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Abstract  
Generative AI tools are increasingly being deployed in sensi-
tive social contexts – from mental health to justice systems – 
yet current safety metrics remain largely quantitative, decon-
textualized, and technically narrow. This paper introduces a 
novel, survivor-informed framework for evaluating GenAI 
systems in high-emotion, high-risk, or public-facing use 
cases. Rooted in trauma-informed design and symbolic reso-
nance theory, the “Safety is a Process, Not a Score” frame-
work prioritizes co-regulation, narrative fidelity, and epis-
temic alignment over one-size-fits-all benchmarks. We de-
scribe a collaborative methodology developed with survivors 
of gender-based violence, including a safety rubric, qualita-
tive risk-mapping protocol, and structured, participant-led 
test-a-thons. Drawing from a recent field test involving a pub-
lic-facing GenAI tool, we reflect on what it means to build 
safety relationally, not just statistically. This approach ex-
pands both the evaluative vocabulary and participatory pos-
sibilities for AI ethics in real-world deployment. 

Introduction    
As generative artificial intelligence (AI) and large language 
model (LLM) tools are increasingly developed and de-
ployed in sensitive, high-impact domains – from crisis re-
sponse to mental health and public-facing justice tools – 
questions of safety, accountability, and relational harm be-
come increasingly urgent. Yet dominant safety paradigms 
remain largely technocratic: focused on system-level robust-
ness, hallucination reduction, or compliance checklists. 
Such metrics often fail to account for the emotional, sym-
bolic, or epistemic risks faced by marginalized users. 
 This paper introduces a survivor- and trauma-informed, 
evaluation framework for assessing generative AI tools in 
high-emotion (e.g., trauma-impacted), high-risk domains. 
Developed in collaboration with a gender justice organiza-
tion, the framework centers safety as a co-regulated, partic-
ipatory process – prioritizing narrative fidelity, symbolic 
resonance, and emotional integrity over one-size-fits-all 
technical scorecards. 
 In this work, we make four key contributions to the theory 
and practice of GenAI safety evaluation: 

 
Copyright © 2025, Association for the Advancement of Artificial 
Intelligence (www.aaai.org). All rights reserved. 

 
1. Safety Evaluation Framework: We propose a novel, 

survivor-informed evaluation framework that expands the 
vocabulary of AI safety to include affective and symbolic 
harm, narrative integrity, and emotional co-regulation. 

2. Safety Rubric Development: We apply the framework 
to create a structured rubric for evaluating “Survivor AI,” 
a public-facing LLM tool. The rubric maps technical out-
puts against survivor-centered safety dimensions. 

3. Transparency Hub: We introduce a companion design 
pattern – a “Transparency Hub” – for communicating 
safety posture to end users in emotionally safe, symboli-
cally meaningful ways. 

4. Participant-Led Methodology: We document and re-
flect on a novel methodology for participant-led safety 
evaluation, using qualitative test-a-thons involving survi-
vors and lived-experience experts as core co-evaluators. 

Together, these contributions offer an applied, ethically 
grounded approach for evaluating generative AI tools in 
civil society and other high-emotion contexts. 

Related Work 
This work builds upon and integrates insights from three in-
tersecting domains: generative AI safety frameworks, 
trauma-informed and justice-centered AI design, and partic-
ipatory evaluation methodologies. 

Generative AI Safety Frameworks 
Most GenAI safety research to date has focused on technical 
dimensions such as hallucination detection, output modera-
tion, robustness, or adversarial red-teaming. Regulatory 
frameworks like the EU AI Act and NIST AI Risk Manage-
ment Framework offer structured approaches to risk man-
agement but often lack guidance on emotional safety, sym-
bolic fidelity, or user trust. Our work complements these ef-
forts by advancing a pluralist safety rubric grounded in nar-
rative fidelity, epistemic alignment, and relational harm pre-
vention – dimensions rarely covered in industry toolkits. 
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The Responsible AI Metrics Catalogue seeks to integrate 
technical benchmarks with socio-ethical indicators; how-
ever, focuses on organizational governance rather than end-
user experience in high-risk contexts (Xia et al. 2024). Our 
framework contributes a field-tested, survivor-centered 
layer to this conversation. 

