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Abstract

This paper introduces Radical Questioning (RQ), a struc-
tured, pre-design ethics framework developed to assess
whether artificial intelligence (AI) should be applied to com-
plex social problems rather than merely how. While much
of responsible AI development focuses on aligning systems
with principles such as fairness, transparency, and account-
ability, it often begins after the decision to build has al-
ready been made, implicitly treating the deployment of AI
as a given rather than a question in itself. In domains such
as human trafficking, marked by contested definitions, sys-
temic injustice, and deep stakeholder asymmetries, such as-
sumptions can obscure foundational ethical concerns. RQ
offers an upstream, deliberative process for surfacing these
concerns before design begins. Drawing from critical the-
ory, participatory ethics, and relational responsibility, RQ for-
malizes a five-step framework to interrogate problem fram-
ings, confront techno-solutionist tendencies, and reflect on
the moral legitimacy of intervention. Developed through in-
terdisciplinary collaboration and engagement with survivor-
led organizations, RQ was piloted in the domain of human
trafficking (HT) which is a particularly high-stakes and eth-
ically entangled application area. Its use led to a fundamen-
tal design shift: away from automated detection tools and to-
ward survivor-controlled, empowerment-based technologies.
We argue that RQ’s novelty lies in both its temporal posi-
tion, i.e, prior to technical design, and its orientation toward
domains where harm is structural and ethical clarity cannot
be achieved through one-size-fits-all solutions. RQ thus ad-
dresses a critical gap between abstract principles of respon-
sible AI and the lived ethical demands of real-world deploy-
ment.

Introduction
Many “AI for good” initiatives operate under the assumption
that technical products can adequately address complex so-
cial problems (Green 2019). Such efforts are frequently un-
derpinned by a form of techno-solutionism (Heilinger 2022;
Metcalf, Moss et al. 2019) which is the belief that social
problems can be framed, simplified, and ultimately resolved
through data-driven tools. This orientation simplifies mul-
tifaceted social challenges into narrowly defined problems
and reduces systemic issues to tractable computational tasks,
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obscuring deeper structural, cultural, and political dynamics.
In high-stakes domains such as human trafficking (HT), such
oversimplification is not only misleading but dangerous: it
can normalize surveillance-heavy, punitive approaches to
social issues, marginalize survivor voices, and produce un-
intended harms under the guise of benevolent intervention.

While principles-based AI ethics frameworks (e.g.,
transparency, fairness, accountability) have become com-
mon in both academic and policy contexts (Leslie 2019;
Madaio et al. 2020), particularly in socially sensitive do-
mains (Reamer 2023; Hallamaa and Kalliokoski 2022), they
tend to focus on how to design AI systems responsibly after
a solution has already been deemed necessary. These frame-
works offer important guidance on implementation (Steen,
Neef, and Schaap 2021), yet they are often applied as post
hoc checklists (Costanza-Chock 2020), lacking the reflex-
ive space to interrogate whether AI should be built in the
first place. As a result, dismantling techno-solutionist biases
becomes significantly more challenging and ethical deliber-
ation remains downstream of core design decisions.

This problem is compounded in AI-for-good initiatives
by a Manichean worldview that frames the domain as
unambiguously “bad” and the role of AI as necessarily
“good” (Green 2019). This binary framing legitimizes inter-
vention without reckoning with its potential harms or the sit-
uated complexities of the domain. In the case of human traf-
ficking, for instance, the drive to “solve” the problem with
technology can lead to invasive surveillance, misclassifica-
tion of consensual sex work, and the silencing of survivor-
defined priorities.

Recognizing this, recent work has called for more crit-
ical, upstream forms of ethical engagement. For example,
the Studying Up framework (Kawakami et al. 2024a) ad-
vocates for self-reflection among researchers, collaboration
with interdisciplinary experts, and the willingness to de-
cline projects that are misaligned with justice-oriented goals.
The Situate AI Guidebook (Kawakami et al. 2024b), a
practical instantiation of these principles, provides struc-
tured prompts for public agencies to assess whether AI in-
terventions should be pursued at all. Similarly, Bellini et
al.’s Systematization of Knowledge on Digital-Safety Re-
search (Bellini et al. 2024) focuses on participatory, low-risk
methodologies for working with at-risk communities em-
phasizing early engagement, data privacy, and reciprocity.
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The Human Rights AI Impact (HRAI) Assessment frame-
work (Ontario Human Rights Commission n.d.), developed
by the Law Commission of Ontario, provides questions to
evaluate the human rights risks of AI tools and offers miti-
gation strategies. Unlike HRAI, RQ is not prescriptive about
the actions to be taken based on the answers to its questions.
Instead, it serves as a tool for self-reflection, enabling teams
to navigate ethical dilemmas and make decisions grounded
in their values and the specific context of their work. While
not designed specifically for AI-for-good contexts, these
works highlight the need for reflexivity and stakeholder in-
volvement. However, they often lack a formalized process
to guide upstream, contextual moral reasoning in domains
as deeply fraught as HT.

To address this gap, we introduce Radical Questioning
(RQ) - a five step, pre-design ethical framework devel-
oped to help AI practitioners interrogate the legitimacy of
intervention before technical work begins. RQ builds on
and extends prior work by formalizing a structured, iter-
ative approach for surfacing assumptions, engaging with
power asymmetries, and challenging normative narratives
embedded in AI-for-good projects. Developed through in-
terdisciplinary collaboration and sustained engagement with
survivor-led organizations in the HT space, RQ is designed
not only to guide more responsible project scoping, but also
to empower practitioners to say no and walk away from AI
solutions when ethical justification cannot be ensured.

By situating RQ within broader discussions of refusal,
participatory design, and upstream ethics, this paper con-
tributes a unique methodology tailored to domains where
harm is structural, solutions are morally contested, and AI’s
role is far from self-evident. We demonstrate its application
through a case study in human trafficking, where RQ helped
reorient our project away from detection-based technolo-
gies and toward survivor-controlled tools. We argue that this
kind of radical, pre-emptive inquiry is essential for techni-
cal communities working in ethically complex domains and
propose RQ to that end. The contributions of this paper are:

1) we introduce Radical Questioning (RQ)—a structured,
upstream ethics framework that helps AI practitioners assess
whether an intervention should proceed, not just how to im-
plement it responsibly.

