
and background of participants we spoke to was the corresponding 
diversity and innovation of their approaches. Across professions, 
participants drew from existing strategies and crossed disciplines 
to devise a wide range of workarounds that relied on creativity, 
extensive effort, or some amount of luck to achieve their informa-
tional and strategic goals. These included building relationships 
and solidarity networks—especially in ways that went beyond a 
baseline level of collaboration, directly engaging with AI systems 
and developers, and forging effective open records strategies. These 
workarounds were connected, with relationships and solidarity 
often driving the latter two. 

4.2.1 Building Relationships and Solidarity. Effective contestation 
was often driven by participants going above and beyond norms of 
collaboration, characterized by effortful, creative, or atypical rela-
tional labor that strengthened their capacity for information work. 
Some examples of exceptional relational work centered around con-
necting with individuals harmed by AI at the individual level. While 
the amount of energy to devote to research versus interviews is a 
personal decision among journalists, J1 got creative in order to con-
nect with individuals facing algorithmic employment termination, 
searching on social media support groups for potentially impacted 
gig workers. They invested considerable time and effort to conduct 
multiple, iterative interviews with these affected individuals, ex-
plaining, “I know that these things are very personal—I wouldn’t tell 
these sorts of very specific, harmful things that happened to me after 
five minutes of talking to someone I had never met.” Through these 
practices, J1 learned that affected individuals were thorough and 
capable data gatherers, explaining that “...people who feel like they’re 
being harmed, they usually have some sort of documentation, like the 
screenshots of things”, supporting harm discovery and prompting 
further information-seeking. A similar strategy to support informa-
tion work unfolded when R1 contested the displacement of licensed 
healthcare providers with algorithm-assisted unlicensed clerks. In 
this case, R1 leveraged labor organizing networks to go beyond 
working with union members who were displaced to also connect 
with the clerks, who were represented by a different union. Building 
these relationships enabled R1 to solicit information about the tool’s 
purpose and bureaucratic context, like tool documentation and 
details about the human-in-the-loop process. These connections 
also supported sensemaking around the multiple harms occurring— 
reduction in the quality of patient care, displaced providers, and 
clerks’ anxieties around new and demanding responsibilities they 
felt were out of their purview. 

Building connections with other community and advocacy stake-
holders also supported participants’ information work. J2 described 
working at a media outlet in the Global South where a loose, in-
formal network of local colleagues were able to support harm dis-
covery around hate speech and presumed automation in reporting 
mechanisms. These colleagues were able to leverage their under-
standing of colloquial language and slang to identify violations 
of moderation rules that may have otherwise gone unnoticed by 
foreigners to the region, such as J2, using typical translation tools. 

For lawyers and policy advocates, some level of multi-stakeholder 
collaboration was baked into the job, as described above. Efforts to 
engage in interdisciplinary collaboration past these standards differ-
entiated participants like L8. At the start of contesting a predictive 
policing system deployed in a public school system, L8 and their 
colleagues invested heavily in community connections, explaining 
that for “maybe about the first month or two, we were really just kind 
of following the school board meetings, following the local reporting, 
listening to, like, kind of following social media for some of the local 
civil society groups that we had relationships with.” While this had a 
clear impact on their sensemaking around harm, these connections 
also came with advice on how to effectively navigate local politics 
and actors in the small, racially segregated municipality the pre-
dictive policing system was deployed in. These media, community, 
and civil society relationships were not just sources of information 
for L8; they became partners in a coalitional contestation strategy. 
L8 underscores the transformative, essential nature of this kind of 
interdisciplinary collaboration: 

“...what I found from this work, it really changed the 
way that I think about legal advocacy. It changed, kind 
of, the course of my career to a certain extent, because I 
was very much gung-ho on, like, you know, litigation 
and thinking about courtroom-based advocacy. But this 
really showed me, especially if you’re thinking about 
legal advocacy in the tech justice context, it just requires 
so much more creativity, and really, like, all these inter-
disciplinary things, I’ve had to embrace for the rest of 
my career.” 

The power of coalition had a similarly transformative effect on 
P1, a policy advocate trying to prevent harms like automated de-
platforming of gig workers. P1 explained that “my thinking is very 
much like I need to be evidence-based,” but working with unions 
reframed the idea that top-down transparency is a strict prerequisite 
for justice: “What I’ve learned from labor is like, it doesn’t matter... 
Like we know this is a problem, right? We’re just gonna ask for the 
moon, and we’ll land somewhere else.” 

Exceptional interdisciplinary relationship-building also involved 
proactively skill-sharing about AI contestation, which in turn could 
have positive downstream effects on participants’ information work. 
For example, A2 shared that when their manager attended a legal 
conference and presented information about algorithmic harms, 
there were “many people in attendance who were like, Oh, my God! 
I’ve been dealing with something that is familiar like this. Seems like 
it would explain something that I’ve been dealing with.” This led 
to A2 connecting with a lawyer contesting a specific instance of 
algorithmic allocation of state-administered health benefits. This 
opportunity was atypical of the cases discussed by our auditor 
participants, where audits would often focus on high profile plat-
forms or genres of tools, arising from auditors’ knowledge of AI 
related harms at a societal level. Subsequent connections with local 
healthcare providers enabled A2 to collect data at scale and con-
duct a crowdsourced audit of the tool, demonstrating the harms in 
practice. Similarly, L7 describes driving a robust advice network 
for lawyers. In solidarity with broader AI contestation struggles, 
with no immediate benefit to their own cases, L7 would present at 
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public defenders’ offices on information work strategies for effec-
tive AI contestation, including sharing template legal motions for 
challenging algorithmic information and checklists for information 
requests to make during the contestation of AI tools. 