Feminist AI and Design Justice 
Emerging work in feminist human-robot interaction (HRI) 
(Winkle et al. 2023), design justice (Costanza-Chock 2020; 
Markelius 2024), and feminist AI governance (GPAI 2021; 
UNFPA 2023) has advanced an alternative paradigm for AI 
system design – one grounded not in scale or optimization, 
but in care, refusal, and relational accountability. These 
frameworks highlight how power operates through design 
and propose structural shifts such as participatory audits, 
values-led governance, and consent-aware infrastructure. 
 While many feminist AI frameworks were initially devel-
oped for machine learning (ML) systems and structured da-
tasets, generative AI introduces qualitatively new risks: nar-
rative distortion, symbolic dissonance, and emotional over-
reach. This paper contributes a hybrid approach that inte-
grates technical GenAI safety methods (e.g., red-teaming, 
transparency documentation) with feminist ethics to support 
context-sensitive, survivor-informed evaluation in real-
world deployments. Our rubric and transparency hub are de-
signed to reflect this synthesis – translating relational values 
into structured evaluative practices while remaining respon-
sive to the emotional stakes of high-risk interactions. 

Trauma-Informed and Participatory Evaluation 
Trauma-informed computing (TIC) has emerged as a critical 
area of human-computer interaction (HCI) and AI research, 
aiming to reduce the risk of re-traumatization, increase emo-
tional safety, and design equitable systems for all users – 
especially those with prior experiences of harm (Chen et al. 
2022; Morris, Williams, and Jelen 2025). Drawing on SAM-
HSA’s six principles – safety, trust, peer support, collabora-
tion, enablement, and intersectionality – this body of work 
reorients computing practice toward care-centered design. 
 Recent applications span user experience design, AI/ML 
development, and content moderation, including work on 
intimate partner violence (Morris, Williams, and Jelen 
2025), social media trauma (Scott et al. 2023), and commu-
nity-centered justice design (Rabaan and Dombrowski 
2023). These studies highlight how trauma not only shapes 
user experience but also influences disclosure, trust, and the 
perception of risk – especially among marginalized commu-
nities with fraught relationships to technology. 
 This paper extends trauma-informed computing into the 
domain of generative AI safety evaluation. The proposed 
test-a-thon methodology was intentionally co-designed with 

lived-experience experts and includes qualitative risk-map-
ping, affective signal tracking, and structured co-regulation 
prompts. By adapting participatory and trauma-informed 
methods to the evaluation phase, this approach contributes a 
survivor-centered alternative to traditional AI audits – one 
that is emotionally literate, semantically aware, and 
grounded in lived epistemologies. 

Methodology 
Our method synthesizes principles from trauma-informed 
HCI, participatory red-teaming, and survivor-centered eval-
uation, building on foundational work in generative AI 
safety frameworks and trauma-informed, justice-centered 
and participatory evaluation methodologies. This work was 
developed through an iterative, field-informed design pro-
cess conducted in collaboration with Chayn, a global non-
profit making healing accessible for survivors of gender-
based violence. Chayn reimagines technology to provide 
trauma-informed, multilingual, feminist online resources 
that help survivors heal at their own pace. The methodology 
unfolded in three stages: requirement elicitation, framework 
co-design and validation, and participant-led evaluation. 

Requirement Elicitation 
To ground the evaluation framework in both domain-spe-
cific needs and existing safety approaches, we conducted a 
landscape review of over 20 frameworks spanning technical, 
socio-ethical, and feminist paradigms. These included re-
sponsible AI and GenAI-specific safety protocols such as 
NIST (2023); OpenAI (2024) and Anthropic (2025) Safety 
Evaluation Cards; PAI (2023); the OECD (2025) AI Princi-
ples; Microsoft (2024); and the Aspen Tech Policy Hub’s 
Survivor-Centered Tech Evaluation (Cherne 2025).  
 To better align the framework with emotionally nuanced, 
identity-sensitive use cases, we incorporated insights from 
feminist AI and trauma-informed design frameworks. These 
included the UNFPA (2023) TFGBV Safety Showcase as-
sessment tool; ODI’s Data Ethics Canvas, (2021); and GPAI 
(2021) design justice research on symbolic and affective 
harms. These materials informed both the structure and sub-
stance of the rubric, ensuring it was grounded in lived-expe-
rience ethics as well as technical and regulatory precedent. 
 This review was complemented by semi-structured inter-
views and roundtable discussions with Chayn team mem-
bers, including product designers and developers and survi-
vor experience leads. These conversations helped surface 
critical gaps in current GenAI safety practices, particularly 
around emotional risk, symbolic harm, and user trust. This 
requirements review established the groundwork for trans-
lating principles into an operational framework. 
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Framework Co-Design and Validation 
Drawing on the insights from Stage 1, we developed an eval-
uation framework comprising a symbol-sensitive safety ru-
bric, a participatory “test-a-thon” protocol, and a companion 
“Transparency Hub” interface for communicating AI safety 
posture to end users. These components were refined 
through collaborative feedback sessions with Chayn staff. 
Iterative adjustments ensured alignment with survivor 
needs, emotional nuance, and ethical accountability. 

