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Abstract

AI development is notoriously centralized, concentrating
power in the hands of a few. Justice-oriented frameworks
have emerged to challenge this paradigm, but documented ex-
amples of AI projects that aim to distribute power and own-
ership across the full development lifecycle remain rare. In
this paper, co-authors from a Kenyan activist organization
that monitors femicide in the region join with a research team
based in the United States to reflect on our co-development
of Swahili AI tools for femicide monitoring. We adapted two
existing tools previously developed by the research team to
the Kenyan context—through data collection, model train-
ing, and interface localization—prioritizing situated technical
capacity-building by recruiting a local developer to lead the
effort.
Both tools were successfully deployed and are in use by
the community partner. Still, we found ourselves asking a
question we suspect many justice-oriented technology efforts
also face: “Was the project successful?” Beyond producing
the technical artifacts, had we succeeded in sharing power
and ownership throughout the development process? To ex-
plore this question, we turn to reflexivity as a way to fore-
ground the process of technology production alongside its
outcomes. Through collaborative autoethnography and draw-
ing on Data Feminism and African Data Ethics as analytical
frameworks, we examine how structural factors and project
design decisions limited or supported justice-oriented princi-
ples throughout the development process. We end by distill-
ing broader insights on relationship-building, the roles of ac-
cess and documentation in distributing control, and how shift-
ing from performance metrics to partner-benefit measures can
better ensure project sustainability. Through this work, we
propose normalizing reflexive practice as a vital tool for as-
sessing and advancing just AI development, offering both a
critical account of one justice-oriented AI project and broader
insights that can shape similar efforts.

1 Introduction
The dominant AI development paradigm is centralizing
power and resources at an accelerating pace. Closed mod-
els, opaque development processes, and evaluations that
focus on “general-purpose” benchmarks further the divide
between technology producers and the communities their
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products are designed to serve. Researchers across disci-
plines have responded by advocating for interventions that
minimize harm, such as reducing bias in model outputs,
prioritizing transparency, or building accountability pro-
cesses. While valuable, these approaches have been chal-
lenged for focusing primarily on individuals and technical
systems rather than on the structural conditions that pro-
duce harm (D’Ignazio and Klein 2023). Justice-oriented ap-
proaches, by contrast, are rooted in feminist, decolonial,
or other critical frameworks that interrogate and challenge
power, calling for development practices that redistribute
control over data, labor, knowledge, and technical infrastruc-
ture (Klein and D’Ignazio 2024; Mohamed, Png, and Isaac
2020; Ricaurte and Zasso 2023; Young, Katell, and Krafft
2022; Birhane et al. 2022a; Barrett et al. 2025).

Community-led and participatory approaches have been
proposed as key ways to redistribute power in practice, par-
ticularly those that center long-term partnerships, mutuality,
and the needs of marginalized communities (D’Ignazio and
Klein 2023; Birhane et al. 2022b; Costanza-Chock 2020).
Documented examples have engaged communities to shape
specific parts of the AI development process, such as data
collection, annotation, or model evaluation (Nekoto et al.
2020; Patton et al. 2020; Suresh et al. 2022; Cooper and
Zafiroglu 2024). Work on infrastructuring further focuses on
building structural conditions for community ownership and
control that extend beyond any single project (Dantec and
DiSalvo 2013; Karasti 2014).

Yet surveys of the broader landscape of participatory and
community-led AI have found that stakeholders are rarely
involved in problem formulation, technical development and
data analysis, or long-term ownership (Delgado et al. 2023;
Cooper et al. 2022; Feffer et al. 2023). These gaps per-
sist in part due to significant structural barriers, including
conflicting incentives, resource and time constraints, trust
and relationship-building challenges, and the infrastructural
changes required to redistribute control over typically cen-
tralized material resources (Young et al. 2024; Suresh et al.
2024; Maas and Inglés 2024). Researchers and developers
navigating these barriers lack methodological guidance and
shared repertoires of experiences and tools to draw on.

This paper responds to that need by documenting and
reflecting on a concrete justice-oriented AI project, con-
tributing both a critical account of the effort and method-
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ological guidance for others pursuing similar goals. Specif-
ically, we reflect on a yearlong research-community part-
nership to build Swahili AI tools for femicide monitor-
ing. We adapted two tools previously developed by the re-
search partner organization to the Kenyan context through
data collection, model training, and interface localization.
Our process was guided by the principles of Data Femi-
nism (D’Ignazio and Klein 2023) and African Data Ethics
(Barrett et al. 2025). While both frameworks emphasize
challenging power and engaging in reciprocal, community-
based relationships, African Data Ethics further highlights
investing in local talent and infrastructure. In our project,
we aimed to support situated technical capacity-building by
hiring a local developer to lead the development effort. At
the same time, we observed tensions that arose as we ran
into the structural barriers mentioned above, such as ex-
tended timelines and the practical need to centralize tech-
nical infrastructure. Reflecting on our approach, we found
ourselves asking: “Was the project successful?” One an-
swer might stop at evaluating the technical artifacts: both
tools were deployed and performing well. But to evaluate
the project against its justice-oriented aims, we also needed
to ask: in what ways did we succeed—or fall short—in
sharing power and ownership throughout the develop-
ment process?

To answer these questions, we take a collaborative
auto-ethnography approach, synthesizing qualitative data
from two focus groups within our team, two written self-
reflections, and project traces. Our analysis contributes:

1. A critical examination of how key steps taken in our col-
laboration process both (a) aligned with justice-oriented
principles from Data Feminism and African Data Ethics
and (b) shaped the project process, partnership, and out-
comes.

2. Insights on specific strategies for AI projects to share de-
sign, ownership, and control with community partners in
the context of enduring structural barriers.

Through our contributions, we propose normalizing re-
flexive practice as a vital method for assessing and advanc-
ing just AI development, foregrounding the process of tech-
nology production alongside its outcomes.

We begin by reviewing participatory and community-led
approaches to AI, particularly their applications in Global
Majority and African countries, as well as prior work on
reflexive and autoethnographic practice. Next, we trace the
project’s chronology and describe the Swahili AI tools we
co-developed. We then outline our methodology. Our anal-
ysis reveals how structural barriers, context-specific fac-
tors, and our commitment to distributing technical capacity
shaped our work. From this, we distill insights on relational-
ity, the many forms of and barriers to ownership, and how to
assess and build accountability into justice-oriented projects.

