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Language AI risks deepening global inequities, particularly for speakers of under-served and marginalized languages. Although 
participatory and community-centered approaches have been proposed across several disciplines, the guidance remains scattered and 
difficult to apply in a systematic way. This paper integrates insights from Natural Language Processing, Human-Computer Interaction, 
international development, and participatory research to propose a unified roadmap for equitable Language AI. We outline five core 
principles—centering community needs, supporting local capacity, ensuring sustainability, promoting transparency and fairness, and 
embedding continuous reflection—and translate them into a practical five-stage process that covers planning, fieldwork, development, 
deployment, and long-term maintenance. By drawing these elements into a clear and actionable structure, the roadmap provides concrete 
guidance for researchers and developers seeking to build Language AI that is contextually grounded, collaboratively shaped, and globally 
inclusive. 
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1 INTRODUCTION 

Language AI refers to a wide range of technologies - from machine translation to Large Language Models (LLMs) - that 
rely on Natural Language Processing (NLP), speech technologies, and related methods. These technologies now underpin 
many everyday applications that help people communicate, learn, and access information. Yet their benefits remain 
unevenly distributed: current Language AI disproportionately serves dominant, well-resourced languages and 
communities, leaving many linguistic groups globally underrepresented and reinforcing existing social inequities. In this 
paper, we introduce a participatory roadmap that brings together insights across disciplines to enable the development of 
Language AI that is globally equitable, accountable, and responsive to the needs and priorities of diverse communities. 

The need for such an approach is increasingly recognized across the field. A growing body of work calls for Language 
AI that distributes benefits more fairly, better reflects real-world needs, and supports a wider range of languages and 
cultural contexts. For example, recent works highlight the opportunities for inclusive AI development [20, 44], make 
recommendations for socially responsible language data collection [62], and give suggestions for engaging with Indigenous 
communities [13, 21]. More structured approaches include frameworks for decolonial pathways in Human Computer 
Interaction (HCI) [5] and community-based [55] and participatory design-inspired NLP [16]. What has been missing is an 
overarching framework that integrates these insights into a unified approach that enables developers, organizations, 
policymakers, and communities to collaborate in ways that center the needs and priorities of intended users throughout the 
development of Language AI. 

Centering the needs of the community and intended users in developing Language AI can have multiple benefits: (1) it 
can promote more equitable distribution of the benefits that language technology can bring, and serve the people whose 
needs and experiences might be overlooked in mainstream Language AI development (such as speakers of smaller non-
dominant languages), contributing to increasing equality as a whole; (2) engaging the communities in the development 
process can boost the sense of ownership and empower people; (3) grounding the technology in local needs and contexts 
can increase its usability and help bridge the applicability gap.  

These benefits can produce positive outcomes for many stakeholders. Participatory and inclusive approaches can 
increase the availability of accessible Language AI tools in users’ native languages that are easy to use, responsive to real-
world needs, culturally appropriate, and capable of capturing linguistic nuance. Such tools can help address challenges in 
areas like healthcare and education, benefitting individuals, governments, businesses, and those developing Language AI. 
Greater applicability can also expand reach and adoption of Language AI tools, strengthening economic value and creating 
business incentives for participatory practices. Human-centered and collaborative methods can deepen understanding of 
community needs and values, thereby increasing trust in decision-making - an outcome particularly valuable for 
governments and policymakers. Additionally, close engagement with local experts and intended users can reduce 
duplicated efforts across research teams and enable the creation of technology with greater real-world impact.  

Although incentives to adopt participatory methods vary across stakeholder groups, and such approaches may not 
always align with short-term interests, it is essential to design systems in which all groups have clear reasons to participate. 
Advancing equity in Language AI requires contributions from all stakeholders, and a more equitable landscape strengthens 
the ecosystem for everyone. Centering communities therefore benefits all stakeholders. 

Our roadmap is motivated by a central research question: How can Language AI be designed and implemented in an 
equitable way? By equitable, we refer to approaches that seek to meet the needs of everyone, including under-served 
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populations. To understand how equitable Language AI can be developed in practice, we reviewed literature from a range 
of disciplines - including HCI, NLP, and the social sciences - that address stakeholder engagement, fieldwork, and the 
practicalities of technology development, deployment, and maintenance. Although many researchers have noted the gap 
between Language AI’s potential and its real-world usefulness, existing recommendations and best practices remain 
dispersed across fields and therefore often fragmented. We bring these insights together and introduce a roadmap that 
offers a holistic approach, supporting stakeholders through five stages: (1) planning, (2) fieldwork, (3) technology 
development, (4) deployment, and (5) maintenance. 