Participant-Led Evaluation 
To explore the feasibility and usability of the rubric in real-
world contexts, we facilitated two 90-minute test-a-thons in 
July 2025 with a mixed group of technologists and lived-
experience experts. These sessions applied the rubric to 
evaluate outputs from “Survivor AI,” a GenAI support tool 
designed for survivors of gender-based violence. I partici-
pated as a researcher-observer, focusing on the structure and 
flow of the method rather than collecting analyzable data. 
 While no formal findings are reported, these sessions 
served as design-stage pilots that informed final refinements 
to the rubric’s language, prompt structure, and integration 
with the Transparency Hub. This process also surfaced val-
uable cues about co-regulated safety evaluation, which may 
guide future IRB-approved studies. 

The Symbol-Aware GenAI for Social Good 
Safety Evaluation Methodology 

This work introduces a symbol-aware safety evaluation 
framework – an approach that centers how generative out-
puts are experienced by users through the lenses of meaning, 
identity, and emotional resonance. Rooted in feminist HCI, 
TIC, and cultural semiotics, this framework attends to the 
symbolic harms that may arise even when outputs are 
grammatically correct or factually accurate. These harms 
may include the erasure of agency, dissonant emotional 
tone, or manipulative affirmation (Vassel et al. 2024) – all 
of which carry heightened risk in high-emotion, identity-
sensitive contexts. 
 Symbol-aware safety thus expands traditional evaluation 
metrics to include narrative fidelity, emotional fit, and rela-
tional alignment – dimensions that are essential for GenAI 
tools deployed in public-interest, marginalized, or histori-
cally harmed communities. In these contexts, meaning be-
comes a core site of safety, not a secondary concern. To ad-
dress these unique risks, the framework integrates technical 
safeguards with symbolic resonance, emotional trustworthi-
ness, and trauma-informed participatory methods.  

Hybrid Framework: Integrating Technical and 
Socio-Technical Approaches 
There is currently no universal standard for evaluating the 
safety of generative AI tools, particularly in high-emotion or 
civil society contexts. Instead, three major schools of 
thought have emerged – each offering a different lens on risk 
and responsibility: 
• Technical approaches prioritize robustness, accuracy, 

and security, typically using quantitative methods such as 
benchmark scores, hallucination rates, or adversarial red-
teaming. These are highly scalable, but often overlook so-
cial and emotional context. 

• Socio-technical and ethics-centered approaches em-
phasize justice, equity, and lived experience. They draw 
on stakeholder reviews, community audits, and trauma-
informed assessments. While more holistic, these ap-
proaches face challenges in standardization and institu-
tional adoption due to variability and potential bias in hu-
man judgment well as cost, time-intensity and scalability 
issues in large-scale human evaluations (Modake and 
Patil 2024; Ribeiro, Singh, and Guestrin 2016).  

• Hybrid approaches integrate both perspectives – pairing 
quantitative stress tests with participatory, symbolic, and 
contextual evaluation. They are the most comprehensive 
but also resource-intensive. 