We build on the AIES and broader critical AI commu-
nity’s work on conceptualizing and implementing shared
control and ownership in AI/ML projects (Maas and Inglés
2024; Seger et al. 2023; Feffer et al. 2023; Eslami et al. 2025;
Hutchinson et al. 2025; Suresh et al. 2022, 2024; Queerinai
et al. 2023; Tseng et al. 2025) by distilling key strategies—

including the more systematic integration of reflexive prac-
tice into researchers’ evaluation toolkits—for pushing the
boundaries of justice-oriented AI in action.

2 Related Work
2.1 Approaches for Increased Community Control
in AI Development
Computing research has addressed the involvement of
community stakeholders in technology development. Work
across HCI and AI mainly draws on participatory traditions
(e.g., Participatory Action Research (PAR) or Participatory
Design (PD)), with aims of creating more “democratic” de-
velopment processes, producing technology that works bet-
ter for its intended users, and/or mitigating default power
imbalances in research and design (Cooper and Zafiroglu
2024; Delgado et al. 2023; Birhane et al. 2022a). A subset of
this work focuses on “community-based” or “community-
led” research, partnering with stakeholders from, e.g., a
community-based organization. Cooper et al. (2022) char-
acterize this work under the broad umbrella of “community-
collaborative approaches” (CCA): those aiming to “in-
volve collaboration with community stakeholders as co-
researchers throughout the research process, while investi-
gating complex problems of concern to the community (e.g.,
social and health-related), and developing novel technolo-
gies or sociotechnical solutions.” CCA approaches to creat-
ing AI-based tools have worked with community members
to annotate social media posts from the community (Patton
et al. 2020), annotate data and evaluate models for femini-
cide detection (Suresh et al. 2022), collect natural language
data for machine translation of low-resource African lan-
guages (Nekoto et al. 2020), and build AI literacy resources
around algorithmic decision making systems (Katell et al.
2019).

While participatory and CCA approaches often share the
aim of distributing meaningful decision-making power and
involving participants as co-researchers, structural barriers
can hinder this. For example, drawing from Sherry Arn-
stein’s “Ladder of Citizen Participation” (Arnstein 1969)
scholars have argued that participants can end up taking
more of a “consultation” role (rather than a “partnership”
or “ownership” one) (Corbett, Denton, and Erete 2023),
and highlight the risks of “participation-washing” (Sloane
et al. 2022). Other work has shown that community part-
ners are typically not involved at all stages of the research
project (Magaña and Shilton 2025). Delgado et al. (2023)
describe how participatory AI approaches tend to involve
participants in shaping user interface design or data col-
lection, rather than the design of AI models or the overall
purpose of the system, and Cooper et al. (2022) find that
community stakeholders in CCA approaches are rarely in-
volved in data analysis or problem definition. These same
scholars highlight the issues of organizational timelines,
resource constraints, and academic funding and publica-
tion incentives, all of which do not support, e.g., outcomes
such as building community capacity or decentralizing tech-
nical know-how. At the same time, increased community
participation in data-centered projects is not necessarily a
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panacea and can place an “epistemic burden” on minoritized
communities (Pierre et al. 2021). Many scholars, recogniz-
ing this reality, have explicitly pushed beyond conventional
community involvement, framing development projects as
sites for dismantling structural injustice (Costanza-Chock
2020; Kasirzadeh 2022; Leslie et al. 2022; Birhane et al.
2022b; Edenberg and Wood 2023), while others have ex-
plored how participatory design can build infrastructure for
sustained community ownership and self-determination, in-
stead of narrowly focusing on project scope (Karasti 2014;
Dantec and DiSalvo 2013; Agid 2016). Our work explores
disparities in community engagement with research: we de-
liberately aimed to share control over stages of the project,
such as AI model development, while reflecting on how the
challenges we encountered affected the research-community
partnership, and on the project’s overall contribution to long-
term community ownership and self-determination.

2.2 Community-Centered AI in the Global
Majority and Africa
Beyond the structural forces that shape collaboration within
participatory and CCA approaches, engagements with com-
munities in countries of the Global Majority are further
shaped by histories of imperialism, colonial extraction,
and ongoing forms of neocolonialism (Mohamed, Png, and
Isaac 2020). Prior work has documented how these dy-
namics manifest in technology research and development
through asymmetries in funding, representation, agenda-
setting, knowledge valuation, and ownership of technical ar-
tifacts (Correa Lucero and Martens 2025; Septiandri et al.
2023). Community-centered approaches in these settings
must contend not only with interpersonal power differ-
entials, but also with transnational inequalities that struc-
ture research partnerships and constrain community self-
determination (Png 2022).

A range of civil society organizations across Africa, the
Americas, and Asia have developed community-rooted ap-
proaches to data and AI work that explicitly center local
priorities, lived experience, and long-term accountability.
Examples include feminist and community-based organiza-
tions such as Data Género1 in Latin America, Pollicy2 in
Uganda, DOHS Cares3 in Nigeria, and Tattle4 in India. In
the African context, the focus of the current work, prior aca-
demic research has described participatory AI efforts to eval-
uate image generation models (Becker et al. 2025), study the
adoption of AI in creative sectors (Ngaruiya et al. 2024), and
annotate Swahili datasets (Kamande et al. 2025). Nekoto
et al. (2020) describe Masakhane5, an expansive participa-
tory project to collect datasets and build language technol-
ogy for a range of African languages.

Research has also proposed broader feminist and decolo-
nial frameworks to guide such work. Data Feminism (DF)
(D’Ignazio and Klein 2023) articulates how intersectional

1https://datagenero.org/
2https://pollicy.org/
3https://dohscares.org/
4https://tattle.co.in/
5https://www.masakhane.io/

feminist principles can be used to surface and challenge
structural inequalities embedded in data-driven systems and
practices, and has been adapted by practitioners in African
contexts to reflect Afrofeminist perspectives and priorities
(Iyer, Chair, and Achieng 2021). African Data Ethics (ADE)
similarly offers a framework rooted in African philosophy
and the realities of data science work on the African conti-
nent, articulating principles that foreground “communalism,
self-determination, and cultural preservation” (Barrett et al.
2025). While developed from distinct intellectual traditions,
DF and ADE share overlapping commitments to challeng-
ing power and centering pluralistic, situated knowledge. Our
work is guided by both frameworks; in particular, we draw
on the shared principle to Challenge Power, the ADE prin-
ciples of Grounding Design in Community-Engaged Con-
sensus and Asserting Self-Determination (“By Africans, For
Africans”), and the DF principles of Embracing Pluralism
and Elevating Emotion and Embodiment.