This roadmap can help teams identify and plan for the key moments in a multi-step Language AI development process. 
Because specific needs vary across projects—and because the boundaries between stages are often fluid—it is intended to 
be used flexibly, prompting reflection on which activities are most appropriate at each point. In doing so, the roadmap 
supports our broader goal of fostering greater equity and enhancing the societal usefulness of Language AI.  Beyond 
offering recommendations, we aim to contribute to shaping an ecosystem where the individual incentives of technology 
creators, mediators, and regulators pull in the same direction as the needs of users. 

The outline of the paper is as follows: in Section 2 we share background literature on participatory development, placing 
our roadmap into wider context; Section 3 details the methodology we used to develop the roadmap; Section 4 presents 
COACT – A Community-centered, Participatory and Actionable Roadmap for Equitable Language AI and explains it in 
relation to the literature upon which it is built; Section 5 concludes the paper. Team positionality is addressed at the end of 
the paper. 

2 BACKGROUND 

Diverse disciplines have long examined equity and participation in social sciences and technology, offering insights 
relevant to equitable Language AI development. Participatory approaches to development, popularized in the 1980s-1990s, 
sought to empower disadvantaged groups by tailoring interventions to people’s needs, culture, and aspirations, and 
countering top-down decision-making [18, 23, 37]. In computer-based interactive system design, an international standard 
under review at the time of writing [33], highlights the following benefits of human-centered and participatory methods: 
“Increasing the productivity of users and the operational efficiency of organizations; Being easier to understand and use, 
thus reducing training and support costs; Increasing usability (effectiveness, efficiency and satisfaction); Increasing 
accessibility (for people from a population with the widest range of user needs, characteristics and capabilities); Improving 
user experience; Reducing discomfort and stress; Providing a competitive advantage, for example by improving brand 
image; Contributing towards sustainability objectives” [33, p.5]. 

Anthropology and ethnography have greatly contributed to shaping participatory methods, emphasizing the knowledge 
of the communities and people’s lived experiences, treating participants as co-experts and involving them in decision-
making throughout the research process, the importance of in-depth engagement with the community and local context, 
building relationships, and co-designing interventions grounded in real world needs. These practices have informed the 
theoretical foundations and guided the practical approaches used in participatory research today. 

Participation can come in many forms, as characterized by the ladder of participation [6]. In this ladder, the lowest 
rungs represent non-participation, such as manipulation and therapy; the middle rungs describe the more superficial and 
tokenistic forms of participation, such as informing, consultation and placation; the higher and more desirable rungs are 
partnership, delegated power and citizen control. Most participatory AI projects still “inform or consult, rather than partner 
with or delegate control to participants” [22]. This illustrates that meaningful participation can be slow and costly [46, 56], 
potentially leading to the use of more superficial approaches, which can lead to missed opportunities and the benefits of 
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participation being elusive [23]. For example, participatory work with young people in mental-health technology remains 
mostly short-term, consultative, and consumerist, with mismatched expectations between youth and designers [53]. 

Another challenge to inclusive participation is reaching marginalized communities, often resulting in engagement with 
intermediaries rather than those most affected [17, 19]. Careful consideration of how participation takes place is therefore 
essential from the outset [46, 56]. The design of M-PESA money transfer service operating in Africa illustrates the value 
of broad stakeholder input and locally grounded needs assessment, beginning with workshops in Nairobi (Kenya) and Dar 
es Salaam (Tanzania) engaging banks, micro-finance organizations, microcredit NGOs, telecoms and finance regulators, 
and technology suppliers. One of the project team reflected how “Sitting in a comfortable office in England and deciding 
what Africa needs is an approach doomed to failure.” [32, p.68]. With 51 million customers making $314 billion 
transactions in a year [65], M-PESA is used widely. 

HCI has long stressed designing technology around people’s social and cultural contexts. Recent work provides 
participatory guidelines for NLP, including community involvement in data collection, modelling and evaluation [16], 
culturally grounded frameworks such as METAL [40], and arguments for community-based NLP to address missing 
cultural context [55]. HCI also studies user experience with Language AI tools, examining trust, feedback and adaptability 
[27]. By evaluating tools in real context with qualitative studies and usability tests, HCI research helps identify gaps that 
algorithmic performance metrics overlook. HCI research on language learning and preservation show that early 
engagement with local speakers and prioritizing social and cultural context improves alignment with community needs, 
empowers users and supports wellbeing [1, 12, 41, 57]. 