Yet despite the growing number of frameworks calling for 
justice-centered and participatory evaluation, few have been 
empirically tested in the context of LLMs and civil society 
AI tools (Markelius 2024). This underscores the need for 
real-world deployments and validation of hybrid approaches 
in emotionally charged, symbol-sensitive domains. 
 The hybrid model was selected as the most promising 
foundation for safety evaluation in public-interest deploy-
ments because harm in these contexts manifests in multiple, 
layered forms – technical, emotional, and symbolic. Tradi-
tional metrics such as accuracy, robustness, and hallucina-
tion rates remain essential, especially for preventing misin-
formation, logical failures, or model exploitation. However, 
these alone are insufficient in high-emotion or identity-sen-
sitive settings, where safety also depends on how outputs 
feel, resonate, and relate to lived experience. A system may 
avoid hallucinations yet still produce tonally dissonant or re-
traumatizing responses. It may pass fairness audits while 
subtly reinforcing cultural erasure or violating narrative 
consent. Technical evaluations often miss these harms, just 
as qualitative audits may overlook latent model instabilities. 
Only a hybrid approach – combining technical safeguards 
with socio-ethical grounding, symbolic awareness, and par-
ticipatory review – can account for the full spectrum of risks 
present in civil society and care-centered GenAI deploy-
ments (Longpre et al. 2024; Markelius 2024). 
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GenAI Safety Rubric with Five Interdependent 
Domains  
To operationalize the hybrid framework, we developed a 
safety evaluation rubric tailored to high-emotion, public-in-
terest GenAI tools. The rubric translates the hybrid model 
into five actionable domains, each containing multiple sub-
criteria rated on a 1–5 scale to assess both technical perfor-
mance and symbolic-relational safety. Each domain in-
cludes granular metrics and a qualitative comment field to 
capture emergent risks, contextual notes, or unexpected 
harms not anticipated during design. 
 Working in collaboration with Chayn, we applied this ru-
bric to Survivor AI – a GenAI tool designed to support sur-
vivors of image-based abuse – and identified 30 evaluation 
metrics across the five domains. These were iteratively val-
idated through expert reviews, use-case walkthroughs, and 
survivor-informed design sessions. The full rubric is in-
cluded available as supplementary materials. 
 The five interdependent domains:  
1. Technical and Content Safety (e.g., accuracy, hallucina-

tion resistance, misuse prevention, prompt injection pro-
tection). This domain assesses whether the tool produces 
accurate, non-harmful, and policy-compliant outputs 
while minimizing risks like hallucination, bias, and data 
leakage. In contexts like Survivor AI, the risk of subtle 
manipulation or misinformation is heightened e.g., LLMs 
may exert implicit persuasion or nudging effects – raising 
the stakes for both hallucination resistance and narrative 
fidelity (Markelius 2024). 

2. Feminist AI and Trauma-Informed Principles (e.g., 
consent, validation, emotional literacy, inclusive UX). 
This domain evaluates whether the tool centers survivor 
agency, emotional safety, and inclusivity through affirm-
ing language, consent-based design, and empowerment. 
For example, LLMs conflate gender with occupational 
roles and frequently erase non-binary or queer identities 
(Markelius 2024). These systemic erasures underscore the 
importance of evaluating symbolic harms – such as mis-
gendering or tone-policing – alongside traditional accu-
racy metrics. 

3. Usability and Accessibility (e.g., plain language, screen 
reader compatibility, live support visibility). This domain 
measures how clearly, comfortably, and equitably survi-
vors can navigate and use the tool – across language, lit-
eracy, disability, and emotional capacity. 

4. Organizational Readiness (e.g., transparency logs, staff 
training, incident protocols). This domain examines 
whether the team behind the tool is prepared to respond to 
harm, maintain survivor trust, and continuously improve 
through training, transparency, and partnerships. 

5. Contextual Specificity (e.g., platform appropriateness, 
evidentiary clarity, survivor self-protection). This domain 
assesses the fit between the GenAI tool and its real-world 

deployment setting. For Survivor AI, this included align-
ment with platform takedown policies, minimizing risk of 
over-disclosure, and ensuring outputs provided actiona-
ble, legally coherent next steps. 

While the rubric offers comprehensive coverage, civil soci-
ety organizations often face time and capacity constraints – 
especially during short (e.g., 90-minute) test-a-thons or 
when working with lived-experience participants. To sup-
port modular, context-aware use, we developed the 3R pri-
oritization model: 
Risk: What could cause real harm if it’s not tested? 
• Could this feature retraumatize someone if it goes wrong? 
• Could this lead to a request being denied or delayed? 
• Could this expose sensitive data or compromise safety? 
Relevance: What reflects the tool’s core use case? 
• What is the main job this tool is meant to do? 
• What features define a “successful” outcome for users? 
• What scenarios are most likely to occur in real-world use? 
Resonance: What gives users a sense of dignity, agency, 
and trust? 
• Does this make the user feel seen and respected? 
• Does it give them voice, choice, or the ability to shape the 

interaction? 
• Is it aligned trauma-informed and justice principles? 
The 3R model enables teams to spread evaluation across 
multiple test-a-thons or combine internal and participatory 
assessments – upholding rigor without overextension. 