2) we demonstrate RQ’s value in the ethically com-
plex domain of human trafficking, where it helped reframe
our project from detection-based technologies to survivor-
centered, empowerment-focused tools.

3) we call for a paradigm shift in AI ethics: to nor-
malize pre-project ethical assessment as a core component
of responsible AI practice, particularly in domains marked
by contested definitions, systemic harms, and stakeholder
asymmetries.

Section 2 reviews relevant literature on AI ethics princi-
ples, techno-solutionism, and prior work in the human traf-
ficking domain. Section 3 introduces the Radical Question-
ing framework through an in-depth case study of its applica-
tion in HT. Section 4 outlines key challenges and limitations.
We conclude in Section 5 with reflections and takeaways.

Background
Ethics principles Contemporary AI ethics discourse, es-
pecially in AI-for-good contexts, is largely shaped by
principles-based frameworks, fairness, accountability, trans-
parency, privacy, and similar values, intended to apply across
domains and jurisdictions (Leslie 2019; Commission et al.
2019; Fetic et al. 2020; Madaio et al. 2020). While widely
adopted, these principles are often vague and decontextu-
alized, offering limited guidance as developers move from
abstract theory to concrete practice (Bleher and Braun 2023;
Steen, Neef, and Schaap 2021). Institutional reviews show
that ethical guidance is frequently shaped by private sector
and governmental interests alike, often with instrumentalist
aims, such as easing market deployment, satisfying compli-
ance, or reducing litigation risk, rather than fostering deep
ethical reflection (Hickok 2021; Jobin, Ienca, and Vayena
2019; Fjeld et al. 2020; Metcalf, Moss et al. 2019).

As Metcalf et al. (Metcalf, Moss et al. 2019) note, this
“institutionalization of ethics” in tech companies tends to
affirm corporate logic rather than critically interrogate them.
As a result, principles-based approaches rarely enable the
kind of radical self-questioning needed to confront techno-
solutionist assumptions. When ethics is reduced to a check-
list, developers can assume that building the tool is already
justified, delaying deeper ethical engagement until post-hoc
risk mitigation or compliance stages.

Responsible AI frameworks Even recent efforts to ex-
pand responsible AI (RAI) frameworks often fall short in
addressing the contextual and relational nature of AI for so-
cial problems. The Situate AI Guidebook (Kawakami et al.
2024b), for example, offers a structured set of questions
to help public agencies deliberate on AI project feasibility,
operationalizing principles from frameworks like Studying
Up (Kawakami et al. 2024a). These works call for early re-
flexivity, interdisciplinary collaboration, and the possibility
of refusal principles closely aligned with RQ. However, RQ
differs in offering a generalizable but flexible process for
initiating this kind of ethical inquiry, particularly in con-
tested domains like human trafficking, where problem fram-
ings and stakeholder legitimacy are deeply unstable.

Other approaches, such as Design Justice (Costanza-
Chock 2020), emphasize participatory, community-led de-
sign processes. RQ can complement these efforts by crit-
ically interrogating the assumptions underlying a project’s
very existence ensuring that participatory efforts are not
premised on flawed problem definitions. Similarly, Bellini
et al.’s work on digital-safety research (Bellini et al. 2024)
advocates low-risk methods and participatory safeguards,
though it is more focused on qualitative research contexts
than tool-building. Table 1 highlights the relation and differ-
ences between RQ and related ethics frameworks.

In light of these limitations, there is increasing advocacy
for ethics frameworks that move beyond principle compli-
ance and toward relational, human-centered, and reflexive
approaches (Bleher and Braun 2023; Razi et al. 2021; Bran-
ford 2023; Zigon 2019; Heilinger 2022). Our contribution
aligns with this relational turn. Rather than rejecting prin-
ciples entirely, we argue that they must be complemented
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by actionable, context-sensitive methods like Radical Ques-
tioning frameworks that help developers pause, build trust
with affected communities, and take moral responsibility for
whether to build at all.

Human Trafficking Human trafficking (HT), as defined
in the Canadian Criminal Code, involves actions such as
recruiting, transporting, or controlling individuals for the
purpose of exploitation, most often sexual. While the law
allows for both labor and sexual exploitation, in practice,
HT legislation is increasingly used to regulate and crimi-
nalize sex work, often conflating consensual sex work with
trafficking (House of Commons of Canada 2014; Durisin
and van der Meulen 2020). The definition aligns with
the Palermo Protocol (CRIME 2000), framing exploitation
broadly and sometimes ambiguously.

Many AI tools in this domain rely on the assumption that
traffickers post escort ads on behalf of victims treating these
ads as reliable data sources for detection models (Thorn
2015; Crotty and Bouché 2018). While some survivors re-
port having little input in how they are advertised, research
also shows that agency can vary, with some sex workers in-
fluencing ad content or dynamics with third parties (Savoie-
Gargiso and Morselli 2013). Nonetheless, detection-focused
AI systems often mine adult services websites (ASWs) to
flag suspected trafficking activity (Lee et al. 2021; Nair et al.
2022).

These tools are typically justified from a law enforcement
perspective, aiming to speed up investigations or identify
“risk signals.” However, such interventions are not univer-
sally viewed as beneficial sex workers, survivors, and vic-
tims themselves often raise concerns about privacy, misiden-
tification, and harm from carceral responses (Islam 2024). In
this paper, we examine a representative ad-monitoring tool
as a case study for applying Radical Questioning.

AI for combating HT Numerous AI initiatives target on-
line escort ads, leveraging techniques such as knowledge
graphs (Szekely et al. 2015), text processing and semi-
supervised models (Dubrawski et al. 2015; Alvari, Shakar-
ian, and Snyder 2017; Tong et al. 2017), entity extrac-
tion (Nagpal et al. 2017; Li et al. 2022; Liu et al. 2023),
authorship attribution with financial linkage (Portnoff et al.
2017), image analysis (Stylianou, Souvenir, and Pless 2019),
and multi-modal weak supervision (Nair et al. 2024). While
technically sophisticated, these approaches often neglect
ethical concerns and the lived experiences of trafficking sur-
vivors. Many focus on optimizing performance metrics us-
ing models like random forests (Dubrawski et al. 2015) and
ensembles (Li et al. 2023; Mensikova and Mattmann 2018),
without addressing data biases or validating impact on vul-
nerable populations.