4.2.2 Direct Engagement with AI Tools and Deployers. Many partic-
ipants embraced strategies that pushed the boundaries of informa-
tion work typical of their profession, overcoming opacity of AI use 
and documentation by directly interfacing with AI tools and devel-
opers to meet their informational and strategic objectives. Matched-
pair testing is a common practice in civil rights litigation—it was 
historically conducted with human “testers,” where individuals of 
different protected classes engage with a service and document 
their experiences. In evaluating platform-mediated ad discrimina-
tion, participants accessed information by purchasing tool access 
and acting as an employer, digitizing a historical practice to col-
lect data at scale, which they could then analyze with technical 
experts. Although non-technical participants would often contract 
technical experts, some also described efforts to document the user 
experience of tools themselves. For example, to detect suspected 
discrimination in automated review on a social media platform, 
J2 took screenshots of different attempts to report online harass-
ment. L3 used the same strategy to understand discrimination in 
the availability of agents to view real estate listings. These par-
ticipants described using simple tools like spreadsheets to collate 
information and metadata from screenshots and identify trends or 
potentially important algorithm features. 

In some cases, participants accessed information about AI sys-
tems by directly engaging with their developers, a form of relational 
labor that depended on atypical social capital and a willingness 
to place themselves in the line of fire of powerful AI developers. 
Although reaching out to investigation targets for comment is a 
common journalistic practice, the journalists we spoke to went 
above and beyond in doing so to overcome AI opacity and enact 
change. For example, while investigating hiring tools, J1 leveraged 
professional and academic networks to get in touch with tool pro-
prietors. Through luck and perhaps a lack of due diligence by the 
developers, they were invited to a business-to-business seminar 
about the assessment tool, where they were able to learn about the 
algorithm’s factors, such as which keywords imply particular char-
acteristics of job applicants. While contesting suspected automated 
review of hate speech reporting, J2 was able to open a direct line 
of communication with social media platform executives, allowing 
them to learn about the specific language-based policies driving 
the platform’s strategy and to share data in support of removing 
overlooked instances of hate speech. J2, a white American reporting 
from the Global South, speculated that this was made possible by 
their institutional background and identity-based privilege at an 
earlier time when social media was nascent and US-based platform 
executives were more receptive to addressing harm. 

4.2.3 Accessing Open Records. FOIA or open records requests are 
a well-established and already challenging information-seeking 
practice in advocacy work, but we found that open records strate-
gies had to get creative in the face of AI opacity. A long history of 
operating in antagonistic and obstructionist conditions has, in some 
ways, honed non-technical advocates’ research strategies to take 
on these challenges. For example, while investigating a hiring tool, 

J1 pulled from their research strategy repertoire, searching for pub-
lic statements from AI developers, sifting through legal databases 
for any cases involving said developers, and searching patent and 
trademark filings to understand the purposes and logic underly-
ing their AI tools. As a result, they determined that the developer 
of the tool had previously engaged with a public entity. J1 then 
submitted a FOIA request to that public entity for emails related 
to the tool, allowing J1 to deduce its hyperparameters and learn 
that a regulatory investigation of the tool was underway. In L8’s 
case, effective open records requests relied on relationships and 
solidarity, which enabled iterative, coordinated efforts to uncover 
the interconnected data streams powering AI. For example, after 
discovery in an unrelated lawsuit suggested that a police depart-
ment was using predictive policing, journalists leveraged FOIA to 
uncover and report on the existence of an adult predictive policing 
program and a data-sharing agreement with the local school district, 
raising concerns that a second predictive policing program was 
being deployed in schools, targeting minors. This discovery incited 
a coalitional, interdisciplinary effort to request additional records 
and contest the school’s predictive policing program, with one 
organization targeting the school district, while another targeted 
the police department. Additional local partners were consulted 
to help design the requests. The resulting requests and division of 
labor were strategic, designed to anticipate the kinds of pushback 
received from the police department versus the school. L8 explained 
how this was a successful strategy: 

“It’s kind of almost like a... no pun intended, good cop, 
bad cop strategy here, where it’s like, let’s actually, you 
know, apply the carrot over here with the school district, 
let’s apply the stick over here with the sheriff’s office. 
And it ended up proving to be very valuable, because 
we got a lot of data from the school district that we did 
not get from the sheriff’s office, and the open records 
litigation was actually against the sheriff’s office, be-
cause they refused to provide any information without 
having to go to court.” 

The information obtained through these requests revealed insights 
not only into the AI tools, but also uncovered the role of federal 
funding, opening new legal and policy advocacy avenues for con-
testing the tool. The information was used for a wide range of pur-
poses, including assessing potential avenues for litigation, handing 
off to regulators, sharing for community education, and enabling 
responsible media reporting. 

Although record requests offered an essential workaround to 
AI opacity, participants also cautioned that their outcomes could 
be uncertain. As discussed further in Section 4.3, inappropriately 
scoped requests could backfire, require iteration, and exacerbate 
resource limitations. As L4 shared, requests could be exceptionally 
effortful, such as cases of “getting a million documents and having 
to review them all.” Alternatively, scoping requests narrowly could 
result in too little information, as L4 shared: 

“...sometimes you scope your request, and it’s not effec-
tive, or what you get is still not responsive because they 
are playing games, and you don’t always know that 
they haven’t given you the full response...” 
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While these issues are characteristic of records requests in any 
domain, they are especially tricky in AI contestation, where data 
logs can be prolific, and scoping must navigate the opacity of AI use, 
purpose, oversight, logic, testing, and more. On the other hand, the 
prolific nature of record requests occasionally led to poor redaction. 
L4 shared a lucky instance where poor redaction revealed that AI 
deployers were previously aware of an error that caused their tool 
to cut benefits for certain populations. Media reporting of that error 
pressured the deployers into rectifying it. 