NLP research has widely discussed representation and inclusion challenges [36, 63]. Recent work also increasingly 
highlights the importance of socially responsible, human-centered data practices [62]. Participatory approaches long used 
in linguistics and language documentation have emphasized collaboration with language communities and explored 
questions of data ownership – topics especially relevant for linguistically sensitive Language AI in underserved contexts. 

Developing equitable Language AI requires integrating insights from all relevant disciplines — from best practices in 
project planning and fieldwork, to data collection and model development, deployment and long-term maintenance. 

3 METHODS 

To develop our roadmap, we first surveyed the state-of-the-art literature in participatory approaches to Language AI 
development. Our particular focus was on key challenges, emerging opportunities, and proposed recommendations. Our 
research question was: How can Language AI be designed and implemented in an equitable and inclusive manner? To this 
end, we draw on interdisciplinary approaches from the NLP and HCI communities, as well as from broader AI research 
and social sciences.  

Our literature search encompassed the following academic databases: Web of Science, ACM Digital Library, Elsevier, 
and Google Scholar, along with major conference proceedings (ACL, EMNLP, NAACL, LREC, FAccT, CHI, NeurIPS). 
This search extended to the fields of NLP, HCI, broader AI research and social sciences, with a focus on participatory and 
responsible methods, decolonizing approaches, and ethics. The survey prioritized literature published between 2020 and 
2025 to include the most recent developments including but not limited to LLMs, while also incorporating foundational 
work prior to 2020 that has significantly influenced current thinking. 

Particular attention was given to including work by authors from the relevant language communities or potential user 
communities, recognizing the critical role of local agency in participatory design. This often required deliberate effort, as 
much of the existing literature in this field is produced by scholars in the Global Minority. We included geographic areas 
of under-served language communities in search terms (Africa, South America, Oceania), focused on authors affiliated 
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with local institutions, and included literature from local conferences and initiatives (such as Deep Learning Indaba, 
AfriCHI, AfricaNLP, SEACrowd, AmericasNLP). While we aimed to prioritize the work and perspectives of authors who 
are familiar with, or embedded in, the context they study or influence, we acknowledge an important limitation: the 
literature search was conducted exclusively in English, and only English-language publications were included in the 
review. This constraint likely restricted the number of contributions from the Global Majority that could be identified and 
incorporated into this study. 

We extracted the recommendations and best practices that addressed the core challenges presented in the reviewed 
articles: (1) the availability and diversity of language data (including underrepresentation of languages, lack of diverse 
annotators and inclusive annotation standards, bias towards English, and economic and academic drive towards rich 
countries and languages); (2) the practical relevance and accessibility of AI applications (including lack of practical and 
real-life grounded applications, reinforcement of structural inequalities); (3) cultural and linguistic sensitivity (including 
cultural abstraction and the expectation to generalize, lack of inclusive evaluation metrics and culturally diverse 
benchmarks, limited inclusion of native speaker knowledge, local perspectives and localized development, treating 
language as data source); (4) ethical and sociopolitical implications (including consent for data collection and ownership, 
lack of actionable pathways to decolonizing, inconsistent government support, uneven distribution of risks and benefits of 
AI to underrepresented communities). We focused on the opportunities and practical advice to tackle these challenges, 
engage stakeholders and develop human-centered Language AI.  

Through the review, we encountered a wide range of recommendations and frameworks that inform our roadmap. While 
significant research has been conducted in this area, our literature survey indicates that existing actionable solutions often 
remain fragmented, highlighting the need for a comprehensive and overarching roadmap that consolidates best practices 
and facilitates the transition of research into practice. This paper responds accordingly by developing A Community-
Centered, Participatory and Actionable Roadmap for Equitable Language AI. Taking an iterative approach, the team have 
worked and reworked the roadmap, drawing upon learnings from the review combined with their own subject expertise 
and experiences. By bringing together perspectives from different disciplines and integrating them into one overarching 
and actionable roadmap, we aim to provide a practical tool to support equitable Language AI development. 

4 COACT - A COMMUNITY-CENTERED, PARTICIPATORY AND ACTIONABLE ROADMAP FOR 
EQUITABLE LANGUAGE AI 

In this section, we present the Community-Centered, Participatory and Actionable Roadmap for Equitable Language AI, 
bringing together recent recommendations and best practices from a variety of perspectives. See Appendices A.1 for the 
overview of the roadmap. In what follows, we present the roadmap and detail key insights from the literature survey which 
underpins it. We introduce five overarching principles that should be applied throughout the development process, after 
which we turn to the sequence of development, consisting of planning, fieldwork, development, deployment, and 
maintenance. Although the roadmap is presented in a linear sequence, it is intended to be applied flexibly to accommodate 
a variety of projects and contexts. The fluidity of stages in AI development and the non-linearity of participatory design in 
language technology development has also been described in previous work [16].  