Participatory and Trauma-Informed Protocol for 
Safety Evaluation and Test-a-thons 
To embed lived experience into GenAI safety evaluation, 
we developed a Participatory Test-a-Thon methodology 
designed to surface technical, emotional, and symbolic 
harms – particularly those invisible to traditional red-team-
ing or usability testing. Grounded in TIC and participatory 
HCI, this approach combines structured safety probing with 
co-regulated facilitation and dignity-centered participation. 
Rather than positioning participants solely as users or test-
ers, the protocol affirms them as evaluators and epistemic 
contributors – holding critical insight into how harm is ex-
perienced, perceived, and potentially mitigated. 
 Our method also addresses limitations in current design 
justice applications, where core equity questions – such as 
“Who benefits?” or “What discourse is being reproduced?” 
– often remain abstract. We incorporate these questions into 
our rubric domains and participatory facilitation, building 
on the extended Equitable Design Framework (Markelius 
2024; Ostrowski et al. 2022). 

Method Typology: Mix-and-Match Modes 
To accommodate varying evaluation goals, community 
needs, and facilitation capacities, we created a modular ty-
pology of participatory methods. These approaches can be 
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mixed and matched across different testing cycles, and al-
low for both structured benchmarking and open-ended in-
sight generation: 
• Human-in-the-Loop Scoring: Participants apply the ru-

bric to rate GenAI outputs. Best suited for early pilots and 
structured comparison of outputs across prompts, itera-
tions, or models. 

• Participatory Red Teaming: Survivors and frontline 
workers co-develop challenging or edge-case prompts to 
stress-test the model’s boundaries. Useful for identifying 
latent failure modes and ethical blind spots (Longpre et al. 
2024; PAI 2023). 

• Simulated Survivor Journeys: Participants complete 
full end-to-end flows (e.g., generating and refining a 
takedown letter) to surface usability, narrative fit, and 
emotional realism across steps. 

• Shadow Scoring by Observers: Facilitators observe and 
record affective and safety-related cues silently while par-
ticipants interact with the tool – enabling triangulated data 
capture without overburdening participants. 

• Reflective Feedback Circles: Structured verbal or writ-
ten reflections gathered post-session (or as standalone) to 
capture unmet needs, symbolic feedback, and recommen-
dations in participant voice. 

Each modality emphasizes a different layer of safety (func-
tional, emotional, or relational). While the current pilot used 
human-in-the-loop scoring as the primary mode, future 
test-a-thons may incorporate other modalities to deepen the 
evaluation ecosystem. 

Running a Safe and Supportive Evaluation 
A trauma-informed test-a-thon must do more than assess 
output quality – it must actively protect, empower, and sup-
port participants while surfacing meaningful insight into po-
tential harm (GPAI 2021). To translate this into practice, we 
designed a five-step evaluation protocol combining emo-
tional scaffolding with structured analytic rigor. 
 This protocol was piloted in partnership with Chayn dur-
ing the pre-launch testing of Survivor AI, adapted across 
two separate sessions: one with survivors and one with tech-
nologists. Each session applied the GenAI Safety Rubric 
using a customized, 90-minute evaluation flow. Principles 
from trauma-informed HCI, participatory design, and sym-
bolic safety evaluation were used to guide facilitation, data 
collection, and reflection. 