2.3 Reflexivity and Autoethnography
Reflexive practices have long been emphasized within fem-
inist thought, stemming from the recognition that knowl-
edge production is inseparable from the producer’s iden-
tity and sociopolitical context (Collins 2022; Harding 2013).
Haraway’s conceptualization of situated knowledge posits
that actively recognizing and reflecting on one’s role in
the process of knowledge production leads to more objec-
tive claims than claiming neutrality by distancing oneself
(Haraway 2013). Extensive work in critical AI has high-
lighted how researcher, developer, or data worker position-
ality shapes project agendas, dataset construction, and de-
sign decisions, encouraging reflexive approaches that fore-
ground this subjectivity (Walker et al. 2025; Scheuerman
and Brubaker 2024; Miceli et al. 2021; Schroeder, Pa-
reek, and Barocas 2025; Cambo and Gergle 2022; Miceli,
Schuessler, and Yang 2020). While researchers implement-
ing participatory AI approaches have published about the
outcomes of their efforts, fewer papers have provided re-
flexive accounts of specific AI development efforts (Suresh
et al. 2022; Ciolfi Felice et al. 2025). We argue that such
reflexive accounts, by attending to researcher positional-
ity, institutional incentives, infrastructural constraints, and
relational dynamics, are key to pushing the boundaries of
justice-oriented AI.

Autoethnography (AE) is a qualitative research approach
that originated in the social sciences in the 1980s as a
response to growing recognition that personal experience
shapes the research process and that dominant research tra-
ditions often privileged a narrow set of perspectives (Ellis,
Adams, and Bochner 2011); it has since been adopted in
HCI (Rapp 2018). AE treats researchers’ first-person experi-
ences as analytically meaningful data rather than as periph-
eral context, drawing on sources such as fieldnotes, personal
reflections, project artifacts, and correspondence. These ma-
terials are analyzed through iterative cycles of writing and
reflection to connect lived experience to broader social, cul-
tural, or institutional structures. In this way, autoethnogra-
phy offers a way to methodologically instantiate reflexiv-
ity, making visible aspects of research practice that are of-
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ten excluded from technical or outcome-focused accounts
(Kaltenhauser, Stefanidi, and Schöning 2024).

Collaborative autoethnography (CAE) shifts from indi-
vidual analysis to collective sensemaking and can enable
deeper insights to emerge through dialogue (Chang, Ngun-
jiri, and Hernandez 2016). Work in HCI has framed (col-
laborative) autoethnography as a feminist method that views
the “personal as a valid site of knowledge production” (Gar-
cia and Cifor 2019) and allows for attention to topics, such
as internal power dynamics or points of “failure,” that are
typically left out of research publications (Howell, Des-
jardins, and Fox 2021). CAE is particularly well-suited to
reflecting on work that was itself collaborative, allowing
team members to learn from and support each other, share
power by collectively offering and examining each other’s
experiences, and surface points of convergence and tension
(Chang, Ngunjiri, and Hernandez 2016). Our use of this
method builds on the work of Ciolfi Felice et al. (2025),
who use CAE to provide an account of implementing a fem-
inist AI project in Latin America, highlighting tensions and
strategies, and making visible the “feminist work” that went
into the effort.

3 Background: Collaboratively Developing
Swahili AI-Based Tools

Here we describe our main case study: the collaboration be-
tween a research partner and a community partner to sup-
port the community partner’s data collection workflow for
counting femicide cases in Kenya. We provide context on
the project partners, the tools developed through the collab-
oration, and the project chronology.

3.1 The Project Partners
Data Against Feminicide Data Against Feminicide
(DCF) is a South-North participatory action research and de-
sign project that supports the work of activists, human rights
monitors and civil society organizations that produce data on
gender-related violence and its most lethal expression: femi-
cide/feminicide6. Since 2019, DCF has sought to understand
and share the practices, challenges, and strategies of data ac-
tivism against feminicide in different contexts, to foster an
international community of practice around the production
of data on feminicide, and to co-design and develop tech-
nological tools to support data production and social com-
munication about feminicide. Leadership of DCF is transna-
tional and inter-institutional, with core contributors based
in Argentina, the United Kingdom, the United States, and
Uruguay. The DCF network, events, and educational offer-
ings bring together a wider network of partners across Latin
America, North America, Europe, and Africa.

Femicide Count - Kenya Femicide Count - Kenya (FC-
K) is a feminist research, documentation, and prevention ini-

6While there are some key differences in the origins and defini-
tions of these two terms (femicide/feminicide), for the purposes of
this paper we use the terms that our partners use, “feminicide” in
the case of our research partner and “femicide” in the case of our
community partner in Kenya (D’Ignazio 2024).

ID Affiliation Role
A1 Data Against Feminicide Developer
A2 Femicide Count - Kenya Lead developer
A3 Femicide Count - Kenya Co-founder
A4 Data Against Feminicide Co-founder
A5 Femicide Count - Kenya Team member
A6 Data Against Feminicide Collaborator

Table 1: Research Team Composition. A1, A2, ... refer to the
first, second, and subsequent authors, respectively.

tiative established in 2022, building on the project Count-
ing Dead Women Kenya, launched in January 2019. The
project emerged in response to the systemic invisibilisation
of femicide in Kenya, where killings of women and girls are
frequently underreported, misclassified, or framed in ways
that blame victims rather than interrogate perpetrators and
enabling structures. FC-K was founded to address this gap
by generating publicly accessible, survivor-centered data on
femicide in Kenya, while simultaneously challenging the
cultural, legal, and political conditions that allow such vi-
olence to persist.

FC-K employs a mixed-methods, community-anchored
approach that combines longitudinal media monitoring, case
documentation, qualitative analysis, and participatory re-
search. The project counts femicide cases through system-
atic review of print and digital media, analyses broader
patterns of violence, and works with institutions and com-
munity groups to improve response mechanisms. The FC-
K team is interdisciplinary and African- and feminist-led,
grounded in the principle that those most affected by vio-
lence must shape the knowledge produced about it.

The Research Team Our research team consists of team
(co-)leads from both DCF and FC-K, the lead developer
hired as part of the collaboration, and researchers/team
members from both organizations. Roles and author iden-
tifiers are summarized in Table 1. The project also involved
additional contributors, including US-based DCF members
who helped with technical support, former FC-K team mem-
bers, and volunteer translators.