4.1 Principles 

Five overarching principles that stem from the wider literature and are relevant throughout the entire technology 
development process include: (1) engaging the community and other stakeholders and focusing on their needs; (2) 
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promoting knowledge exchange; (3) prioritizing sustainability and managing benefits and risks; (4) promoting 
transparency, privacy and fairness; and (5) reflecting and documenting throughout the process. 

4.1.1Engage the community and other stakeholders throughout, focusing on their needs and the local context 

The importance of engaging the community and focusing on their needs when developing Language AI has been stressed 
by many researchers [13, 14, 15, 16, 20, 21, 26, 40, 43, 44, 49, 50, 52, 55, 62, 64]. To start, it is useful to discuss the terms 
community and stakeholders, and what is meant by them. 

The apparently uncontentious term community is worth problematizing. Since the 19th century, two distinct meanings 
have been attached to the term community. One referring to “natural local neighborhoods” with a focus on conformity and 
conservatism, and the other as a more progressive and democratic alternative [59]. The term community can be somewhat 
homogenizing given that most groups – be they defined by location, identity or interests – have internal heterogeneity, 
diverse concerns, and their own power structures. To some, community creates an identity, a sense of belonging, and 
depending on language, location, and culture, it can change its meaning. The term community can also influence the way 
people engage with problems and their solutions [47].  

When planning to engage communities, it is important to identify the community and recognize heterogeneity and the 
diverse needs and priorities which may exist. It is also important to remember that the term community can have a different 
meaning to different stakeholder groups. Positioning the community at the center of each project and prioritizing their 
language, culture and needs will challenge the current approaches often centering the Global Minority, creating space for 
new solutions that have not had a chance to emerge thus far [43, 55], and contribute to creating tools that are meaningful 
and practically applicable. 

Stakeholders is a term often used in business, to refer to all those who have “a stake” or an interest, including employees, 
workers in the supply chain, managers, customers and the society in which a business operates [9]. Regarding Language 
AI, stakeholders should be considered for the following non-exhaustive list of actors: the Government (local, regional or 
national), authority figures and gatekeepers (religious or spiritual leaders, elders, community leaders, influencers), those 
who provide the infrastructure and possibly funding for deployment (businesses, government, international organizations), 
experts and possible project partners (NGOs, academics, international organizations), intended users of the new 
technology, and members of the language community. Each project will need to identify its stakeholders. A detailed 
approach to stakeholder identification is described by [60]. 

Stakeholder collaboration can begin with the joint planning of the initiative, continue through shared decision-making 
during the development and deployment stages, and extend to sharing responsibility for maintenance. Adopting an 
inclusive and participatory approach, in which authority over decisions is shared, can foster a sense of ownership [42, 56]. 
The early and sustained involvement of individuals with lived experience, as well as local experts, enhances the relevance 
and contextual appropriateness of the work, increases trust [35], and can help avoid redundancy of efforts [62]. 

4.1.2Prioritize sustainability, maximize benefits and manage risks 

Language AI development should be guided by a thorough and ongoing evaluation of both potential benefits and risks, 
promoting environmental, social, and economic sustainability of the technology. Stakeholder engagement in risk 
assessment could include providing an overview of how NLP models are translated into real-world settings and discussion 
of the potential risks, benefits, and impacts of deployment [55]. Transparent communication is essential for informed 
decision-making and trust. 
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The ethical strategies aimed at promoting socially beneficial AI (outlined by [35]) include aligning AI with human 
values (see [39, 67] for how heterogeneous community values can be incorporated into algorithm design and governance), 
collaborating with those impacted by the technology, advancing scientific knowledge, decentralizing power structures, and 
using influence to promote human rights. Strategies to mitigate potential harms can include establishing clear legal 
accountability, addressing the root causes of harm, encouraging internal reporting of unethical practices (whistleblowing), 
fostering diversity within development teams, and integrating ethics education into formal training programs [35]. 