Step 1: Assemble the Team  
Design principle: A trauma-informed evaluation requires 
intentional team composition involving both lived-experi-
ence participants and technical or design leads, with atten-
tion to psychological safety, intersectional identity represen-
tation, and facilitator readiness (Safety by Design 2024). Di-
verse expertise and trauma-informed facilitation are key to 

minimizing harm and surfacing blind spots (Menschner and 
Maul 2016; Morris, Williams, and Jelen 2025). 
Principle in practice: We prioritized assembling a facilita-
tion team that blended trauma-informed care with product 
knowledge. Each session was co-facilitated by a trained sup-
port lead from Chayn and a technical lead from the Survivor 
AI product team. The academic researcher participated as 
both note-taker and participant-observer. 
 Participants were recruited directly by Chayn. For the sur-
vivor test-a-thon, invitations were extended to members of 
Chayn’s existing global community of survivors. To foster 
psychological safety, eligibility was limited to participants 
identifying as women or non-binary. Importantly, the group 
included survivors from both high-income and low- and 
middle-income countries, ensuring that lived experience 
perspectives reflected a range of cultural, legal, and infra-
structural contexts. Survivors were also compensated for 
participating in the test-a-thon, recognizing and valuing the 
expertise and time contributed (Anderson 2021). For the 
technical session, Chayn recruited via LinkedIn and its 
broader ally network. Both sessions included designated 
note-takers to monitor participant energy, flag distress cues, 
and ensure trauma-informed pacing throughout. 

Step 2: Scenario Design 
Design principle: Scenario prompts should reflect emotion-
ally realistic, high-risk, and identity-relevant interactions 
with the GenAI tool. These prompts should be co-developed 
with frontline staff and lived-experience advisors to ensure 
symbolic accuracy and emotional resonance. In alignment 
with trauma-informed HCI practices (Anderson 2021; 
Morris, Williams, and Jelen 2025; Wilson, Fauci, and 
Goodman 2015), scenario development should strike a bal-
ance between collecting meaningful input and protecting 
participant agency. Consent procedures should be ongoing 
and flexible, including clear communication about data han-
dling, the right to opt out, and mechanisms for modifying or 
pausing participation at any point. 
Principle in practice: Scenarios were developed in close 
collaboration with Chayn’s team, drawing on real-world 
cases where survivors had submitted takedown requests or 
sought information after experiencing image-based abuse. 
These included emotionally and symbolically complex situ-
ations – such as repeatedly requesting content removal from 
platforms or navigating interactions with legal authorities 
when trauma had shaped memory and self-expression. 
 Participants were offered a curated set of sample scenar-
ios designed by Chayn. They were also invited to adapt these 
or share personal scenarios if they felt comfortable doing so, 
though this was entirely voluntary and explicitly framed as 
non-obligatory. This dual approach upheld both emotional 
safety and ecological validity. 
 Scenarios were reviewed for: 
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• Emotional realism: Does the scenario reflect how users 
express themselves in distress? 

• Symbolic coherence: Do the prompts elicit meaningful 
outputs aligned with the survivor’s values and voice? 

• Potential for harm: Could this scenario trigger re-trau-
matization or reinforce systems of symbolic violence? 

This structure ensured that safety evaluation was not only 
technically rigorous but also experientially grounded, rooted 
in the emotional and relational realities of survivor interac-
tion with GenAI systems as well as disclosure of trauma his-
tory (Morris, Williams, and Jelen 2025). 

Step 3: Session Execution 
Design principle: During trauma-informed evaluations, 
participants should be supported through structured, sce-
nario-based interactions with GenAI outputs. The goal is not 
only to identify technical harms such as hallucinations or 
over-disclosure, but also to surface symbolic harms – such 
as tone mismatch, re-traumatization triggers, or violations of 
narrative agency. To enable this, facilitation must offer emo-
tional pacing, multimodal expression, and space for co-reg-
ulation (Anderson 2021; Morris, Williams, and Jelen 2025). 
Principle in practice: 
Each 90-minute test-a-thon followed a structured flow: sce-
nario prompt delivery, GenAI output review, harm and 
value assessment using the safety rubric, and a facilitated 
group reflection. Prompts were tested live, with participants 
encouraged to assess both the content and the emotional-
symbolic resonance of the outputs. Approximately 30 
minutes were reserved for individual review and annotation, 
during which participants could turn off their cameras if they 
chose. Facilitators offered periodic pauses and welcomed 
feedback in multiple modalities – written comments, spoken 
reflection, or non-verbal gestures in chat – supporting di-
verse communication styles and emotional pacing. 
 Each session applied a curated subset of the 30-metric ru-
bric, selected by Chayn using the 3R prioritization strategy 
(Risk, Relevance, Resonance). Customized worksheets 
guided participants in rating specific criteria and capturing 
qualitative reflections about both functional and symbolic 
safety. Facilitation encouraged attention to technical harms 
(e.g., hallucinated references, over-disclosure) and symbolic 
harms (e.g., disempowering tone, misrecognition of cultural 
signals). The session concluded with a grounding exercise 
led by a trauma-informed facilitator from Chayn, supporting 
nervous system regulation and post-session integration. 