Human-computer interaction (HCI) applications, includ-
ing support chatbots (Maeng and Lee 2021) and survivor-
focused apps (Gautam, Tatar, and Harrison 2020), priori-
tize usability but rarely engage deeply with AI ethics or
potential harms. Similarly, visual analytics tools for law
enforcement (Vajiac et al. 2022, 2023; Nair et al. 2022)
may help identify trafficking patterns but risk reinforc-
ing power imbalances. Demand-reduction strategies such as

fake ads (Lugo-Graulich 2024) and behavioral profiling, of-
ten escape ethical scrutiny altogether.

Despite these efforts, many projects lack participatory
design and risk retraumatization, privacy violations, and
accountability gaps. More inclusive models, as proposed
in (Feffer et al. 2023; Smith 2018; Witkin and Robjant
2018), advocate survivor-led, trauma-informed approaches.
In our work, stakeholder engagement led us to abandon ini-
tial detection goals in favor of a survivor-controlled evidence
tool, and to establish a survivor-led advisory board to guide
its ethical use.

Ethics of anti-HT efforts A growing body of scholar-
ship underscores the need to evaluate AI applications in
human trafficking (HT) through ethical, participatory, and
justice-oriented lenses. Deeb et al.(Deeb-Swihart, Endert,
and Bruckman 2022) call for moving beyond principles-
based frameworks to foster deeper ethical reflection in
AI-for-HT research. The Design Justice framework by
Costanza-Chock(Costanza-Chock 2020) similarly advocates
for community-led processes that foreground marginalized
voices and challenge the assumptions behind tool develop-
ment. The RED Method (Rapid Ethical Deliberation)(Steen,
Neef, and Schaap 2021) offers a practical complement by
structuring stakeholder workshops to surface and address
ethical concerns. Greene et al.(Greene, Hoffmann, and Stark
2019) question whether AI systems should be built at all
if their normative goals fail to support equitable human
flourishing, while Heilinger et al.(Heilinger 2022) call for
a meta-ethical perspective that interrogates the foundational
premises of AI ethics. Hickok(Hickok 2021) emphasizes the
need for stronger accountability mechanisms and broader
stakeholder inclusion in ethical deliberations.

Within the HT context specifically, several studies stress
the importance of engaging affected communities in the de-
sign and evaluation of AI tools. Bhalerao et al.(Bhalerao
2022) highlight misalignments between stakeholder goals
and caution against harmful outreach practices. Razi et
al.(Razi et al. 2021) advocate for human-centered evalua-
tions in online sexual risk detection, grounded in social and
contextual nuance. Musto et al.(Musto and Boyd 2014) and
Milivojevic(Milivojevic, Moore, and Segrave 2020) critique
overly simplistic technological fixes that ignore broader
structural dynamics. Chen et al. (Chen, Dell, and Roesner
2019) examine the trade-offs victim service providers face
when balancing technological safety with client trust.

Collectively, these works point to critical gaps in current
AI-for-HT approaches and advocate for more participatory,
justice-driven, and context-sensitive alternatives. Building
on these insights, the Radical Questioning (RQ) framework
seeks to deepen ethical inquiry, foreground refusal and le-
gitimacy, and center the lived experiences of marginalized
groups throughout the design process.

Radical Questioning Framework
We introduce Radical Questioning (RQ) as a pre-design
ethics framework developed through its application in the
human trafficking (HT) domain. RQ refers to the practice
of interrogating foundational assumptions that shape how
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Framework Key Focus Temporal Posi-
tion

Approach Relation to RQ

Principles-Based
Ethics

High-level norms (e.g., fair-
ness, transparency, privacy)

Post-design or
during

Abstract,
compliance-oriented

RQ complements by intervening
before design; focuses on legiti-
macy, not just implementation.

Studying Up Critique of power, inter-
disciplinary reflection, en-
abling refusal

Early design and
policy

Reflexive, critical-
theoretical

RQ operationalizes its ethos via
a structured, domain-sensitive pro-
cess.

Situate AI Guidebook Structured deliberation for
public-sector AI feasibility

Pre-design Question-based,
practitioner-guided

Shares intent with RQ but RQ of-
fers a more generalizable and flexi-
ble structure.

Design Justice Community-led design, eq-
uity, redistribution of power

Throughout de-
sign

Participatory,
justice-oriented

RQ helps ensure problem framings
are just and community-aligned
from the outset.

Digital-Safety Re-
search SoK

Safer practices for working
with at-risk communities

During research
design

Risk-aware, partici-
patory

RQ is complementary but focused
on tool development rather than re-
search protocols.

Rapid Ethical Delibera-
tion (RED)

Risk-focused deliberation
on specific AI applications

Mid-design Procedural, domain-
specific

RQ differs by engaging before de-
sign and focusing on moral legiti-
macy.

Table 1: Comparison of Radical Questioning (RQ) with related frameworks

problems are defined and solutions are pursued. Rather than
asking how to build better AI tools for combating HT, RQ
begins by asking why AI is the appropriate response at all
and who benefits or is harmed by its deployment. Ques-
tions such as “What does justice mean in this context?” and
“Whose definitions are being used, and why?” invite critical
reflection on the normative, political, and institutional stakes
of AI-for-good projects.

The framework emerged from sustained engagement with
survivor-led organizations and interdisciplinary collabora-
tors, and was deeply informed by the legal and social ten-
sions unique to the HT domain. While rooted in this con-
text, RQ’s five-step process is generalizable to other ethi-
cally complex domains, provided the questions it raises are
grounded in domain-specific realities. RQ is intended for AI
developers, researchers, policymakers, and interdisciplinary
teams engaged in socially impactful technology projects,
particularly where stakes are high, definitions are contested,
and harm is unevenly distributed. It serves as a guide not for
implementation, but for evaluating whether a proposed AI
tool should exist at all.