It is widely recognized that technological development should be balanced with sustainability and energy efficiency, 
with the aim of minimizing ecological impacts and avoiding disproportionate burdens on marginalized communities [10, 
26, 30, 35, 62]. Contemporary Language AI systems can have a significant environmental footprint due to the high energy 
demands of large-scale computational infrastructure [8, 30]. One practical step to mitigate this is to measure and report the 
environmental impact of AI systems, for example, by tracking carbon emissions and energy consumption (see framework 
in [29]), assessing the environmental impact of NLP systems (see overview of tools in [8]), and improving reporting 
practices [58]. Environmental considerations should not be limited to the training phase alone; they should be addressed 
throughout the project lifecycle, including during planning, fieldwork (e.g., travel), deployment, and long-term 
maintenance. The importance of political and social engagement to reduce the carbon footprint of data-driven technologies 
is emphasized by [11]. 

4.1.3Engage in knowledge exchange, support and extend existing projects and AI training 

The value of developing local talent and contributing to ongoing, community-driven AI initiatives is widely acknowledged 
across literature [4, 14, 20, 26, 31, 43, 44, 52, 54, 62]. Local capacity-building strengthens the long-term impact of 
technological interventions and supports more inclusive, contextually grounded AI development [54]. Creating training 
opportunities at local and national levels and expanding existing initiatives can help build this capacity. Involving 
community members throughout the development process - through co-created tutorials, open-access materials, and 
culturally relevant resources - advances equity and inclusion, builds local expertise, and enables the transfer of day-to-day 
management to local teams [20, 43, 55]. These practices encourage knowledge exchange, support skills development 
aligned with local needs, and open pathways for locally driven AI projects, promoting local ownership, empowering those 
who may lack access to formal training, and enhancing the technology’s long-term relevance and sustainability. 

4.1.4Promote transparency, privacy, and fairness 

Transparency, privacy, and fairness are foundational principles to be upheld throughout all stages of Language AI 
development. Early-stage efforts can include raising public awareness of AI technologies, associated rights, and regulatory 
frameworks, and engaging in co-planning, co-design, and shared decision-making with a diverse range of stakeholders - 
particularly those directly impacted by the systems [35, 55]. Responsible development practices encompass transparent 
communication, informed and inclusive data collection, and safeguarding the interests of underrepresented groups when 
needed [44]. This also entails ensuring secure data storage and responsible use.  

Technical mechanisms to protect privacy may include privacy by design, data minimization, and access controls [35]. 
From a regulatory perspective, legal compliance, adherence to AI-specific regulations, and the use of adaptive licensing 
models have been proposed to support ethical deployment [35, 52]. 

Transparency in model development is essential, particularly in identifying and mitigating biases that may compromise 
robustness, especially for underrepresented populations [44]. The use of diverse evaluation metrics that reflect the values 
and needs of affected communities can enhance fairness and utility. Furthermore, deployment should prioritize equitable 
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access and distribution of benefits. Where necessary, additional investment should be directed toward ensuring fairness, 
with a long-term view of societal benefit [44]. 

Finally, we recommend that AI developers actively engage in policy discourse to promote frameworks that support 
equitable outcomes. By centering transparency, privacy, and fairness, the development of Language AI can be more 
trustworthy, inclusive, and responsive to the needs of diverse communities. 

4.1.5Continuously reflect and document the process 

As a final principle, we recommend incorporating ongoing reflection and thorough documentation throughout the 
development of Language AI systems. Engaging in continuous, collaborative reflection with stakeholders enables the 
identification of emerging opportunities and potential shortcomings, allowing developers to adapt to evolving societal 
needs, values, policy contexts, and technological landscapes. Critical evaluation of the intended purposes and impacts of 
the technology, underlying power dynamics, and past practices can foster a more inclusive and pluralistic development 
approach [5, 44]. Integrating "what-if" scenarios during development can contribute to understanding model behavior and 
enhance the fairness of outputs [55]. Meanwhile, systematic documentation not only supports reproducibility and 
transparency, but also facilitates ongoing maintenance and informs future projects. Thus, documentation can contribute to 
the long-term relevance and societal impact of the technology [10, 55]. 

4.2 Planning: understand local context, needs and AI readiness 

When planning the development of Language AI, we recommend identifying and building connections with stakeholders, 
understanding the context in which the technology will be developed, used, and maintained, assessing the current role of 
technology, and obtaining necessary approvals. 

4.2.1Identify and build connections with stakeholders 

Involving a diverse group from the start, including local experts, individuals with lived experience, and those whom the 
technology is intended to serve, supports the development of inclusive solutions that are responsive to local needs, fosters 
trust, broadens perspectives, and contributes to challenging narratives that prioritize Western knowledge systems [66]. This 
stage in participatory Language AI research has been described notably by [13], and is supported by other scholars [43, 
62]. By approaching the project as equal partners, researchers can remain open to learning from the community and 
prioritize their perspectives and needs throughout the process.  