3.2 Supporting the Data Activist Workflow: the
Email Alerts and Data Highlighter Tools
The core development work involved adapting two existing
AI-based tools developed by DCF to the Kenyan/Swahili-
language context. Both tools were initially co-designed with
activist organizations monitoring feminicide in primarily
Latin American and US-based contexts to support their data
collection processes. Below, we describe each tool and the
development work required to adapt them for FC-K’s con-
text.

Data Against Feminicide Email Alerts Email Alerts is a
digital tool that delivers relevant news articles (i.e., about
feminicide in a particular region) to activists monitoring
feminicide or other forms of gendered or racialized violence
in a particular context. The tool first fetches articles from a
global, open-source media collection platform using tailored
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queries, then filters them using a machine learning model
trained to predict relevance for a specific geographic region,
language, and/or type of violence.

To train a new Swahili model for the Kenyan context, A2
(with support from A1 and A5) collected and annotated 515
articles from Kenyan and Tanzanian Swahili news sources,
using FC-K’s definition of femicide as a guide. The final
dataset was evenly split between femicide and non-femicide
articles. Model development was led by A2, with the support
of A1 and A6. The model was trained using code adapted
from DCF’s codebase, which combined a pre-trained em-
bedding model with a logistic regression classifier. With
P@20=0.89, AUC=0.87, FPR=0.21, and FNR=0.16 on 5-
fold cross-validation, the classifier was deployed to the
Email Alerts platform and monitored by the FC-K team for
2 weeks.

Data Against Feminicide Highlighter Data Highlighter
is a Chrome extension that automatically detects names,
locations, dates, and custom-defined terms of interest in a
news article to support information extraction. Data High-
lighter also allows activists to link spreadsheets of collected
articles to streamline data collection.

Prior to this work, the Data Highlighter relied on spaCy
models for named entity recognition (NER) in English,
Spanish, and Portuguese. Since SpaCy does not sup-
port Swahili, A2 and A1 explored and tested alterna-
tive NER models, ultimately incorporating a pretrained
XLM-RoBERTa model finetuned on the MasakhaNER
dataset, which includes named entities annotated by
Masakhane for 10 African languages (Adelani et al. 2021).
The tool was deployed to the Chrome Web Store and tested
by the FC-K team on sample Swahili articles.

The user interfaces for both tools were translated into
Swahili. Translations were co-developed by A2 and A1, with
assistance from native speakers. Swahili versions of both
tools were launched at a broader community event organized
by DCF, and FC-K presented them at a feminist AI confer-
ence in Nairobi, Kenya.

3.3 Project Chronology and Main Phases
Establishing the Partnership. The collaboration began with
DCF’s initial outreach to FC-K in 2021, followed by a sec-
ond round of discussions in the summer of 2024 and project
kickoff in the fall of 2024 after DCF secured funding and as-
signed internal points of contact for the project. The collab-
oration stemmed from FC-K’s interest in adapting the tools
previously developed by DCF to support their work in the
African context (with a particular focus on Swahili-language
data). DCF secured grant funds from its affiliated US-based
institution that covered FC-K staff’s estimated time on the
project, from initial project meetings through tool deploy-
ment and evaluation.

Lead Developer Recruitment. Recruitment began by
drafting the interview process and job posting, followed by
cold outreach through DCF and FC-K’s networks to femi-
nist, activist, and women-in-tech spaces across the African
continent. Screening involved an initial interview assess-
ing both experience in AI development and alignment with

FC-K’s mission, conducted jointly by FC-K and DCF team
members. Candidates advancing with FC-K’s approval com-
pleted a coding challenge modeled on expected work for one
of the Swahili tools, followed by a solution walkthrough
interview with DCF interviewers. Finally, the interviewers
deliberated on the candidates’ overall performance to make
their final decision and extend offers.

Lead Developer Onboarding. Once the offer letter was
accepted, we created and shared a statement of work outlin-
ing the project’s expected deliverables, payment rates, and
terms for the candidate to review. We also produced an on-
boarding document, which included the key repository and
documentation resources for A2. Finally, A2 was included
in all-team biweekly meetings, and developer-specific bi-
weekly meetings were established with A2, A1, and A6.

Data Collection and Model Development. The primary
development work extending the Email Alerts and High-
lighter to Swahili happened over the course of February–
August 2025. We extended the timeline to accommodate
finding and collaboratively annotating Swahili-language
news articles for training data. We extended the time-
line to accommodate finding and collaboratively annotat-
ing Swahili-language news articles for training data. Weekly
meetings continued throughout, with code review and co-
development sessions held both on schedule and as needed.
Throughout the project, A2 was compensated at a rate of
$50/hr using funding allocated by A4 and A6.

Results Dissemination. We launched the Swahili Email
Alerts and Data Highlighter tools at a community event
hosted by DCF, then A2 and A3 presented the project as a
keynote at the Gendering AI Conference in Nairobi, Kenya.

4 Methods
We aim to use reflexivity as an intentional feminist prac-
tice that foregrounds researcher subjectivity and relational
dynamics in the research process. Specifically, we use a col-
laborative autoethnography methodology, drawing in partic-
ular from the work of Ciolfi Felice et al. (2025). As part of
the CAE, subsets of the core collaborators participated in
two focus groups, A3 and A2 contributed to dialogic self-
reflections, and we collected project traces for analysis. The
process enabled us to engage in a collaborative, critical ret-
rospective on the project and the extent to which project
design decisions supported or limited justice-oriented aims.
The study did not involve recruiting participants outside the
partnership or collecting sensitive information.

Focus Groups. The initial focus group consisted of a
90-minute Zoom session, facilitated by a volunteer mod-
erator. Participants (A1, A2, A3, A4, A6) summarized and
critically reflected on their involvement in and experiences
throughout the project: recounting its “origin story”, high-
lighting novelties, challenges, lessons learned, and celebra-
tions during its key phases, and speculating about opportu-
nities for regional collaboration. The discussion guide in-
cluded open-ended questions on project initiation, overall
reflections on project successes and challenges, reflections
on collaboration, and potential interventions to foster a liber-
atory, community-based research methodology. The second
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focus group, moderated by A1, was a 60-minute Zoom ses-
sion in which participants A1, A2, and A5 reflected on their
involvement in the project, their experiences participating in
model development, and their impressions of the knowledge
transfer process.