4.3 The Political Economy of Information Work 
The resource constraints and circumscribed social and political 
capital typical of advocacy meant that participants engaged in AI 
contestation and information work were at a significant structural 
disadvantage relative to developers and deployers. The conditions 
of information work included facing obstructionist tactics, limited 
resources for conducting information work, and governance struc-
tures that prioritized the interests of deployers and developers. 
These disadvantages meant that AI contestation carried significant 
risks for affected individuals and their advocates. 

4.3.1 Navigating Bureaucracy and Adversarial Tactics. Information 
work involved confronting convoluted bureaucratic processes and 
intentionally obstructionist tactics. For example, when supporting 
clients contesting suspected automated insurance claim denials, R2 
described having to navigate broken links and communicate exten-
sively with call centers to access claim information that patients 
were entitled to. Additionally, due to a flaw in how insurance is 
governed, insurance companies—who issued the decisions being 
contested—were allowed to determine whether clients qualified for 
access to independent third-party appeals. 

Similar adversarial scenarios unfolded in legal contestation of 
AI. When L9’s clients faced cuts to public benefit funds for their 
health care, L9 inquired how funding amounts were determined. 
The government department administering the program refused 
to clarify, explaining that the funding algorithm was a trade secret. 
Through the subsequent legal challenges, it was revealed that the 
trade secret claim was “preposterous,” because the algorithm was 
simply regression analysis in an Excel spreadsheet developed by 
“a government bureaucrat who had, like, you know, some statistical 
training in college or something.” Discovery was also lengthy, labor-
intensive, adversarial, and expensive. As L1 explained, developers or 
deployers who are supposed to provide information could attempt 
to obstruct the process: 

“There’s going to be a lot of semantics, linguistics battles, 
like, ‘How did you actually define the thing you want 
me to turn over and what time frame?’ And blah, blah, 
and like, ‘Judge, they’re asking for too much. This is an 
unreasonable burden on us to ask us to produce every-
thing from such and such period.’ And it’s [our response 
is] like ‘No judge, like, they’re being obstructionist, like, 
we need you to order them to comply,’ [then we] go 
back and forth 10 times over six months before they 
actually produce anything... You’re going to fight over 
whether every single production is actually complete 
and whether this thing should actually be privileged or 

withheld. Or whether they’re even being honest about 
saying this is the universe of documents that exists.” 

Such dynamics are typical of any discovery process, but when AI 
tools are involved, obstruction can be amplified by sharing highly 
technical and illegible information. For example, L7 described how 
a developer shared code: 

“There were a couple of previous cases where they’ve 
been ordered to disclose the code, and in the previous 
cases they had delivered it—I’m like not making this 
up—on an iPad in a series of file directories...[when the 
expert] got the iPad, he’s like, well, first of all, this stuff 
isn’t run on an iPad. So, what a weird way to give me this 
information! But it was like, folders. It was like, folder 
trees where he had to keep opening each individual one, 
and then like, manually reviewing the code.” 

Open records requests were met with similar obstructionist tactics, 
sometimes requiring litigation over noncompliance. Beyond the 
scoping issues discussed in Section 4.2.3, participants reported wide-
spread practices that enabled noncompliance. For example, workers 
at public agencies might not take meeting notes or use private cell-
phones to avoid creating records. L4 speculated that these issues 
stemmed from intentional defunding of state agencies that left them 
resource-constrained; evading FOIA may not be a sign of “acting 
with malign intent, they’re just like, ‘Look, we gotta serve people who 
need benefits, and you asking us for this FOIA request is somehow 
taking us away from doing that.’” An alternative explanation was 
active hostility to the notion of government transparency, where 
“You have elected officials sometimes putting pressure on agencies to 
be non-transparent” and more generally, “governments oftentimes 
see the people that they serve, or the advocates that represent the 
people they serve, as being antagonistic” (L4). Flaws in open records 
law also enabled obstruction. L8 encountered this while contesting 
predictive policing, explaining that the police department “had the 
race data... they just didn’t want to share it with us, and we couldn’t 
compel them to share it, [because of] the way that they categorize it 
on the back end.” 

4.3.2 Information Work under Resource Constraints. Participants 
navigated lengthy and complex processes to conduct information 
work amid constraints around money, time, and expertise. Partic-
ipants emphasized the financial cost of litigation, making it espe-
cially difficult to legally contest high-stakes algorithmic decisions 
that disproportionately affect low-income populations. By the time 
litigation makes it to discovery, information access increases, but as 
L4 explained, discovery requires significant time and money: “This 
is another factor that you have to think about in contestation is, how 
do you have the money to do discovery?” When L9 began litigating 
an algorithmic system cutting public benefit funds over a decade 
ago, they spent around $60-70,000 contracting expert work from 
statisticians and domain experts in developmental disability. They 
emphasized how the cost of reaching the first legal settlement was 
outrageously high relative to the simplicity of the system being 
contested: 

“When we think about the kind of systems that are 
out there being used, this is an Excel spreadsheet with 
some relatively simple formulas in them...like if you 
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compare it to some of the machine learning systems 
that are in use...it’s a primitive automated system in 
the grand scheme of things, and the amount of time 
and money and expert analysis required to, you know, 
present to the court a cogent explanation as to what the 
problem was, three years of work and tens of thousands 
of dollars...[for] this first go around.” 