It is necessary to acknowledge how colonial legacies continue to shape structures of advantage and disadvantage around 
the world, operating alongside the capitalist practices which create and reinforce new inequalities. It is in this context that 
more equitable Language AI is needed, yet this context also shapes the possibilities to achieve this. Current work to 
decolonize technology development involves working with non-dominant knowledge systems to reimagine the ideas and 
knowledge upon which our societies, economics and politics are based [24]. However, there is a risk that “the 
decolonization concept … be emptied of its substance and instrumentalized by settler researchers and institutions.” [7, 
p.645]. In terms of these risks, “Indigenous researchers are usually well aware of the risks of entering into research 
relationships, [however] it is often difficult for Settler researchers to fully grasp the depth, breadth, and long-lasting impacts 
of the harm done by research.” [28, p.332]. When engaging stakeholders, including communities, it is important to 
recognize the inequities inherent within our relationships and promote equitable working relationships at every step.  
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4.2.2Understand context: needs, priorities, AI readiness, power dynamics and the role of technology in society  

Thorough research into the context in which the technology will be applied is needed before development begins. Such 
research would examine the stakeholders’ specific needs and priorities [13, 38, 44], helping to identify the broad research 
focus. It is also relevant to assess AI readiness and existing power dynamics that may influence data collection and system 
design [5], and consider how and by whom the technology will be used, recognizing that its impact may vary across 
different communities [5, 44]. This contextual understanding can be developed through engagement with domain experts 
and local stakeholders, including community members and AI practitioners. Complementary desk research should draw 
on statistical data, academic studies, and grey literature to build a comprehensive understanding of the setting. 

4.2.3Assess existing technology and how it could be useful 

Drawing on previous work [13, 14], we recommend that researchers identify existing technologies and datasets before 
developing new tools, and actively support local initiatives wherever possible. Furthermore, it is important to consider 
what communities are already motivated to achieve, how they exercise their agency, and how technology can meaningfully 
enhance and sustain these efforts. 

4.2.4Gain ethics and other approvals to undertake research 

Researchers should ensure that all necessary approvals are secured before commencing development, including ethical 
clearance and any other required authorizations from relevant authorities, such as national ethics committees in both the 
host country and home institution. Local approval for community engagement should be sought to ensure alignment with 
local norms and expectations. When research involves human participants, appropriate documentation must be prepared 
to provide clear information and obtain informed consent in accordance with ethical standards. 

4.3 Fieldwork: learn with and from the community 

The goal of fieldwork stage is reaching a better understanding of local priority needs and the context for which new 
technology is intended. This stage also entails agreeing collaboratively on whether, what and how to develop, and on the 
project timeline, data ownership, and knowledge transfer. Learning with the community involves using participatory or 
co-research approaches to establish more equitable research relationships and a locally relevant research design [56]. 
Learning from the community requires the research team to foreground the knowledge, expertise and preferences of 
stakeholders to allow these to become central influences on the focus, design and uptake of new technologies.  

4.3.1Learn about local culture, economy, environment, and politics, and identify priority needs  

This stage includes building understanding of local cultures and their history, to learn about the values, worldviews and 
traditions [43]. This in itself can be a multi-year undertaking, so we recommend also engaging with the writings of 
anthropologists, novelists and travel writers to learn from them. By better understanding people, their practices and their 
places, the team can learn how to address people appropriately and respectfully when collaborating on culturally 
meaningful tasks [14]. This cultural learning is also relevant for subsequent language-specific steps in this roadmap, as this 
early work builds understanding around the epistemology of language [ibid.]. 

Fieldwork offers an important opportunity to also engage in qualitative and ethnographic research, which complements 
and extends more data-driven approaches [62]. Useful qualitative methods include interviews and focus groups [55], and 
given the internal heterogeneity of communities, it is important to engage with diverse individuals. Such human-centered 
methods can adopt collaborative and participatory approaches [5], contributing to more equitable relationships with 
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stakeholders [56]. Crucially, fieldwork will enable the team to learn important information about the locality, including 
the main matters of concern [14]. To conduct fieldwork, it is valuable - if not essential - to involve local researchers, 
speakers of local languages, and government [43, 45, 46]. 

4.3.2Decide whether to develop a technology and agree on roles and responsibilities 

Findings from focus groups and interviews should be discussed collaboratively with all relevant stakeholders, including 
intended users and decision-makers. Based on these discussions, stakeholders should jointly determine whether and what 
to develop, and identify the types of data required for Language AI development. People with lived experience should have 
an active role in this process, which might involve voting on decisions about data sources [55] or consensus decision 
making. While defining roles and responsibilities before development begins can promote clarity, having fluidity in roles 
can also have its benefits [49]. Reaching an agreement is essential before embarking upon technology development [55]. 