Step 4: Documentation 
Design principle: Documentation practices in trauma-in-
formed evaluations must prioritize participant dignity, emo-
tional nuance, and symbolic insight. Observations should be 
captured using annotation protocols that attend to phrasing, 

affective response, and signals of narrative trust or misalign-
ment – especially where structured metrics fall short. 
Principle in practice: 
Each session was accompanied by facilitated group dia-
logue, with two designated note-takers documenting obser-
vations using trauma-informed protocols. These included 
anonymized participant identifiers, verbatim language cap-
ture, tone and affect cues, and reflective commentary. Par-
ticular attention was paid to phrases that surfaced emotional 
resonance, symbolic dissonance, or moments of misalign-
ment between intent and output. 
 In addition to these qualitative notes, participants com-
pleted structured rubric worksheets tailored to the 3R-prior-
itized metrics. While these worksheets remain internal to 
Chayn and were not collected by the researcher for this pa-
per, future IRB-compliant analysis is planned. Together, the 
worksheets and facilitated annotations enabled a layered, 
symbol-aware record of the AI’s perceived impact across 
technical, emotional, and cultural dimensions. 

Step 5: Remediation and Review 
Design principle: Evaluation should not end with assess-
ment but must create “a widely accessible and reliable 
mechanism of redress” to build public trust in AI (Floridi et 
al. 2018). Safety must be treated as a continuous, relational 
process – requiring collaborative reflection, iterative design 
changes, and transparent follow-up with participants. 
Principle in practice: 
Chayn’s post-test-a-thon review and product iteration pro-
cesses reflect calls for upstream auditing mechanisms and 
downstream redress pathways to foster trust and continuous 
improvement (Floridi et al. 2018). Following each test-a-
thon, Chayn conducted an internal debrief with session fa-
cilitators and note-takers to discuss emergent concerns sur-
faced during the group discussion and synthesize key in-
sights. Annotated findings were also reviewed by the prod-
uct team to identify potential improvements. 
 Product improvements are currently underway in prepa-
ration for Survivor AI’s public launch in October 2025. 
These include changes to output tone, prompt sensitivity, 
disclosure framing, and platform-specific language genera-
tion – demonstrating how test-a-thon feedback directly in-
forms ethical iteration. This process affirms safety not as a 
fixed threshold, but as an ongoing, co-held commitment be-
tween tool builders and the communities they aim to serve. 

Transparency Hub Design for Vulnerable, Non-
Technical Populations  
Traditional AI disclosures often focus on compliance and 
model architecture. But for vulnerable populations, trans-
parency must also build trust, honor symbolic safety, and 
support informed autonomy (Longpre et al. 2024; Safety by 
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Design 2024; The Data Ethics Canvas 2021), especially 
when users are engaging during moments of vulnerability.  
 To promote meaningful transparency, our design priori-
tizes both explainability and traceability – ensuring not only 
that decisions can be understood, but that participants know 
how, when, and by whom outputs were generated. This ech-
oes Floridi et al.'s (2018) recommendation that AI systems 
making socially significant decisions must provide “a fac-
tual, direct, and clear explanation of the decision-making 
process,” particularly in contexts involving harm or griev-
ance. They further note that this may require domain-spe-
cific frameworks developed in collaboration with scientific, 
legal, and ethical experts – a design logic reflected in our 
civil society-grounded, survivor-informed approach. 
 The Survivor AI Transparency Hub reframes transpar-
ency as a relational process, not just documentation. De-
signed in collaboration with Chayn, it offers a five-part 
structure built for clarity, care, and layered depth: 
• Landing Pad: Welcomes users with plain-language ori-

entation and what safety means in this context. 
• Full House: Outlines ethical commitments, participatory 

values, and design principles. 
• Technical Blueprint: Includes model cards, system limi-

tations, and summarized rubric scores. 
• Safety Net: Provides user-friendly harm reporting and re-

dress pathways. 
• Audit Trail: Shares recent improvements and reflections 

in response to feedback. 
 Each section balances accessibility and depth, using ex-
pandable content and emotionally attuned language. Rather 
than presenting a fixed safety score, the hub evolves with 
the system – demonstrating an ongoing commitment to sur-
vivor dignity and symbolic coherence. 