After reaching this initial settlement, the department delayed meet-
ing the system reform terms and in parallel, procured a replacement 
system with indications of flaws similar to the original tool. L9 ex-
plained that details of the replacement system flew under the radar 
“until several years into the development of the new thing, and so now 
everything is back, basically, to square one.” Contestation of this 
system is still ongoing—altogether, L9 expects that it’s “gonna end 
up being probably 19 years of litigation to get a new system.” 

Outside of legal contestation, auditors also faced the prohibitive 
cost of tool access that limited the amount of data they could gather. 
For auditors who wanted to raise awareness of information that 
could be later acted on by legal or regulatory actors, publishing 
at an academic venue felt like a seal of legitimacy that made their 
work more likely to have downstream impact. However, A1 de-
scribed how review standards were misaligned with the realities 
of resource constraints, “So like, there are people [academic review-
ers] who would say like, there wasn’t enough data. ... It’s like, well, 
shit, I don’t have enough money [to pay for another month of tool 
access]. I don’t. I’m a small nonprofit.” Financial constraints were 
compounded in settings like nonprofits with few employees, where 
there was often limited support for information work. Participants 
were overburdened, with A1 emphasizing: “I’m just one fucking 
person poking from the outside. Like, this is not sustainable in many 
ways.” Policy advocates also faced asymmetric information sharing 
battles against disingenuous industry lobbyists who possessed far 
greater resources. As P2 explained: “[lobbyists] just flat-out lie, it’s 
unbelievable...like, they ran‚ the industry [lobby] ran ads during the 
[major sporting event], it was crazy.” 

4.3.3 Power Dynamics in the Expectations of Information Work. In 
addition to shaping how information work was done, we found 
that power dynamics also narrowed the frame of what kind of in-
formation work was demanded in the first place, and to what end. 
That is, the standards of evidence that were required of participants 
were set by actors such as courts and public agencies, and often 
advantaged developers and deployers. For example, L4 saw how 
the introduction of AI tools to allocate state benefits changed the 
very nature of contesting benefits cuts. Typically, in administrative 
hearings, lawyers would demonstrate clients’ medical needs, an-
swering questions like “How long does it take you to get out of bed? 
How long does it take you to prepare a meal?” With the introduction 
of AI, argumentation had to be in terms of the algorithm’s criteria, 
even if it was incorrect: 

“...the only consideration became whether the assess-
ment was completed accurately at the time that it was 
given, not how many hours of care you need...the judge 
early on would just say, ‘No, it’s irrelevant,’ I think later, 
because he perceived that that could be a problem, on 
appeal would admit the evidence, but would just not 

give it any weight, right, and say, ‘No, the state has 
chosen to assess medical need through this process.”’ 

This captures an ongoing displacement of criteria related to people 
by criteria related to technology where “The algorithm becomes so 
embedded in sort of the bureaucratic process that it displaces any 
other way of getting at the issue.” 

In other cases, the information work expected of participants 
was so disproportionate relative to developers and deployers, that 
participants needed to demonstrate how tools worked even when 
the developers and deployers themselves could not do so. For exam-
ple, when contesting public benefits cuts driven by a tool developed 
internally by a government bureaucrat, L9 “took the testimony of 
everyone, including that guy [the developer], and, you know, asked 
people, ‘How does this work?’ And, you know, each person we asked 
said, well, you should ask this other person, until basically they were 
pointing around in circles. Nobody at the department could actually 
explain how their system worked in any coherent way.” L6 speculated 
about how widespread this phenomenon is among deployers: 

“Do they even know what their models are? Many of 
them don’t, frankly. And they’re kind of just willy-nilly 
changing all the time. That’s a huge pain point, right? 
Like, if you wanna even answer the question of like, ‘Is 
this an appropriate use case for this model,’ ...I’m not 
sure many institutions can answer that.” 

Participants were also frustrated about contesting tools under 
appeals systems that deployers did not actually have infrastructure 
or capacity for. For example, when contesting suspected automated 
denials of insurance claims, R2 encountered responses to appeals 
riddled with indications of more AI at play, like logic irrelevant to 
the claim, ostensibly hallucinated by LLMs. Similarly, L4 explained 
that contesting government AI deployments was plagued by a 
“weaponization of the lack of government capacity.” Emblematic of 
this issue, L4 described how states would terminate unemployment 
benefits due to faulty fraud detection algorithms and issue requests 
for information to affected individuals, yet lacked the capacity to 
process the outpouring of resulting responses. 

4.3.4 Information Work Risks. Accessing information, and contes-
tation in general, required considering risks. For example, in line 
with past findings [75], one risk that multiple auditors shared was 
that scraping information could violate terms and conditions of use 
and even lead to legal issues. A3 explained the need to consider 
“...how long could we do this until it kind of triggered policies that 
would kind of get us kicked off, or prevent the research?” Informa-
tion sharing could also come with risks due to the current political 
climate in the United States around equity issues. A1 explained 
that their nonprofit decided to shelve an audit investigating gender 
discrimination on hiring platforms because they did not want to 
“point a bigger flashlight on it” due to the “anti-DEI crusade.” 

Participants engaged in legal contestation also expressed con-
cerns about client well-being. L4, for example, worried about un-
wanted media attention, where “they could be dragging up things 
about your past that have no bearing on the case at all, but are just 
there to make you suffer,” and depositions, “which can be hours and 
hours of inconvenient and difficult, hard questions.” L4 also high-
lighted burdensome logistical overhead, where “[clients] have to 
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deal with a lot of paperwork, you can have to go to court hearings 
that take a lot of time and may be difficult for [clients] to reach.” L9 
noticed similar risks when contesting cuts to public benefits funds, 
explaining that contesting “adds a whole lot of anxiety and stress, 
and some people just give up.” Sometimes taking on these risks did 
not pay off for impacted individuals—in L9’s case, “of the... people 
who initially were plaintiffs that filed this lawsuit, about half of them 
have died in the process of waiting to get a fair system.” 