4.3.3Design an approach and timeline and plan how to sustain technology 

Co-design how to approach technology development with stakeholders, including an agreement on the project’s direction 
and discussion on potential outcomes [43]. Establishing a clear timeline and scheduling regular follow-up discussions can 
maintain important engagement with stakeholders throughout subsequent stages [55]. As part of this process, the team can 
plan the long-term sustainability and maintenance of the technology, including financing, so that preparations can be made 
with sufficient time. 

4.3.4Clarify data ownership, use and storage; and transfer of know-how 

It is essential to discuss data ownership transparently with the community and to establish a clear, preferably written, 
agreement before proceeding with Language AI development. This should be prepared in the most suitable language for 
the stakeholders and done in a culturally sensitive and respectful way. A key principle here is that communities should 
have access to data and retain control over their use, supporting communities’ right to self-determination [43]. The types 
of data to be collected, and its intended use and storage should be clearly communicated and mutually agreed [16, 55]. 
This process of enhancing community awareness of how personal data is used can help build trust [35], and care needs to 
be taken to explain this in a way that makes sense to stakeholders. Researchers should also prioritize transfer of knowledge 
and create meaningful learning opportunities and maintain clear agreements ensuring equitable collaboration [13]. 

4.4 Development: develop technology  

Participatory methods throughout the technology development process can support shared decision-making, equitable data 
practices, and the creation of learning opportunities. When working with language data, it is essential to recognize and 
address the complexities and nuances, the cultural, historic, social, and political aspects inherent in language. 

4.4.1Collect data 

Collected language data should be representative, diverse, and inclusive [3, 4, 31, 44, 61, 66]. Data collection, be it 
language or any other type of data, should respect individuals’ privacy, anonymity, rights, consent, and data sovereignty 
[62]. Collaboration with communities, native speakers, linguists, and individuals from diverse demographic backgrounds 
can ensure that data practices are contextually grounded, representative, and ethical [44, 49, 64]. Implementing ethical 
crowdsourcing through the community offers alternative ways of engaging a diverse range of native speakers in the data 
collection process [2]. Employing datasheets for datasets and clear data licensing can support transparency and 
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accountability [44]. Researchers can draw valuable lessons from fields like archival studies, which have long addressed 
consent and privacy considerations [34]. Information about data sources and any potential biases should be shared with the 
community in an open and accessible manner [55]. Above all, the interests of the speech community take precedence over 
viewing a language merely as a data resource [14].  

4.4.2Prepare data 

Data preparation may involve multiple processes. When annotation is required, we recommend adopting inclusive 
annotation standards and involving a diverse group of annotators who are familiar with the cultural and linguistic context 
to minimize potential biases [40, 44], while ensuring that their labor rights are protected [48]. Community members should 
be provided with clear information about the annotation process and its role in Language AI development [55]. Crucially, 
language data should be understood within their social and cultural context, rather than as a technical resource [14, 16, 62]. 

4.4.3Develop technology 

Involving community members in technology development can include providing an overview of different models, 
discussing their strengths and limitation collaboratively, and jointly deciding which model to implement [55]. Discussing 
the goals, expected outcomes, and plans for deployment can ensure the resulting system is usable and relevant [55]. It is 
important to account for multilingual and multicultural nuances in benchmarks and training [44], and develop and use 
models that work effectively on the specific data, considering the amount of available data as well as the linguistic and 
cultural detail and complexities. 

4.4.4Evaluate  

Identifying appropriate and inclusive evaluation metrics that reflect the needs and values of those affected by the 
technology is crucial for a locally relevant form of evaluation [4, 44, 49]. This may include combining human evaluation 
with automated metrics, using culturally and linguistically diverse benchmarks, and applying fairness metrics suited to the 
specific context [44]. 

4.5 Deployment: deploy technology 

Collaborating with stakeholders in technology deployment and dissemination strategy development can maximize success 
by securing varied forms of support from local partners and reaching the intended users, promote local agency and pave 
the way for future local maintenance and governance (if so agreed). 

4.5.1Develop dissemination strategy 

Dissemination strategies might include ways to test and effectively share new technology with the intended users. Some 
elements of a dissemination strategy could include: an early phase involving a pilot roll out and sharing with advocates 
who might help to popularize the new technology; setting up implementation partnerships with stakeholders who could 
support with the physical infrastructure and hardware providers to share technology widely, or perhaps with the backing 
of organizations, such as Government, unions or NGOs to access key individuals or institutions according to the focus.  