Self-Reflections. An initial review of the focus group tran-
scripts indicated that aspects of the project warranted fur-
ther exploration. Therefore, in addition to the focus groups,
A2 and A3 contributed written self-reflections. The written
reflections raised the FC-K team’s impressions on the use-
fulness of the deployed Swahili tools, the lead developer
recruitment process, transparency in collaboration, and the
project’s role in advancing FC-K’s mission.

Project Artifacts. Reviewing the project artifacts, both
generated during the partnership and inherited from the re-
search partner’s existing infrastructure, provided further in-
sight into how DCF’s organizational and technical infras-
tructure influenced the project’s unfolding. Meeting notes
provided traces of the actors, discussions, and decisions in-
volved in the project; process documents and contracts en-
shrined the partners’ principles and missions in organiza-
tional structures and protocols; and onboarding documents,
setup guides, technical documentation, and code repositories
informed capacity-building and knowledge transfer through-
out the project.

Analysis. In autoethnography, data generation and anal-
ysis/interpretation may overlap (Chang, Ngunjiri, and Her-
nandez 2016; Ciolfi Felice et al. 2025). For example, we
discussed salient points of convergence and tension during
the focus group, forming an initial set of ideas about key
themes. A1 subsequently conducted a round of close read-
ing and open coding of the focus group transcripts and self-
reflections, supported by relevant project traces. A1, A2, A3,
and A6 discussed and iterated on emergent themes, which
were further solidified and articulated during the writing of
the narrative.

Limitations Our reflexive assessment process was not
without limitations. First, while we created multiple av-
enues for participants to share their honest opinions about
the project, underlying power dynamics within the team
(e.g., A2’s funding originating from DCF) may still have
influenced how these views were expressed. Second, the
CAE process was conducted after tool deployments. Embed-
ding reflections throughout development could have yielded
actionable insights in real time. Finally, incorporating a
broader range of perspectives from collaborators beyond the
core research team—such as FC-K’s affiliated translators or
maintainers of DCF’s technical infrastructure—might have
further enriched our insights.

5 Findings
Research-community collaborations often operate within
structures that limit shared power and ownership. While
we could not entirely escape these constraints, we actively
worked to challenge them, particularly in the technical do-
main. In this section, we draw on the guiding principles
of Data Feminism (DF) and African Data Ethics (ADE)
to frame and contextualize this effort, and we evaluate the

project’s “success” through reflexivity and the CAE process.
Our analysis focuses on three interrelated dimensions: the
specific steps we took that instantiated principles from DF
and ADE; the barriers we faced in pursuing justice-oriented
AI and how we navigated them as a team; and the ways
in which our goals were problematized or reshaped through
practice. Throughout, we foreground the process of technol-
ogy production alongside its outcomes.

5.1 Setting the Project Foundations
Project Initiation Recognizing at the outset the need for
this project to extend the Femicide Count - Kenya’s control
and agency into the technical domain signaled a departure
from the normative, colonial mode of partnership and built
trust for our cooperation. By the time the partnership began,
Data Against Feminicide had been in its fifth year of co-
designing AI tools with human rights organizations across
the Americas. This extensive experience informed its view
of centrality and the concentration of resources by a single
party. Notes the DCF co-founder:

We’re making tools for activists who are largely in
Latin America, but then all of our servers and all the
technical expertise are still centered with us. And so
this was our experiment with trying to think about that
and think about, well, how do we not just centralize.
That feels like a very colonial dynamic, so how do we
decentralize the server infrastructure [and] the tech-
nical know-how? (A4).

These centralized structures and the power imbalances
they reflect speak to a colonial dynamic predicated on ex-
traction and exploitation. The FC-K co-researchers, acutely
aware of this history, contrasted their experience at the ini-
tiation of this partnership with initial conversations with a
different prospective technical partner:

[The other prospective partner] doesn’t talk to us any-
more, but what they’d wanted was to question: how do
you know that the data you are collecting is correct?
How do you know that what you are doing is what is
supposed to be done? (A3)

Subverting those normative expectations for our partner-
ship reflected a continued desire to enact the principles fo-
cused on Challenging Power within the DF and ADE frame-
works. Where DF calls for naming and challenging power
differentials at the source, ADE introduces the colonial lens,
highlighting the distinct dynamics that arise in a partnership
between Kenya-based and US-based organizations. How-
ever, some structural features of the project still reproduced
centralization and surfaced power imbalances. For example,
securing funding was a precondition for initiating a partner-
ship, and the research partner’s capacity to finance and allo-
cate resources, constrained by the funding agenda, created a
clear impediment to dismantling colonial power. When our
timeline stretched due to developer recruitment and collab-
orative data annotation, A4’s funding source ran out; con-
tinuing the project relied on A6 reallocating funding from
another source so we could continue compensating A2 for
her work. Institutional bureaucracy further exacerbated this,
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imposing administrative burdens on the community organi-
zation (e.g., leading to delayed payments) and revealing en-
during inequalities.

We therefore acknowledge that decentralizing technical
expertise was a meaningful step toward dismantling power
asymmetries, and naming it explicitly within the partner-
ship gave it additional weight. Yet, this effort still unfolded
against the persistent backdrop of colonial infrastructures
and practices that continue to shape research-community
collaborations (Leslie et al. 2022). True equity-based col-
laboration extends beyond the objectives and dispositions of
individual collaborators; it requires funding structures that
are distributed among, and accountable to, the communities
whose interests the project serves.

Designing and Carrying out Developer Recruitment A
defining feature of our project was recruiting a developer
from FC-K’s context. Designing and conducting developer
recruitment enabled us to prioritize Afrocentrism, create
new structural resources, and exemplify horizontal gover-
nance and decision-making. Decisions regarding recruit-
ment networks, job-posting language, and interview struc-
ture were informed by FC-K’s stated core values. Recruit-
ment was explicitly Afrocentric, with a strong preference
for women candidates, targeting African Women’s tech net-
works in addition to FC-K’s network. The FC-K co-founders
were instrumental in shaping the process by participating in
the non-technical interview round, reviewing job postings
and interview materials, and evaluating candidates to ensure
values alignment. This process embodied the ADE principle
For Africans, By Africans under the broader aim to Assert
Data Self-Determination, which calls for “local African data
practitioners [to] lead data science work so its development
is properly situated in the communities in which the tech-
nology will be deployed” (Barrett et al. 2025). Giving the
developer recruitment process the care it required, however,
extended the project timeline far beyond what we had antic-
ipated, and in ways that required us to adjust later project
stages:

When I look back at the original timeline that I had
proposed. [. . . ] I think I wrote in 2 weeks for us to find
somebody, and that was so unrealistic. It was actually
more like 4 months or something (A4).