4.4 Opportunities to Support Information Work 
We explicitly asked participants to speculate about what kinds of 
information they would ideally like access to in contestation. Many 
of the desires that participants articulated reiterated the informa-
tion needs detailed in Section 4.1, emphasizing the importance of 
enshrining access to this information in policy. Other desires went 
beyond, indicating opportunities for additional support systems. 

Some participants speculated that it would be ideal to mandate 
information sharing in a way that avoids filtering data and provides 
a more complete picture of it. For example, L1 desired statistics over 
the entirety of proprietors’ data, which is impossible for participants 
to compute given present barriers. A1 desired direct system access 
due to a lack of trust in deployers and developers and the slow 
nature of information access through open records or litigation. 
Due to this distrust in provided data, A1 explained that at present, 
“I’m like, give me a copy of your entity relationship diagram of your 
databases,” to ensure attributes and relationships are not omitted. 
In a perfect world, however, they would “select star from this whole 
table and grab everything from you, like I just want you to tell me 
where it actually is.” 

Several participants advocated for documentation requirements, 
where deployers would be required to document certain informa-
tion, whether publicly or privately, so that it can be requested when 
needed. This could, in theory, package and improve access to some 
of the salient technical and sociotechnical information needs partic-
ipants articulated. L1 advocated for private assessments and public 
summary reporting. Both L1 and L6 emphasized that private docu-
mentation requirements would facilitate discovery, because there 
is a known tangible document to request, reducing obstructionist 
tactics to avoid sharing information at all. 

Participants also desired infrastructural support or system re-
forms that would facilitate their work. L3 expressed the need for 
more technically sophisticated matched-pair testing practices given 
federal defunding of such initiatives: 

“How to increase the technology of [matched-pair] test-
ing, to address all the tenant background checks, the 
criminal background checks, all the automated kinds 
of checks and systems that particularly landlords and 
brokers are using is a challenge... because HUD is re-
tracting its funding and its presence in the world I live 
in of housing discrimination.” 

J2 desired mechanisms to report online harassment or hate speech 
at scale, as opposed to having to document and report each instance 
individually. As algorithm criteria increasingly displaced common 
sense notions of health needs, L4 sought procedural reforms that 
would allow appeals to health benefits cuts to center clients’ actual, 
physical needs as evidence, regardless of the accuracy of the AI 

tool’s inputs. Also at the procedural level, L8 desired “open source 
agencies,” meaning that public agencies or departments would have 
expansive, standardized, public information access. 

Some of the desired procedural reforms centered around AI tools’ 
initial conception. Through engaging in prolonged legal battles and 
witnessing the material harms endured by their clients, L9 came to 
the conclusion that “the people who any of these systems are making 
decisions about have to be involved from the get-go. And the get-go 
means the decision whether or not to even use an automated system 
in the first place.” A2 echoed a similar sentiment while explaining 
their desire for more meaningful avenues for public engagement 
with government AI deployments. They pointed to an example 
where government transparency in the form of sharing a benefits 
allocation algorithm for public comment missed the mark because 
“it was transparent. But it also was like, sort of like, illegible to the 
people who needed to interact with it.” A2 described the crux of 
the issue as an overly narrow focus on transparency of technical 
information, “making a political discussion into a technical discussion.” 
They advocated for prioritizing the former, where “people interact 
with it [benefits allocation] as a political discussion and not just as a 
technical discussion.” 

We note, however, that participants expressed concerns about 
how these ideal proposals would work in practice. Participants 
worried about audit-washing and doubted that corporations would 
allow open-ended audits. To this end, J1 shared examples of in-
stances where they witnessed audits buried because of corporate 
influence. P1 echoed these concerns, explaining that companies 
“make this compliance theater. You’re not gonna get meaningful an-
swers.” Multiple participants suspected that mandating information 
access would be met with pushback from companies claiming that 
information is proprietary. L6 also expressed skepticism over the 
feasibility of public disclosure proposals due to both privacy and 
government capacity issues: “Some of the state laws I’ve seen would 
require entities to submit information to an [attorney general] or some 
other state body. That does not sound effective to me. I mean, it sounds 
like a nightmare, because... the documentation, if you do it correctly, 
is like way too detailed and voluminous.” Some participants also 
expressed pessimism around the future of contestation work in 
general due to the current political climate shifting commitments 
away from civil rights, combined with the underresourced nature 
of state regulatory agencies. 

5 Discussion 
Our findings highlight the ways in which opacity and the political 
economy of AI is making traditional forms of advocacy work more 
challenging and labor-intensive, while posing risks to advocates 
from technical and non-technical backgrounds alike. After further 
unpacking the interconnections between AI contestation within 
different professions and the political economy of information work, 
we discuss two main takeaways: the limitations of transparency 
policy approaches in supporting contestation, and the central role 
of relationships and coalition for overcoming opacity and the other 
burdens of contestation. 
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5.1 Situating AI Contestation in the Political 
Economy of Information Work 

Many of our participants, namely journalists, lawyers, policy ad-
vocates, and researchers, came to AI contestation as a result of the 
introduction of algorithms into unjust practices they had already 
been working to combat. Our findings thus contribute to research 
drawing attention to community-based strategies for contestation 
[40, 50, 60], and affirm arguments that there is much to learn from 
traditional forms of advocacy for AI contestation in the present [59]. 
The efforts of our participants, who have long been doing advocacy 
work before algorithms proliferated in public life, reveal insights 
that we might otherwise miss through a focus on only technical 
approaches to the information work of contestation: successful con-
testation can be deeply relational, relying on situated knowledge 
and coalitions to determine which information is most compelling 
for a given contestation strategy, how to obtain it, and what actions 
can achieve accountability while mitigating risks. 