In our case study, we applied RQ to the development
of an AI tool in the HT space. Our team included AI re-
searchers, criminologists, legal scholars, ethics experts, and
HT survivors. We began by identifying the core motivations
and assumptions driving the initiative, initially aiming to
”solve” trafficking through data-driven detection. Early re-
views of technical literature in this space presented a law
enforcement-centric view, emphasizing pattern recognition
and automation (Nair et al. 2024; Vajiac et al. 2022, 2023;
Lee et al. 2021; Nair et al. 2022). However, as we engaged
deeply with stakeholders, including survivor-led advocacy
groups and frontline practitioners, we uncovered alterna-
tive narratives, ethical tensions, and the risks of reinforc-
ing carceral harm. These insights led us to fundamentally
rethink the project: shifting from detection to a survivor-

empowerment tool focused on controlled documentation
and consent. At every stage, we asked radical questions
to uncover assumptions, redefine objectives, and assess le-
gitimacy. We describe this process through the five steps
of the RQ framework where each step is accompanied by
example questions. These questions are illustrative of the
types of inquiries the framework prompts, but in our case,
adapted and refined based on the specific context of HT.
Gray boxes throughout the next section include actual ques-
tions our team engaged with during the design process. We
also present RQ diagrammatically in Figure 1.

Step 1: Defining the scope of the problem
This step asks not what the technical problem is, but what the
social issue being addressed actually means and who gets to
define it. In our HT case, the initial framing was: How can
we detect trafficking online using escort advertisements? Yet
this presumes that trafficking is legible to machine learning,
that online ads are reliable indicators, and that detection is
the right goal. By asking: Why are we framing HT in this
way? Who benefits from this definition? we found that much
of the literature and tooling assumes a fixed, binary notion
of exploitation.

HT laws in Canada, for example, are often invoked in
ways that conflate sex work with exploitation, and are dis-
proportionately used against migrant sex workers (Konrad
et al. 2023; Brown 2024). These legal framings inform and
reinforce AI problem definitions that treat all online sex
work as inherently suspicious. A common assumption in the
literature and tool development is that ads on adult service
websites are authored by traffickers or pimps on behalf of
victims (Thorn 2015; Crotty and Bouché 2018; Bouché and
Wittmer 2015). However, this view neglects the complexity
of agency and power dynamics in sex work. Research and
survivor testimony show that in many cases, individuals in-
volved in the sex trade may collaboratively negotiate how
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Figure 1: The proposed RQ framework is based on asking and answering radical questions through deliberative communication
and collaboration between AI developers and stakeholders before development. This involves an iterative process of defining
the problem scope, identifying affected communities, understanding nuances of the problem and mapping ethical concerns in
order to determine the feasibility of an AI tool from an ethical perspective. If deemed ethically feasible, the tool is developed
and if not, it is terminated.

their services are represented or even author the ads them-
selves (Savoie-Gargiso and Morselli 2013). Oversimplifying
this relationship erases the agency of sex workers, reinforces
carceral assumptions, and legitimizes surveillance-based in-
terventions that can put marginalized communities at further
risk. By unpacking these assumptions during this step, we
recognized how initial framings can invisibilize lived expe-
riences and distort the very problem AI systems aim to solve.

• What is human trafficking and why is it problematic?
What is the social good pursued behind implementing
such a tool that we think we can achieve?

• Why are we defining the problem in this particular way,
and who benefits from this framing?

• Is this a problem that can be alleviated using AI? Is
there a demand for solving this problem and who has
raised the demand?

• Are we following technical feasibility without consid-
ering societal nuances and why?

• Is there a solution to the problem? Which are the solu-
tions proposed for the problems? Who has constructed
these “solutions”?

• Are there particular problems within the HT domain
that we can focus on? What sort of resources are re-
quired for solving these problems?

Step 2: Identifying stakeholders and perspectives
Counter-HT efforts are highly fragmented, with stakehold-
ers operating across different disciplines and contexts, of-
ten with minimal collaboration (see Figure 2). Each group
tends to follow its own logic and priorities, leading to di-
chotomized perspectives, such as survivor-led versus non-

survivor-led, empowering versus saving, or empirical ver-
sus ideological (Canada 2019). Effectively identifying and
understanding these perspectives requires sustained engage-
ment with diverse stakeholders, which demands significant
resources in terms of time, funding, and workforce. With-
out adequate resources to ensure meaningful engagement, it
may be better to halt the project than to proceed without this
critical groundwork. Some of the main perspectives in HT
are discussed below.

Governments At the highest-level, governmental organi-
zations focus on public safety by introducing policies and
strategies for fighting HT with technology (Lefebvre and
Benyekhlef 2023). For example, in Canada, the govern-
ment ratified the Palermo Protocol in 2002 to “prevent, sup-
press, punish trafficking in persons”. The National Strategy
to Combat Human Trafficking (2019-2024) increasingly em-
phasizes leveraging technology to address HT. Initiatives
include hackathons, public-private collaborations, partner-
ships with tech companies and investments in technologies
for AI detection. Law enforcement in the US and Canada
also rely heavily on algorithms and tools involving image
analyses and linking evidences and attributes in escort ad-
vertisements (Tong et al. 2017; Enrile and Aquino-Adriatico
2024) for intervention and charging of traffickers.

Human Rights Advocates In the second sphere, we have
the human rights advocates, such as sex worker advocacy
groups, and HT non-governmental organizations (including
national trafficking hotlines) although the two have radi-
cally different viewpoints and collaborators. The former re-
spect sex workers’ agency and advocate for more safety
measures for them. The latter fights more strictly against
the exploitation of the vulnerable due to sexual merchan-
dising. Academic research often critiques the police use of

1826



Figure 2: Non-exhaustive list of stakeholders within the HT domain, roughly categorized into three coaxial spheres. For ex-
ample, survivors and sex workers are the communities directly affected by any technological initiatives involving surveilling
online markets. Sex worker advocacy groups and organizations dedicated to supporting HT victims/survivors represent their
respective interests and advocate for different understandings and methods to enhance human rights. Government focus on
public safety and Parliament (legislative power) focus on fighting crime upholding minimal constitutional guarantees (such as
protecting citizens’ privacy.) Technological initiatives need to position themselves within this HT stakeholder ecosystem to be
able to better understand its impacts (both positive and negative).

technology for countering HT from a human rights perspec-
tive (Deeb-Swihart, Endert, and Bruckman 2022; Milivoje-
vic, Moore, and Segrave 2020) due to serious lack of trans-
parency and collaboration between the police, government
and human rights organizations (Rodrigues 2020; Lefebvre
and Benyekhlef 2023).Their analytical framework is also
limited to primarily analyzing the problem through a le-
gal perspective. Some questions and problems, even if not
legally relevant can still be relevant from a social, political
or moral point of view.