In hindsight, this delay was not surprising; many
community-research collaborations struggle to function un-
der tight timelines (Cooper et al. 2022). At the time, though,
we had underestimated what the process would demand.

Our different positionalities as co-researchers also re-
vealed the limits of some of our perspectives, shaping
how we engaged with this principle. The DCF-affiliated re-
searchers came from diverse cultural backgrounds (A1 is
Haitian; A4 and A6 are American with lived experiences
and family origins in Latin America and India, respectively),
yet were all trained and operated within US-based private
university systems. Those of us affiliated with FC-K, by
contrast, were embedded in East Africa: A2 is Ugandan
and worked from Uganda, A3 is Kenyan and worked from
Kenya, and A5, who had joined FC-K while in Kenya, is
Kenyan and collaborated from the US. In particular, A2, our

lead developer, shared a strong interest in FC-K’s values but
had limited proficiency in Swahili. This situation confronted
the DCF side of our team with the particularities of Africa’s
ethnic, linguistic, and cultural diversity—a reality the FC-K
partners already knew intimately. It pushed us from DCF to
examine what “local context” meant for this project, and to
ask: did East African regional proximity constitute sufficient
local context? Did the lead developer need to be Kenyan,
or more specifically, from Kenya’s Coast Province? Rather
than a fixed category, “local” emerged as layered and rela-
tional. Regional proximity fostered situated knowledge and
trust among the FC-K members, but limited linguistic prox-
imity constrained A2’s direct engagement, requiring medi-
ation by volunteer translators. Those of us in DCF had not
anticipated this need. Centering FC-K’s values and vision re-
flected our team’s justice commitments, but it also surfaced
real tensions in a collaboration between a non-Kenyan devel-
oper and a Kenyan partner. Had DCF been based at a Ugan-
dan or Kenyan institution, questions of recruitment timeline
and geographic scope might have been defined more pre-
cisely from the start.

5.2 Collaboration and the Development Process
Making Time Across Space Geographic and organiza-
tional distance created early coordination challenges, as
is common in decentralized projects. In addressing these,
we established shared secure communication channels and
consistent team meetings to prioritize transparency, open
communication, and horizontal collaboration throughout the
project. Beyond information sharing, this allowed us to
find our team rhythm and cultivate trust. Through Sig-
nal groups, biweekly developer and all-team meetings, we
shared progress updates, discussed impediments, requested
feedback, and collectively made decisions that shaped the
project’s direction. FC-K’s team leader summarizes:

Sometimes our work, our research, is taken away from
us, or it is taken advantage of all the time but we got
into such a good rhythm, we managed to work really
well and to work like partners instead of working,
[. . . ] how organizations work when you’re working
with organizations from the Global North (A3).

Despite the time difference (necessitating early morning
meetings for some researchers) and changes to FC-K’s team
configuration over the duration of the project, our commit-
ment to commonly implemented structures of collaboration
anchored our partnership (Drahota et al. 2016), and helped
us fully instantiate the ADE principle to Ground Design in
Community-Engaged Consensus.

Centering Capacity-Building, and Meeting Uncertainty
with Flexibility We recognized that this work would ne-
cessitate bidirectional knowledge exchange, so we antici-
pated and planned for these moments while remaining open
to spontaneous learning opportunities. Our approach began
with structured onboarding: we provided the A2 with a guide
(including technical documentation, application user guides,
and points of contact), and organized team meetings. We
then encouraged A2 to share her acquired system knowledge
with the broader FC-K team.
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In reality, knowledge exchange happened continuously
through impromptu coding sessions, collaborator meetings,
and both group and direct messages. These exchanges in-
cluded system walkthroughs and debugging sessions led by
DCF’s dedicated application maintainers, as well as peer
coding sessions among the Swahili model development team
members. Knowledge transfer occurred between organiza-
tions, with A2 serving as a key bridge: DCF researchers
shared technical support, while FC-K researchers provided
domain knowledge crucial for data collection and annota-
tion. Data annotation in particular became a relational and
collaborative process, reflecting DF’s call to Embrace Plu-
ralism rather than impose a universal or predefined annota-
tion scheme. As A2 recounts:

[Knowledge sharing] really went both ways, because
prior to joining the team, I had maybe third-hand
[knowledge of femicide] [. . . ] I knew of the femicide
crisis that was happening, at least locally where I
was, and within the context of East Africa. But I didn’t
know how to define femicide. [During data annota-
tion] I had to learn what is a mark of femicide, what
isn’t a marker, and that was a bit of a process where I
had to speak to [A3] and [A5], and they sort of gave
me a benchmark to look at and say, this article is an
instance of femicide, this article isn’t, and there were
definitely a lot of grey areas, so I’d have to say, hi, do
you think this is an instance of femicide. And it was a
whole learning process (A2).

Leading the data collection and annotation process re-
quired A2 to learn FC-K’s methods and transfer that knowl-
edge to the DCF researchers. In the process, we gained
not only practical skills but also empathy for the emotion-
ally and mentally demanding work of reading stories about
women and girls whose lives have been tragically scarred or
ended by violence: all of us annotators (A1, A2, and A5),
despite expressing a similar heightened awareness of cases
of gender-based violence in our respective home countries,
shared different emotional responses, reporting feelings of
“numbness” and “hopelessness” at the alarming and tragic
state of gender-based violence in Kenya. Still, this offered
us a renewed appreciation for FC-K’s work. The collabo-
rative nature of the data collection process, built on mutual
learning and a shared solidarity around the problem of femi-
cide, supported the DF principle to Elevate Emotion and
Embodiment, which recognizes that “this form of collective,
community-engaged, intentionally emotion-laden work can
also remind us of our interdependence, a key idea from dis-
ability studies that emphasizes how we rely on each other,
and our actions can have consequences on others” (Klein
and D’Ignazio 2024).