We also analyze these advocates’ perspectives alongside that 
of third-party auditors working in a nonprofit setting. Prior work 
typically has studied different kinds of advocacy work, especially 
litigation [49, 70] and auditing [34, 44, 75], separately. Prior work 
has also discussed how a sole focus on professional and technical 
auditing, especially that led by corporate actors, can narrow the type 
of expertise and objectives privileged in evaluations of AI systems 
[18, 20, 63, 94]. By analyzing diverse work practices together, we 
can see how there are many shared struggles because of the aligned 
goals of justice and community-centered contestation, rather than 
solely reporting results or improving AI tools. 

Analyzing participants’ shared struggles around information 
work, we observed that while there have always been obstacles 
navigating bureaucratic opacity and uncooperative agencies, there 
is something distinctly challenging about the information work of 
AI contestation in a world shaped by political and legal structures 
that privilege the interests of AI deployers and developers. The at-
tributes that make AI so enticing to deployers and developers—the 
efficiency and perceived objectivity of automated decision-making— 
have had opposite effects on the process of contestation. From the 
so-called efficiency standpoint, AI adoption lowers the organiza-
tional costs of making austerity decisions without improving the 
organization’s overall capacity to process information, thus making 
those decisions more opaque and labor-intensive to contest and 
appeal. Algorithms are adopted by organizations in part for their 
perceived objectivity [79], but in practice, automation simply dis-
places the values and discretion inherent to decision-making to a 
less visible (and thus more difficult to contest) location [23]. 

Further compounding this problem is the growth of public-
private partnerships in AI development and deployment [80]. This 
growth means that information barriers related to private sector 
“trade secret” claims are infiltrating the public sector, making advo-
cacy work there more challenging. Meanwhile, these claims may 
not even be legitimate, as we saw in our findings. The lack of open 
communication about these partnerships also means that opportuni-
ties to request open records about private AI deployments from the 
public entity’s side, a strategy highlighted in our findings, are not 
immediately visible. On the other end of the equation, we found that 
algorithm deployers themselves may have limited understanding of 

their own tools, making it difficult to determine who is responsible 
when an algorithm does not function as intended [86]. 

Similar to arguments about the disempowering nature of data-
driven activism [10, 35], we also see how information use, not just 
access, ends up on the terms of those who hold power. Our findings 
suggest that at least within public benefits, AI is changing the target 
of contestation in traditional advocacy work, limiting the strategies 
that advocates can successfully invoke in challenging the status quo. 
In some cases, contestation is no longer about whether needs are 
being met or how resources should be allocated (a political question), 
but about whether AI assessments are accurate and completed 
correctly (a technical question). 

Within this landscape, our findings on the burdens experienced 
by participants and the communities they served are a stark contrast 
to the relative power and privilege of AI deployers and developers. 
To this end, participants had to respond to obstructionist tactics, 
manage financial and time constraints, and accept personal risks in 
accessing data or pursuing litigation. Still, we also see how when 
connections among advocates are forged, contestation strategies 
become stronger. Below, we unpack what these dynamics mean for 
the effectiveness of transparency policies for enabling contestation, 
and how coalition-building is an important path forward. 

5.2 Misalignment between Information Work 
Realities and Transparency Policy 

By applying the lens of information work to our findings, we were 
able to disentangle the differences between information access and 
information use, and identify their associated social and emotional 
worlds. These findings, coupled with evidence that overcoming 
technical opacity was just one of the many challenges of infor-
mation work, contribute to the body of literature pointing to the 
insufficiency of transparency [26, 32, 36, 103]. We highlight discon-
nects between popular transparency policy strategies in the US and 
information work realities, not to suggest that these strategies be 
discarded altogether, but to caution against a myopic focus. 

In the US, federal AI policy has been unstable and patchy [8]. Re-
cent policies have made access to government information through 
FOIA more difficult [65, 76] and, in line with previous findings 
[70] and our own, legal challenges to AI-related harms have of-
ten relied on non-algorithm-related laws in order to achieve legal 
standing. Amid gaps left by the federal government, several pro-
posed, failed, or enacted AI-related bills have emerged at the state 
level [17, 28, 74]. Representative of these efforts, the California 
Consumer Privacy Act, passed in 2025 and set to be enforced in 
2027, mandates submitting risk assessments for automated decision-
making technology in high-stakes domains to the California Con-
sumer Protection Agency [6]. Several other states [17, 28, 74] have 
considered versions of an assessment disclosure-based model [88], 
sometimes with limited success [101]. The theory of change behind 
these approaches is that assessment disclosure disincentivizes the 
deployment of harmful AI. A second underlying assumption is that 
if issues slip through the cracks, disclosures indicating these issues 
will prompt regulatory agencies with enforcement power or af-
fected private actors to contest harms of AI [101], whether through 
non-legal pathways or through legal means when a private right of 
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action3 exists. Outside of disclosure-based approaches, in a separate 
effort, US-based policy advocates have proposed inverting civil legal 
procedure, or “burden shifting,” to place the burden on defendants 
(e.g., developers and deployers) in AI litigation to prove that their 
system did not harm plaintiffs. This aims to resolve the current 
paradox in which plaintiffs must first demonstrate how an AI sys-
tem is unlawful before entering the legal discovery phase needed 
to access information supporting such a claim [25]. Our findings 
suggest that the assumptions underlying these proposals, regarding 
the impacts of information disclosure and the challenges of legal 
contestation, are misaligned with the realities of information work. 