Discussion 

Moving Beyond Metrics: Differences from Exist-
ing Safety Templates 
Traditional GenAI safety evaluations prioritize robustness, 
hallucination reduction, and performance benchmarks. 
While important, these often miss the layered, relational di-
mensions of harm that arise in high-emotion contexts. Our 
approach repositions safety as a co-regulated, participatory 
process – including not just technical failures, but symbolic 
dissonance, emotional misalignment, and trust erosion. 
 Rather than measuring safety as a static score, this frame-
work introduces safety as a symbol-aware, survivor-in-
formed relationship between system and user. This refram-
ing departs from compliance-oriented disclosures and in-
stead emphasizes lived epistemology, emotional integrity, 
and participatory alignment. Moreover, the use of trauma-
informed test-a-thons and the 3R prioritization model allows 

organizations to engage in high-fidelity evaluation without 
overburdening teams or participants – an essential feature 
for non-profit and civil society settings. 

Theoretical and Practical Implications 
Theoretically, this work contributes to the growing body of 
literature on trauma-informed computing, feminist AI, and 
participatory HCI by offering a hybrid model that is not only 
symbolically literate, but also pragmatically applicable. The 
introduction of layered evaluation modes – such as human-
in-the-loop scoring, participatory red teaming, and symbolic 
harm annotation – expands what counts as “evaluation” and 
who counts as an evaluator. 
 Practically, this study offers one of the first empirical in-
stantiations of a design justice–aligned methodology for 
LLM evaluation in survivor-serving contexts. To date, ethi-
cal and justice-centered frameworks have often remained 
theoretical in the LLM space (Markelius 2024). By translat-
ing these into concrete participatory structures, our work 
contributes toward operationalizing justice as an evaluative 
function, not just a design aspiration. This framework equips 
civil society organizations, product teams, and policymakers 
with modular, survivor-aligned tools to assess GenAI de-
ployments in real-world, emotionally sensitive settings. The 
rubric and Transparency Hub provide actionable scaffolds 
for aligning GenAI system behavior with community val-
ues, especially in cases where traditional audit methods are 
too rigid or insufficiently responsive. 
 This work also sets a precedent for integrating qualitative 
insight at the evaluation stage – not just during system de-
sign. In doing so, it invites future safety research to center 
narrative fidelity, somatic insight, and dignity-based metrics 
(Vassel et al. 2024), especially in domains where the stakes 
are identity-linked and symbolic safety is paramount. 

Limitations and Future Work 
This study represents an early-stage pilot of a symbol-aware 
evaluation framework. While sessions yielded valuable 
methodological insights, findings were not formally vali-
dated through IRB-approved research. Future iterations 
should include more rigorous, multi-session evaluations 
across diverse GenAI tools and domains. 
 Additionally, survivors co-created scenarios and evalu-
ated outputs, but were not directly involved in rubric metric 
development. Future work should prioritize participatory 
metric co-design so evaluation dimensions emerge from 
lived-experience epistemologies. 

 Finally, questions of generalizability remain. The proto-
col was piloted in collaboration with Chayn and tailored to 
their community of survivors. Scaling to other high-emotion 
domains such as mental health, immigration, or disability 
advocacy will require adaptation and new partnerships. 
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Ethical Statement 
This work seeks to advance responsible use of generative AI 
in high-emotion and high-risk contexts. By centering survi-
vors of technology-facilitated abuse, we prioritize safety, 
dignity, and harm minimization over technical novelty or 
raw performance. The methods developed – participatory 
evaluation, symbol-aware risk mapping, and survivor-in-
formed rubric design – aim to identify and surface hidden 
harms and guide safer adoption of AI tools. While the po-
tential benefits include improved survivor support and more 
accountable AI evaluation, we acknowledge risks of misap-
plication if methods are detached from context. To mitigate 
this, we emphasize transparency, practitioner involvement, 
and survivor-centered safeguards throughout.  
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