Recognizing Dependencies and Overcoming Bottlenecks
Completing this project successfully required “a village.”
Beyond the core design and development team, we relied
on system maintainers and volunteer translators. This high-
lights an important reality: successful university-community
partnerships often demand more than core research teams
alone can provide. Universities and community organiza-
tions frequently have shifting structures and members jug-

gling multiple commitments, which means projects typically
require additional consultation, volunteer support, feedback,
and resources. Recognizing the value of resources and pro-
cesses inherited, reused, or repurposed by either partner can
help us identify opportunities to revise, refine, and extend
them for current or future partnerships. By identifying what
can be reproduced and what enables decentralization, while
resisting the urge to apply these elements uniformly across
all projects, we can better distinguish between useful tem-
plates and rigid boilerplate approaches. Equally present in
our work, and highlighted in the Project Initiation section
(5.1.1), were reminders of FC-K’s dependence on DCF. The
Email Alerts and Data Highlighter application infrastruc-
ture is hosted on DCF’s servers, and access to the systems’
APIs and codebases is restricted to DCF’s team members.
Within DCF, a small group of developers holds key tech-
nical knowledge and system permissions. While such access
control ensures efficiency (e.g., load balancing) and security,
it also creates bottlenecks. More significantly, it centralizes
key technical components, establishing a publish-subscribe
(pub-sub) dynamic rather than a peer-to-peer relationship.
A1 remarked:

[Often] our development kind of depended on [the
system maintainers] to look into something, or give us
access to something. There are some pieces there that
slowed down development just a little bit, [. . . ] but
they were also very available, and open to my ques-
tions. I would say that was a nice highlight to be able
to learn the system through these people (A1).

However, we reflected that dependence in and of it-
self does not necessarily undermine the ADE principle of
challenging colonial power. There is a fine line between
sovereignty and the burden of full ownership or responsibil-
ity. We found that the trust we built between DCF and FC-
K allowed FC-K to benefit from the system’s value without
bearing the costs of ownership and operation. Because we
operated from a norm of making decisions together, FC-K
felt comfortable with DCF maintaining the system’s techni-
cal infrastructure. At the same time, this dynamic stops short
of meeting the ADE principle to Invest in Physical & Or-
ganizational Infrastructures. Shifting material infrastructure
without imposing an undue maintenance burden on FC-K,
however, would require significant investment in local sup-
port and funding beyond a single, part-time developer.

5.3 Assessing and Disseminating Project Results
Possibilities for Improvement Reflecting on knowledge
sharing and project execution, FC-K team members iden-
tified areas for process improvement. These included high-
lighting and describing key infrastructure components in the
onboarding documentation and formalizing the mentorship
and knowledge-transfer process from the hired developer
(A2) to FC-K by dedicating specific time for skills trans-
fer. Responding to what she would have liked to know prior
to her engagement in the project, A5 said:

The knowledge sharing on my end was kind of more
of, like, ‘I didn’t know what I didn’t know’ until I had
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to find out. I came to learn about the goals of the en-
tire partnership [..] a couple of months into the part-
nership. So maybe just, like, being aware of it, know-
ing this is what we are working towards (A5).

In a similar vein, A2 recommended that documentation be
provided highlighting the system’s key infrastructure com-
ponents, on which the Swahili tools would be built. Both im-
pressions reveal tensions in applying the ADE principle of
grounding design in community-engaged consensus, high-
lighting the need to allocate time, space, and resources to
continuously communicate the development project’s pro-
cess and impact to any project newcomers, particularly when
they may be geographically and institutionally separated
from the research team.

A2 and A5 also proposed extensions of the Swahili tools,
ranging from localized datasets to train the NER model and
classifier for different Swahili-speaking regions, to a multi-
class variant of the Email Alerts model to capture more
context-specific variants of femicide in Kenya (e.g., child
or elderly victims, or those connected to “suspicions of
witchcraft”). When asked about the current and future use-
fulness of the Swahili tools, the A3 describes:

I will find the Swahili tools most useful when they are
adopted beyond Kenya and utilized by other Swahili-
speaking African countries to document and ana-
lyze femicide systematically. Their real value lies in
enabling cross-country learning, comparability, and
collective accountability across the region. (A3)

These ideas highlight how the FC-K’s team involvement in
technology development enabled them to exercise agency
over the project’s future. In line with the DF principle to
Consider Context, the proposed future directions were situ-
ated in the Kenyan context and FC-K’s objectives.

Celebrating Achievements and Communicating Impact
After deploying the tools, we deliberately sought to share
our work beyond academic settings. First, A1 and A2 pre-
sented at a broad community event held by DCF to a global
audience of activists engaged in similar counterdata collec-
tion work. Second, A2 and A3 presented the project as a
keynote talk at the Gendering AI Conference in Nairobi,
Kenya. We found that the latter gathering in particular sup-
ported FC-K in gaining exposure, articulating the project on
its own terms, and building new connections. These relation-
ships laid the groundwork for new partnerships and oppor-
tunities for regional coalition-building. Notably, since com-
municating about the project regionally, FC-K has secured
additional funding to continue its research mission. Finally,
in addition to our academic conference article, we plan to
publish for a general audience. Led by the community part-
ner, this article will focus explicitly on the tool’s impact on
advancing the partner’s objectives and vision.

Reflecting on the project’s impact on her organization, A3
writes:

The project has clarified the importance of aca-
demic–movement partnerships in strengthening re-
gional collaboration. While I have long been inter-
ested in working with universities in Kenya, this work

made visible both the gaps in access and the pos-
sibilities that emerge when feminist, community-led
research is taken seriously as knowledge produc-
tion. Engaging in this project has opened new path-
ways to think about collaboration beyond informal
networks and towards more structured partnerships
with academic institutions. It has also highlighted
the potential for [FC-K] to act as a pioneer in re-
gional feminist data production on femicide, particu-
larly within Swahili-speaking contexts. [. . . ] Looking
ahead, [FC-K] is intentionally strengthening its re-
search and writing capacity and preparing to share
its work more widely. In 2026, we will be collabo-
rating with a technical university in Kenya, engag-
ing students in feminist research practices and knowl-
edge translation. These steps position the project as a
bridge between community knowledge, academic in-
quiry, and regional feminist collaboration. (A3)

6 Discussion
As our project wrapped up, we found ourselves asking:
“Was the project successful?”, a question many similar ef-
forts likely face. The mainstream, outcome-based approach
to quality assessment would lead us to answer “yes”, since
both tools were successfully deployed and performing well.
To evaluate the project against its justice-oriented goals,
however, requires going beyond standard performance met-
rics, and results in a more nuanced answer. We explored
reflexive practice as a method for evaluating not only the
project’s outcomes but also its process. Collaborative au-
toethnography foregrounded our experiences and relation-
ships, creating space to reflect on enduring challenges and
tensions that are typically left out of published results. At-
tending to these dimensions helped us understand how the
project advanced justice practices and where it fell short:
the ways in which it did and did not share ownership; the
ways in which it built relationships and trust; and the ways
in which it supported the community partner’s ability to pur-
sue their mission.