Affected communities The innermost sphere depicts
communities affected directly by the use of technological
initiatives in the HT domain. Independent sex workers can
be negatively impacted by the over-surveillance of online
advertisements resulting in loss of work, living in constant
fear, and reduced freedom of speech (called chilling ef-
fect). The point of view of affected communities are often
mediated by sex workers’ and survivors advocacy groups
for various reasons including the difficulty of directly com-
municating with survivors themselves. This point of view
can also be guarded due to distrust in the government, po-
lice, technological initiatives caused by historical discrim-
ination and repression, and miscomprehension of the leg-
islative framework (Farrell et al. 2019; Sterling and van der
Meulen 2018a).

AI Practitioners The focus of most technological initia-
tives is typically on innovation and effectiveness. Any new
tool for combating HT needs to be discussed with several, if
not all, stakeholders to identify its best position within the
HT ecosystem. When we consider the current AI initiatives
in counter-HT, there are few works that discuss engagement
with multiple stakeholders and/or study the impact of their
technology on them (Maeng and Lee 2021; Gautam, Tatar,

and Harrison 2020).
In our case study, we engaged a wide range of stake-

holders, including law enforcement, public safety officials,
survivor-led advocacy groups, human rights NGOs, and
legal scholars. These groups brought divergent priorities
while government actors focused on detection and prose-
cution, survivor advocates emphasized harm reduction, au-
tonomy, and systemic change. Questions such as “Whose
voice is missing?” and “Whose safety is prioritized, and at
what cost?” surfaced tensions between punitive and restora-
tive approaches. Recognizing that survivors are directly af-
fected by counter-trafficking technologies, we shifted our fo-
cus from detection to co-designing survivor-centered tools
grounded in trust, consent, and empowerment.

Building trust with survivor-led organizations required
sustained, careful outreach. We identified groups led by
those with lived experience and initiated contact with clear
communication of our goals and openness to revising or
halting the project. Rather than requesting input immedi-
ately, we asked how they might want to be involved. In many
cases, it took multiple conversations to build rapport. Re-
sources like the Trauma-Informed Code of Conduct (Witkin
and Robjant 2018) and the Human Trafficking Survivor
Leadership framework (Smith 2018) were critical to our ap-
proach. These relationships continue to shape our project,
and we plan to conduct structured survivor surveys to gener-
ate actionable insights for future work.

• Who will be the end user of our tool? Who will own the
tool and ensure its proper use? How will the incentives
of the tool change depending on the owner?

• How do the different stakeholders implicated in the
project understand the function and limits of the crimi-
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nal law/and technology?
• How do law enforcement, policymakers, and advocacy

groups differently perceive the scope of human traffick-
ing, and how do these perceptions conflict or align?

• Are we privileging certain stakeholders (e.g., law en-
forcement) over others (e.g., survivors), and what are
the implications?

• Have we involved those directly affected by the tool,
including marginalized voices, in meaningful ways?

• Do we have sufficient resources and expertise to engage
meaningfully with multiple stakeholders?

Step 3: Understanding nuances and complexities
By engaging with various stakeholders, we learned of sev-
eral hyper-complexities of the HT domain which need to be
taken into consideration before building an AI tool. We dis-
cuss some of them below.

Contesting notions of exploitation The interpretation of
exploitation varies widely and is deeply influenced by so-
cial, cultural, and legal contexts. For instance, in Canada,
law enforcement has used the notion of HT to target mi-
grant sex workers and label groups supporting them as traf-
fickers(Roots 2022). Policymakers and MPs increasingly
conflate sex work with exploitation, leading to a broader,
more ambiguous application of the term(Sterling and van der
Meulen 2018b). In the literature of anti-HT AI initiatives,
definitions of exploitation often rely on project-specific risk
factors, sometimes intermixing consensual legal activities
like “BDSM” with potentially exploitative practices (Giom-
moni and Ikwu 2021). Courts have been called upon to clar-
ify this contested notion, which has even been challenged
constitutionally for vagueness (sin 2020; uri 2013; gal 2019;
dso 2016). Yet, the legal interpretations have tended to ex-
pand the concept, incorporating its diverse and subtle man-
ifestations. When definitions of exploitation vary across le-
gal, cultural, and societal contexts, the labels and risk factors
chosen as ground truth can be inconsistent, biased, or overly
simplistic. This variability propagates through the develop-
ment of AI models, leading to tools that may misclassify
consensual or lawful activities as exploitative or fail to iden-
tify nuanced cases of trafficking, ultimately reducing their
reliability and ethical alignment.

Savior Complex The presumption that every individual
experiencing trafficking wants or needs to be “saved”, espe-
cially through law enforcement intervention, can be harm-
ful (Heynen and van der Meulen 2022). Our consulta-
tions with survivors and survivor-led organizations, such as
Women at the Center (Women at the Centre n.d.), reveal
that survivors’ needs and perceptions of justice are diverse
and deeply influenced by personal circumstances, trauma,
and societal factors. Some survivors may not feel ready or
safe to press charges against their traffickers, while others
may not fully comprehend the extent of their exploitation
due to dependency, trauma, or differing understandings of
what constitutes exploitation. Many face systemic barriers,
such as fear of retaliation, lack of trust in judicial systems,

or precarious immigration status, which complicate their
paths to justice. Justice itself means different things to dif-
ferent survivors some prioritize pursuing education or secur-
ing residency over prosecuting their traffickers. Addressing
HT requires moving beyond a narrow, savior-focused lens
and adopting nuanced, survivor-centered approaches that ad-
dress intersecting vulnerabilities and empower survivors in
ways that respect their agency and diverse needs (Gerassi
and Nichols 2021; Cha 2018).