First, the premise that assessment disclosure disincentivizes the 
deployment of harmful AI is undermined by our findings. Partic-
ipants in our study were intimately aware of adversarial tactics 
employed by deployers and developers. In situations where they 
were able to compel information disclosure, advocates encountered 
a level of incompetence or malicious compliance, such that the 
requested data was either low quality or non-existent. These expe-
riences suggest that, at present, AI deployers and developers are far 
from having the capacity to engage in effective assessment. This 
is in line with findings from prior work on poor data quality in 
open records request assays [85] and null compliance with auditing 
mandates [101]. Harmful AI deployments cannot be disincentivized 
if there is no internal capacity to determine whether AI is harmful. 
Given these experiences, participants expressed suspicion towards 
information shared by companies or developers, undermining the 
legitimacy of assessment disclosure . They felt that companies were 
likely engaging in “performative transparency” [32], or sharing 
the minimum needed to legally comply. As Corbett and Denton 
[32] explain, power asymmetry is inherent to information-sharing; 
developers or deployers sharing information will do so in accor-
dance with their priorities of self-preservation. Our findings affirm 
that meaningful disclosure is not just about the information being 
shared, but also about how, by whom, and under what social con-
ditions. Similarly, Rao et al. [83] found that data access needs to 
be paired with trust to effectively contest AI, in the context of the 
crowdsourcing infrastructure they built. Our participants’ collabora-
tive approaches to information-seeking (including through a crowd-
sourced audit) support Rao et al. [83]’s argument and design impli-
cations. The premise that internal assessment will disincentivize 
harm is also at odds with participants’ emphasis that the burdens 
of information work could be ameliorated if affected individuals— 
external stakeholders—could meaningfully participate in the design 
of AI tools in the first place. The value of multi-stakeholder involve-
ment and participatory design is well established in HCI [37, 96], 
and this finding presents an important connection: supporting the 
uptake of participatory design can be an indirect way of reducing 
the labor of contestation and information work. 

Second, the assumption that assessment disclosure would prompt 
contestation is also at odds with our findings. In practice, contesta-
tion was often prompted by material harm discovery. For partici-
pants engaged in client-facing roles, where AI was a new encroach-
ment, the role of AI in these harms was rarely legible to clients, 
complicating participants’ ability to triage and strategize around 
situations. Furthermore, even when algorithm details were accessed 

3A private right of action enables individuals or organizations to file civil lawsuits. 

(e.g., through open records or discovery) or disclosed publicly (e.g., 
via public comment), they were not always legible to affected indi-
viduals or advocates, and often required technical collaboration to 
unpack. Combined with the likelihood of performative compliance 
discussed above, it is unlikely that the public disclosure of technical 
details would adequately address the legibility of AI-related harms. 
This implication directly aligns with Calacci et al. [26] and Dalal 
[36]’s work in the context of gig worker advocacy, which argues that 
public data disclosures are unlikely to prompt change due to illegi-
bility of harms to advocates and gig workers. Accordingly, we echo 
their recommendation for building infrastructure for harm discov-
ery, like data collection and analytics that affected individuals and 
advocates can execute themselves. Besides these disconnects to the 
realities of harm discovery, it was often sociotechnical information, 
like how harm was felt, that made for effective contestation—which 
is outside the purview of any possible company disclosure. Finally, 
assuming that assessment disclosure would prompt contestation 
ignores the risks of contestation. Contestation comes at risks to 
advocates and clients, and could politically backfire. Sometimes, 
there are not enough resources to make contestation viable, and 
client harm reduction must be prioritized. Participants were also 
skeptical that regulatory agencies would lead contestation due to 
underfunding and political priority shifts. 

Relatedly, burden shifting to facilitate discovery access does not 
account for all the challenges of legal information work. Burden 
shifting would not address the aforementioned issues of trust in 
information, the challenges of harm discovery in the first place, or 
the costs of litigation that lead clients to choose harm reduction. 
Even if litigation is pursued, our findings show that discovery is 
lengthy and costly, met by common adversarial tactics, and uniquely 
amplified by the complexity of algorithms, like the delivery of 
highly illegible and unexecutable code. Once past discovery, over 
the course of legal contestation, participants were held to standards 
of information sensemaking about how tools worked that deployers 
and developers themselves could not meet. It is not obvious how 
burden shifting would change this double standard. 

An important corollary to the notion that popular transparency 
proposals may not address the breadth of challenges advocates 
face is that many of the participants we spoke to employed cre-
ative workarounds to circumvent a lack of transparency to sense-
make about AI logic, harms, and use. We draw attention to these 
workarounds not to suggest that opacity is acceptable or that these 
workarounds are not laborious, but to draw contrast with the adver-
sarial tactics, resource constraints, power dynamics, and material 
risks these transparency proposals do not address, which partici-
pants found harder to navigate. 

5.3 Strengthening Community and 
Collaboration for AI Contestation 

The lens of information work calls for us to understand how infor-
mation processes are situated in social processes. Drawing on this 
line of inquiry, we found that while multiple strategies addressed 
the opacity of AI, it was investing in connections, organizing, and 
solidarity that was often key to building power when facing any 
of the burdens of contestation we identified: opacity, adversarial 
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tactics, resource constraints, power dynamics, and risks. In rec-
ommending strengthening community and collaboration, we join 
calls from prior work advocating for greater cooperation, shared 
infrastructure, and organizing towards AI accountability [29, 40, 75] 
and point to strategies and models for doing so in the context of 
information work and contestation. 