We now turn to the broader lessons and strategic inter-
ventions to navigate structural barriers that can benefit other
AI-driven and justice-oriented projects. We argue that more
systematically embedding reflexive practices into evaluation
toolkits can advance the field of participatory AI by: (1) el-
evating processes and relationships as central to project suc-
cess; (2) making visible the structural barriers to justice-
oriented work and the strategies for addressing them; and
(3) fostering accountability by interrogating how participa-
tory commitments were enacted and sustained throughout a
project.

6.1 Relationality as a Foundation
A throughline in our project was relationality: honoring “in-
terdependence, relationships, and connectedness” (Birhane
2021). The notion of relationality is central to many Indige-
nous and Black feminist epistemologies (Collins 2022; Ty-
nan 2021), which highlight how it supports mutuality and the
richness of diverse lived experiences. Relationality formed
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the foundation for our project, shaping how responsibility,
authority, and decision-making were distributed, and help-
ing to advance DF and ADE principles, including Chal-
lenging Power, Elevating Emotion and Embodiment, and
Grounding Design in Community-Engaged Consensus. For
example, we found that bringing local technical talent into
the project was a key way to support FC-K’s ownership of
the project: A2 added a situated technical perspective along-
side FC-K’s input and became a potential future techni-
cal collaborator with FC-K on its own projects. These im-
pacts stemmed from trusting relationships and team mem-
bers’ mutual accountability. Relationality extended beyond
the immediate team as well: presenting at regional venues
and organizing public gatherings enabled FC-K to build vis-
ibility and new relationships grounded in their local commu-
nity, seeding future work towards their mission that extends
beyond the project’s formal scope. Our findings highlight
how relationality as a foundational commitment can shift
the underlying structure of a partnership, redistributing au-
thority and responsibility in ways that challenge extractive
models of participation.

6.2 The Many Forms of (and Barriers to) Shared
Ownership
From its initiation, our project aimed to share “ownership”
across the team, though we found our reflection surfaced di-
verse ideas of what ownership means and how it manifests in
practice. Shared ownership over decision-making emerged
from a foundation of trusted relationships, taking place in
meetings, communication channels, and concrete procedu-
ral steps: for example, DCF and FC-K team members co-
led the developer interviews, and only candidates that FC-K
felt were aligned with their mission continued to the techni-
cal assessment round. Ownership over the narrative of the
project was also important, with FC-K team members pre-
senting the work on their own or with DCF team members
(including as co-authors on this paper).

Still, we found that structural barriers limited the extent
to which we could share ownership over material resources
and technical infrastructure, such as servers hosting data
and tools. FC-K, for instance, does not currently have the
capacity or technical staff to maintain its own server, while
DCF does—and it is not clear that developing this capacity is
of core interest to FC-K’s mission. Given this dynamic, we
found that transparency (e.g., technical and organizational
documentation, open access to the system) served as a key
way to still share technical ownership with the local devel-
oper (A2), and we raise the importance of maintaining doc-
umentation that makes tacit technical knowledge explicit.

Ultimately, while DCF owning technical infrastructure
was convenient and reduced the burden of full ownership
and maintenance for FC-K, we recognize the colonial dy-
namic that remains. The very nature of the USA-Kenya part-
nership makes it challenging—if not impossible—to fully
overcome this dynamic, and to fully realize the ADE princi-
ples to Assert Data Self-Determination and Invest in Local
Data Institutions & Infrastructures. As the project wrapped
up, though, FC-K formed a new partnership and acquired
funding with a technical university in Kenya that stemmed

from relationships built while sharing the Swahili tools. Per-
haps, then, the role of the current partnership is as an imper-
fect bridge, providing the catalyst and foundation for FC-K
to independently build relationships and local technical ca-
pacity.

6.3 Assessment and Accountability

As we reflect on assessment, we also raise concerns about
project sustainability and long-term community benefit.
While researchers typically recognize the short-term bene-
fits of research and technology projects (e.g., research in-
sights, publications, novel datasets), communities often rely
on delayed benefits (e.g., improved community outcomes
over time). How, then, can we ensure that the projects yield
sustained benefits for the community? Beyond critical re-
flexivity, we raise a provocation for future work to define
measures of mutual project benefit and mechanisms for
monitoring them. Much like Machine Learning Operations
(MLOps) provides infrastructure for continuous monitoring
of machine learning systems, could a “Community Bene-
fit Operations” framework provide infrastructure for mea-
suring community value, equity, and social impact? Future
work could explore what measures of success might be (e.g.,
the extent to which community partners use a developed
system, establish new relationships, or build local technical
capacity), how to measure them (e.g., through community
feedback mechanisms or audits), and what infrastructure is
needed to ensure that feedback is traceable and actionable.
More generally, what would it look like for assessments of
community benefit to be conducted with as much rigor and
care as those of AI systems themselves? Of course, measure-
ment alone should not be treated as a replacement for crit-
ical reflexivity, a way to flatten community experiences, or
a means to reinforce technosolutionism. Rather, we identify
the need for a wide-ranging evaluation toolkit to support the
research community to better “question and challenge the
consequences of the work we put into the world” (Keyes,
Hoy, and Drouhard 2019).

7 Conclusion

We describe a justice-oriented research-community part-
nership between Data Against Feminicide and Femicide
Count - Kenya, a Kenyan-based activist organization fo-
cused on monitoring and combating femicide. Our work in-
volved adapting two AI-based tools to the Kenyan/Swahili-
language context, embedding situated technical capacity-
building within the project by hiring a local developer to
lead the effort. Using collaborative autoethnography, we re-
flect on the project, examining the barriers we faced, how
we navigated them as a team, and how ownership and con-
trol were meaningfully shared. We contribute to a growing
body of work on justice-oriented AI, distilling key strategies,
such as the more systematic integration of reflexive practice
into researchers’ evaluation toolkits, to advance these efforts
in practice.
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