Chilling effect While designing a tool for countering HT,
there is a need to anticipate its harmful consequences and
also realize that actions carried out with the aim of benefiting
victims could in reality result in harming them and/or other
members of affected communities, such as independent sex
workers. AI tools that analyze the ad content looking for lan-
guage cues or keywords can contribute to auto-censorship of
sex workers and trafficked victims. For example, tools that
flags certain keywords in the ads as suspicious may force in-
dependent sex workers to avoid them in their ads. This can
create a climate of suspicion and fear of prosecution, result-
ing in auto-censure, known in legal and political literature
as a “chilling effect” on free speech (Schauer 1978; Young
2023; Sterling and van der Meulen 2018a; Penney 2017).
Hence, AI tools in this highly complex context creates an
important dilemma - a tool designed to help victims may
have side effects of constraining, impeding and impacting
other potential victims and consensual sex workers in their
work.

A deeper understanding of the hyper-complexity of this
domain has deterred us from turning towards any sort of
surveillance-based proactive detection of HT. Instead we fo-
cus on an adjacent problem that contributes to the prolifer-
ation and profitability of HT. Traffickers are at low risk of
identification, prosecution and being sentenced due to lack
of sufficient evidence for conviction. The justice system is
over-reliant on the testimony of the victim which can lead to
secondary victimization (Gershuni n.d.). Our consultations
also taught us that oftentimes, the victims’ testimony can
be discounted due to stigma from the perception of lawyers
and judges and/or inconsistencies due to trauma and drug
use (Haskell and Randall 2019). This redirected us to design
a tool that can help reduce the burden of proof on survivors
and minimize their re-traumatization.

• Have we uncovered the underlying complexities of the
problem? What do these complexities mean for each
stakeholder?

• How do different stakeholders perceive the problem we
aim to address and do they agree with our approach of
addressing it?

• How do we measure the success of the tool, and who
decides what success looks like?

• Is our metric of success causing unintended harms to
any stakeholders?
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Step 4: Mapping ethical concerns
Accountability AI accountability deals with deciding
who should take responsibility for AI operations and algo-
rithms should there be a breach of law (Balasubramaniam
et al. 2023; Ada Lovelace Institute 2021). It attempts to dis-
tribute responsibility among the developers and users of an
AI system (Deeb-Swihart, Endert, and Bruckman 2022), in-
dividually as well as at the organization level (Gutierrez,
Marchant, and Michael 2021). Current interpretations of ac-
countability focus more on legal accountability and less on
the broader legitimacy of building such an AI tool in the
first place, including its fairness or the degree of confidence
that citizens, academics, experts, and impacted communities
may have in it. This definition of accountability does not en-
able radical questioning on the legitimacy and unfair use of
AI.

In our case study, we identified two main concepts of ac-
countability in the HT domain. One puts emphasis on iden-
tifying perpetrators, as decided by the AI tool, that need to
be taken accountable for facilitating HT (e.g pimps, traffick-
ers, website hosts, etc) (Inter-Agency Coordination Group
against Trafficking in Persons 2022). The second is the legal
and ethical accountability of the AI tool’s developers and
users, principally in case of breach of privacy or misuse.
One unique problem in this domain is that the act of hold-
ing others responsible for their contribution to HT and the
accountability of the persons behind the AI initiative seem
to be treated separately. We argue that the latter is inherently
linked to the former and accountability needs to be seen as a
dialogue between stakeholders and the AI developers with a
formal structure for critiquing and challenging the decisions
made with respect to the tool (Hulstijn 2023).

Privacy The privacy concerns discussed in current ethical
guidelines focus more on the storage, collection, and access
to data, the scope of data collection, its impact on marginal-
ized groups, and security of datasets (Deeb-Swihart, En-
dert, and Bruckman 2022). AI researchers can tend to hire
lawyers specialized in privacy law to assure that sensitive
data are protected and to mitigate their risk of litigation. Pri-
vacy laws are usually country specific and tools built in one
country may not be transferrable to others without radical
changes in its design, use and aim. In Canada, private or-
ganisms cannot proactively and voluntarily collect, use and
divulge information on the Internet without consent. The po-
lice need a warrant to indirectly access it through private
organizations and are highly encouraged to obtain one to ac-
cess personal information on the Internet (Robertson, Khoo,
and Song 2020; Lefebvre and Benyekhlef 2023; Sanders
et al. 2017). This can severely restrict the capacity of tools
used by the police for analyzing data on the web to detect
suspicious patterns.

Even if the privacy laws cannot offer clarity on complex
problems and an AI tool may be in a gray zone, one might
want to understand what privacy means for the persons af-
fected by such a tool (Konrad et al. 2023). For example, in
our case study, independent sex workers may not wish their
privacy to be compromised as it may affect their livelihood.
Sometimes victims do not wish their identities be revealed.

Even if an AI tool does not use person-identifiable informa-
tion, its outcomes can have subsequent impacts that compro-
mises personal privacy. For example, tools that detect pat-
terns of trafficking online are often imperfect and result in
false positives. These can initiate follow up investigations
resulting in the revelation of the individuals involved and
adversely affecting them, especially voluntary sex workers.
Even if they are not directly arrested, criminalized and/or
prosecuted on the basis of the algorithm detection, increas-
ing their visibility to the eyes of law enforcement can be
detrimental for these persons and communities. As we en-
gaged more with concrete groups affected by the tool, it be-
came clearer that intrusion of privacy can result in precise
and concrete harms. Thus, the viability of an AI tool goes
beyond referencing the main ethical principles and privacy
laws. Moreover, privacy law frameworks have not necessar-
ily been designed to accommodate scenarios where private
initiatives implement a powerful technology like AI to help
the police with surveillance. Lawyers and privacy law spe-
cialists can help mitigate the risk of a breach of privacy but
cannot answer many vital questions like what privacy means
for the individuals affected. This brings the responsibility
back to the AI developers to frame complex questions, iden-
tify problems and solve dilemmas themselves.