Relational labor and solidarity helped reduce the burdens of in-
formation work by redistributing them across a broader coalition. 
They also enabled knowledge sharing and collective strategizing 
that increased procedural efficacy and the likelihood of a positive 
outcome. Recall, for example, that in an open records campaign or-
ganized in coalition, advocates were able to pool resources, deriving 
benefits across several different aspects of the process. This pooling 
parallelized time costs while reducing the financial and labor costs 
to any individual organization. It also reduced the risks to indi-
viduals impacted by prolonged contestation. Finally, strategically 
dividing the requests across the coalition worked to minimize op-
portunities for typical adversarial encounters. In other instances of 
legal contestation, connecting across sectors to the media pressured 
deployers to abandon the tool, in line with findings by Johnson 
et al. [50]. This interdisciplinary approach could circumvent unfair 
power dynamics in the expectations of information work when 
pursuing a purely legal contestation strategy. Relationship building 
also facilitated harm discovery and sensemaking, overcoming opac-
ity to build strong arguments, reducing the risk of an unsuccessful 
outcome. While some degree of collaboration was commonplace 
(such as contracting technical experts, though itself a resource cost), 
the aforementioned interdisciplinary, coalitional, and connection-
powered strategies were atypical, indicative of advocates’ creativity, 
effort, and some amount of luck. To better support the information 
work of contestation, we argue for making the atypical typical. 

There are multiple strategies that could strengthen infrastruc-
tures for collaborative and interdisciplinary information work. Given 
the insufficiency of transparency, we previously echoed recommen-
dations [26, 36, 83] to build trusted infrastructures for harm discov-
ery, information-seeking, and sensemaking. These infrastructures 
could and should support interdisciplinary multi-stakeholder col-
laboration; the systems built by Calacci et al. [26], Dalal [36], and 
Rao et al. [83] are promising models for this work, supporting in-
terconnected information work processes across affected workers, 
frontline union organizers, and union lawyers contesting algorithm-
based pay and deactivation harms. It may be useful to think of these 
infrastructures as boundary objects [22, 66], which enable mutual 
understanding among diverse stakeholders; designing with this 
in mind could ensure that information is structured in a way that 
could be legible to advocates across domains and useful for multiple 
advocacy goals. 

In designing interventions to strengthen solidarity, we must also 
avoid introducing additional epistemic burdens to already over-
stretched and underresourced advocate communities. One strategy 
could be to iterate on practices already integrated in these advocacy 
communities. Our findings highlight opportunities for improved 
resource-sharing in ways that are accessible, like sharing checklists 
of information needs in litigation, templates for open records re-
quests, and risk-aware litigation pathways and strategies to compile 
more knowledge in this space. Successful models for accessible re-
source sharing include the Benefits Tech Advocacy Hub [2], which 

collates resources on fighting AI-driven benefits cuts, The Markup, 
in their reporting on how they access data [95], and FOIA reposito-
ries [3]. Adapting lightweight “know your rights” strategies, like red 
cards in immigration justice [4], could support raising awareness 
towards AI harm discovery. 

Beyond increasing support for the processes of interdisciplinary 
collaborative information work, our findings suggest a need to 
build community, encouraging opportunities to act in coalition. 
For example, having more spaces for convening and making sense 
of emerging technologies within legal and labor organizing net-
works may be beneficial. This also brings up the question of how 
computing researchers might make their expertise available as and 
when needed; models such as technology clinics within university 
settings [5], if built in coalition with community organizations, can 
offer pathways to linking with technical expertise. 

5.4 Limitations 
This study focused on the US context. Through this focus, we miss 
opportunities to draw lessons from comparing across the Global 
South and North [61]. The US is also not representative of policy 
landscapes across the Global North. Especially in the contexts of 
AI and policy, asymmetric scholarly attention can introduce or 
entrench first-mover advantages, promoting the uptake of poli-
cies or interventions ill-suited across geographies [47, 53]. To this 
end, we emphasize that different socio-political ecosystems could 
produce very different dynamics around information work and 
transparency policy. Within the geographic context of our study, 
our insights were also shaped by the scope and diversity of our 
participant population. We did not interview individuals directly im-
pacted by the harms of AI, who likely engage in information work 
themselves. Additionally, our sampling strategy was shaped by our 
personal networks and participants’ institutional visibility, mean-
ing that the perspectives of advocates engaging in AI contestation 
in lower-resourced contexts may be underrepresented. Researching 
the information work of contestation in cross-cultural contexts and 
with wider participant populations are important future directions. 

6 Conclusion 
In this paper, we examined how advocates gather information to 
contest AI systems. We found that, with increasing automation 
in high-stakes domains, AI contestation has become a key part of 
social justice advocacy more broadly, and that the political econ-
omy of AI is complicating the work advocates are doing to address 
harm. We found that information access was crucial for effective 
contestation, and advocates used creative workarounds in response 
to the opacity of this information, including informal networks of 
collaboration, new forms of investigative work, and coordinated 
open records requests. However, advocates faced substantial addi-
tional barriers and risks to information work—risks of challenging 
the economic interests of the tech industry, obstruction posed by 
bureaucratic systems, limited resources common to advocacy work, 
and a hostile political climate for such work. We discussed why 
these issues are unlikely to be resolved merely by legally enshrining 
transparency, which is the target of many popular proposals for AI 
regulation in the US. By surfacing the social processes core to ad-
vocates’ information work, we found that we must go beyond legal 
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mandates to support solidarity across the diverse advocates engag-
ing in contestation. We ended by discussing supporting information 
work through amplifying collaboration among advocates. 
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