Fairness and Equality In the context of AI tools, equal-
ity, although initially seen through the lens of biased train-
ing data and reducing false positives, has been redefined
to include more complex and pluralistic perspectives (Long
2021; Jain et al. 2024). We focus on the relationship be-
tween equality and true positives. The true positives pre-
dicted by an AI algorithm are inherently dependent on the
ground-truth examples used to train it. In the HT context,
these ground-truth are examples that are manually-labeled
as “exploitation”. However, this notion of exploitation is not
a scientifically demonstrable and invariable reality. Our un-
derstanding of exploitation can be tainted by biases around
sexuality, race, age, sex and gender (Musto and Boyd 2014;
Sanders 2018; Giommoni and Ikwu 2021; Wijers 2015).
What are the conditions that render a relationship between
two individuals as exploitative? Many different answers can
be found in social sciences and law, as the notion of ex-
ploitation has evolved with time and depends on the con-
text. An analysis of electronic transcripts of communica-
tion between sex workers and their pimp in a criminal net-
work in Canada, has revealed how the sex workers have
non-negligible control over their pimp (Morselli and Savoie-
Gargiso 2014). Some studies also show that sex workers can
also play the role of recruiter and facilitator (Wijkman and
Kleemans 2019; Konrad et al. 2023). Thus, the frontier be-
tween exploiter and exploited may not be as clear-cut as one
thinks and it is important to question the relative ground
truth on which the algorithms are trained.

Several methods also rely on risk factors and suspi-
cious keywords for detecting possible exploitation (Kennedy
2012; Zhu, Li, and Jones 2019; Dubrawski et al. 2015; Tong
et al. 2017; Nair et al. 2024) which, again, are not based
on an immutable and objective reality. These premises, and
the bias and prejudices that sustain them, can result in the
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unequal over-surveillance and over-criminalization of cer-
tain persons and groups. For example, keywords describing
ethnicities such as “Asian” and “Eastern European” may be-
come the focus as past investigations of police in Canada
have mostly targeted these populations due to their appar-
ent vulnerable status to transnational traffic (Sanders 2018;
Ibanez and Gazan 2016).

In addition, proxies such as “petite” or “small size” for de-
tecting child sexual exploitation, can replicate over-focus on
Asian sex workers. Similarly, flagging ads because of “poor
language” or use of a “foreign language” can have similar
effects. An AI tool that reproduces these assumptions, di-
rectly or indirectly, can be highly problematic when consid-
ered through the lens of equality. Thus, before discussing
false and true positives in the context of equality, we need to
ask how the ground-truth was built. This further illustrates
previous research (Green 2019) stating that a technological
project that hides itself under the “social good” framework
and does not engage in a reflexive engagement with social
and political context risks of reproducing and exacerbating
the exact forms of social oppression that they try to disman-
tle.

Transparency Current understanding of transparency is
primarily limited to revealing the nature of the training data
used, the goal and scope of the tool, its limitations and how it
arrives at conclusions (Gutierrez and Marchant 2021; Jobin,
Ienca, and Vayena 2019). Transparency is often linked with
public access to source code and documentation regarding
the data, model and evaluation (Eiras et al. 2024). Many AI
solutions are deemed transparent simply due to their open-
source nature. Public policies conceive transparency as ob-
taining explanations of algorithmic systems, such that in-
dividuals can learn of their use and demand answers (Ada
Lovelace Institute 2021). However, solely using open-source
techniques is not enough.

The principle-form of transparency does not provide suffi-
cient information on whether or not the AI researchers have
seriously engaged with the complexity of the social prob-
lem they are attempting to solve. It does not disclose who
they have worked with and the nature of their collaboration.
It also does not allow questioning of the interests of the AI
team involved and their incentives and motivations for build-
ing the tool. For these reasons, we argue that placing trans-
parency into the principle framework obscures radical ques-
tions about what precedes the design and implementation of
the tool.

To avoid this, previous works have suggested that com-
puter scientists explicitly consider and articulate the com-
mitments behind their work, demonstrate that they have tried
to find less intrusive alternative solutions and explain why
the contemplated solution is preferable (Green 2019). We
echo this sentiment and declare the need for thorough cross-
checking and verification of the algorithmic outputs by rele-
vant stakeholders and communities impacted by the tool.

Moreover, several AI tools are evaluated using metrics
and parameters that are not necessarily relevant in their re-
spective domains and are not evaluated in the way they are
meant to be used. Such metrics are not always explained in

a manner understandable to lay persons, particularly those
using and affected by the tool.

In our case study, the proposed survivor-centric tool re-
sponds to a clearly articulated need: enabling survivors to
document and manage their own evidence of exploitation in
a secure, controlled manner. Unlike detection systems de-
signed for third-party surveillance, this tool is built around
survivor autonomy, with the primary motivation being to
support self-advocacy, justice-seeking, and recovery on the
survivor’s terms. Ethical concerns such as retraumatization,
data misuse, and privacy violations were central to the de-
sign process. Because the tool is intended for voluntary use
by survivors themselves, it allows for granular control over
what is documented, when, and how. Fairness and accuracy
will be evaluated through participatory user studies, pilot de-
ployments, and continuous feedback from survivor-led or-
ganizations and advocacy groups. To ensure sustained ac-
countability and legitimacy, we have convened an interdisci-
plinary advisory board, including survivors, survivor leaders
and legal experts, that will oversee the tool’s development,
deployment, and evaluation.

• What measures are in place to assess the tool’s fairness,
accuracy, and social impact? Who decides what is fair
and accurate? Which stakeholders were involved in dis-
cussing these metrics? Can such fairness metrics even
be measured efficiently without first deploying the so-
lutions or conducting user-studies?

• How to choose who needs to take accountability for the
tool? What does accountability mean to those involved
in the domain?

• Was the need for the tool expressed by the persons it
surveils, tries to protect and/or rescue from “exploita-
tion”?

• What according to the team and different stakeholders
is considered the legitimate and appropriate use of the
tool? What purposes can and cannot be served by the
tool? By whom should it not be used?

• Is simple conformity to law and constitutional require-
ments a sufficient bases for legitimacy of the initiative?

• What does privacy mean for those affected by the prob-
lem and the tool?

• What behaviors can be seen as physical and psycholog-
ical coercion for the provision of sexual services? Does
money in exchange for sexual services necessarily vi-
tiate consent? Is it inherently exploitative? Is a woman
that works with a male “pimp” necessarily exploited?
How can we account for these complexities in the tool?

• What are the incentives, interests and motivation for de-
veloping an AI tool that will integrate the HT ecosystem
(both financial and structural)? What is the composition
of the team behind the tool?

Step 5: Iterative Feedback
In our work, continuous engagement with affected commu-
nities, particularly survivors, was central to shaping an eth-
ical and responsive design process. We established iterative

1830



feedback mechanisms early on, relying on both structured
and informal channels to gather input, while remaining at-
tentive to the risks of retraumatization (Witkin and Robjant
2018). To protect survivor well-being, we prioritized low-
pressure, trauma-informed modes of consultation, such as
informal consultations and facilitated workshops. As feed-
back came in, we made a conscious effort to reflect on the
full spectrum of responses, including those that challenged
our initial goals or assumptions. This helped us recognize
when we were at risk of selective listening or confirma-
tion bias (Smith 2018). In some instances, survivor input led
us to revise our design such as deciding what information
should be displayed, reframe core functionalities or post-
pone decisions such as regarding how to verify users, un-
til concerns could be better addressed. We also drew on re-
sources like the Trauma-Informed Code of Conduct (Witkin
and Robjant 2018) and expert-led trainings to better under-
stand best practices for engaging with vulnerable commu-
nities. Throughout, we asked ourselves not just whether we
had heard the feedback, but whether we had meaningfully
acted on it and whether the project still aligned with the
needs and well-being of those it aimed to support.

• Are there systems in place to obtain continuous feed-
back from stakeholders/survivors? How to be mindful
of the risks of retraumatization?

• Are we actively considering critiques that contradict our
initial goals, or are we selectively responding to feed-
back that supports our pre-existing views?

• Are we truly acting on the feedback, or simply acknowl-
edging it to maintain the appearance of responsiveness?

• Are there stakeholders whose feedback we are dismiss-
ing because it challenges the feasibility or goals of the
project?

Challenges and Limitations
While the Radical Questioning (RQ) framework proved
valuable in our case study, it also presents several challenges
and limitations. First, RQ is intentionally non-prescriptive.
Its purpose is to surface ethical tensions and challenge foun-
dational assumptions not to offer ready-made answers or
technical implementation plans. This can be difficult in fast-
paced, outcome-driven settings where teams are seeking
concrete guidance.

Second, the effectiveness of RQ depends heavily on au-
thentic stakeholder engagement. Building trust with affected
communities, especially those marginalized or criminalized,
such as sex workers and trafficking survivors, requires time,
care, and institutional support. In our case, it involved sus-
tained outreach and relationship-building with survivor-led
organizations, often across multiple layers of communica-
tion and consent. Such access may not always be read-
ily available and can be mediated by complex gatekeeping
structures.

Third, RQ’s impact is shaped by the positionality and re-
flexivity of the development team. It requires teams to be
open to rethinking project goals, confronting discomfort,

and taking personal and collective responsibility for ethical
choices. Without this willingness, RQ risks becoming a sym-
bolic gesture rather than a meaningful intervention.

Fourth, RQ’s transferability is limited by context. While
the five-step process is generalizable, the specific questions
it prompts must be re-grounded in the histories, power dy-
namics, and lived realities of each domain. What counts as
harm, justice, or legitimacy in one context may not apply
in another. Some of the ethical dilemmas and questions that
we have presented may change depending on 1) who might
own the product, for example, a law office, a research insti-
tute, a private company or a public agency 2) the degree of
automation of the tool – a completely autonomous decision-
maker vs a human-in-the-loop solution and 3) the proposed
use-case for the tool.

Finally, we acknowledge that maintaining trust is more
important than simply adhering to abstract ethical principles.
The viability of any tool developed through RQ depends not
just on legal compliance, but on sustained relationships with
the communities it affects. Ownership structures, degrees of
automation, and use cases all influence the ethical stakes and
must be considered as part of the inquiry. RQ is best viewed
not as a checklist, but as a practice, one that demands time,
humility, and ongoing ethical commitment.

Conclusions and Takeaways
Radical Questioning (RQ) offers a necessary shift in how
we think about responsible AI: not as a checklist applied
post-design, but as a deeper, pre-project ethics practice. Its
purpose is not to prescribe solutions, but to create space for
deliberation, inviting developers to examine their assump-
tions, consider alternate framings, and ask whether a system
should be built at all. We hope this framework inspires AI
practitioners to begin with questions, not code: to engage
with affected communities early, remain transparent about
ethical uncertainties, and embrace the possibility of walking
away if ethical development is not possible.

In our work on human trafficking (HT), RQ fundamen-
tally reshaped our trajectory. What began as a project aimed
at detection and intervention evolved through survivor con-
sultations and critical reflection into a tool centered on au-
tonomy, consent, and care. We learned that justice in this
domain is not always about prosecution or rescue, but about
restoring agency and meeting immediate needs. This reori-
entation demonstrates the value of radical questioning in un-
covering overlooked harms and aligning technical work with
the lived realities of those most affected.

The broader challenge lies in the culture of AI develop-
ment itself. Current incentive structures reward speed, nov-
elty, and generalizability, often at the expense of ethical
rigor and contextual understanding. To create technologies
that are truly accountable and inclusive, AI research must
move beyond surface-level ethics statements and integrate
sustained, context-sensitive ethical inquiry into its core prac-
tices. For this to happen, the values embodied by frame-
works like RQ must be taken seriously across both technical
venues and ethics-focused communities. Only then can we
begin to build AI that reflects not just what is possible, but
what is just.
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femmes: le proxénète et sa place parmi les prostituées.
Criminologie, 46(1): 243–268.
Schauer, F. 1978. Fear, risk and the first amendment: Unrav-
eling the chilling effect. BUL rev., 58: 685.
Smith, M. 2018. Human trafficking survivor leadership in
the United States. Freedom Network USA. Retrieved Octo-
ber, 19(2020): 2019–1.
Steen, M.; Neef, M.; and Schaap, T. 2021. A method
for rapid ethical deliberation in research and innovation
projects. International Journal of Technoethics (IJT), 12(2):
72–85.
Sterling, A.; and van der Meulen, E. 2018a. “We are not
criminals”: Sex work clients in Canada and the constitution
of risk knowledge. Canadian Journal of Law and Society/La
Revue Canadienne Droit et Société, 33(3): 291–308.
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