Close collaboration with key stakeholders and the user community will be useful for planning the roll-out and any 
associated training. Community members can be involved in discussions about how models will be applied in real-world 
contexts, including potential risks, benefits, and broader social impacts [55]. They may wish to take the lead in 
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disseminating the knowledge gained through the project, supported by the team as required. This can build local capacity, 
ultimately sustaining its benefits over the long term [55].  

4.5.2Make technology available to users, consider piloting first 

Technology should be made accessible for community users to maximize its benefits and ensure that its value is equitably 
distributed [43]. It is also important to recognize and account for the heterogeneity of technology use and users across 
different cultural contexts, as patterns of adoption and impact may vary significantly [5]. A pilot or small-scale deployment 
can be used as a test-run with a willing group; this can be invaluable in identifying and addressing arising challenges, 
resulting in a smoother, larger-scale deployment.  

4.6 Maintenance: sustain technology over time 

The maintenance stage may involve securing necessary financial resources, engaging with policy processes, and regularly 
updating the technology to respond to societal and technical change. It is important to ensure that the technology can be 
sustained and maintained with local agency, feedback, and continued improvements. While users may not wish to have the 
responsibility of maintaining the technology, having the option to do so and technical support available is important for 
the technology’s longevity. Adequate support for community members includes fostering the necessary skills to use, 
maintain, and take ownership of the tools. Leadership roles within this collaborative group can be such that local people 
are empowered to lead plans that secure long-term benefits for their community [55]. Reaching consensus on these plans 
and establishing mechanisms for accountability are essential for upholding commitments to the community [55]. 

4.6.1Secure financial sustainability of technology 

Establish a sustainable funding model that covers ongoing operational costs. Stakeholders might be in a position to fund 
or advocate for investment in AI technologies, especially if the project attends to social needs which fall under the remit 
of the Government [44]. Developing a business model - whether that be based on grant funding, a commercial model, or a 
hybrid - will be enabled if evidence is available to demonstrate the potential long-term social and economic benefits of the 
technology [44]. Any fundraising needs to carefully balance commercial interests with principles of fairness and equity to 
ensure contributing to broader societal good rather than reinforcing existing inequalities [44]. 

4.6.2Contribute to policy debates, respond to changing policy landscape 

Actively engaging with policymakers can enable the team to stay abreast of new policy developments. As policies shift, 
the technology may need to adapt accordingly.  Engaging in policy discussions can also provide a pathway, where 
appropriate, to contribute to government policies and programs seeking to promote equitable AI development [3, 44]. Such 
engagement can involve contributing to the development of regulatory frameworks, sharing research evidence to inform 
policy decisions, and advocating for resource allocation to support marginalized communities. Working collaboratively 
with policymakers, researchers, and practitioners positions the team to contribute to AI governance while respecting 
national-level processes and recognizing when it is appropriate to engage. 

4.6.3Update technology according to changing needs, correct technical problems that arise 

Being attentive to changing social, cultural, and technological contexts will help to keep the new technology relevant and 
useful. This can be achieved either through local management and updates [16], direct community engagement, or by 
maintaining strong relationships with key local contacts. This ongoing engagement enables timely identification of 
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emerging challenges, and raises the possibility of altering the technology in response. In parallel, maintaining a dedicated 
technical team is essential to ensure that adjustments or updates to the technology can be implemented promptly. Together, 
these practices can sustain the relevance, efficacy, and responsiveness of the technology over time, making all the preceding 
steps more worthwhile. 

4.7 Discussion 

We reviewed a wealth of literature on how to build participatory Language AI and synthesized best practices from a variety 
of research fields, including NLP, HCI, AI, and social sciences. While these fields differ in focus, a common conclusion 
emerged: designing equitable Language AI that genuinely benefits communities is greatly enabled by participatory 
methods. Our proposed roadmap, developed based on this literature, is governed by five overarching principles: stakeholder 
engagement; sustainability; knowledge transfer; transparency and fairness; and reflection and documentation. These 
principles are widely acknowledged across the surveyed literature as central to ethical and effective technology design, 
particularly in community-centered and cross-cultural contexts. Moving to the specifics of the roadmap, we present five 
stages of project development. While these are presented in a linear fashion, the roadmap can be flexibly applied to diverse 
projects in varied contexts. Despite this case-specific flexibility, we map out the entire process where the stages 
complement each other, to offer a non-dogmatic tool to guide AI development based on the best practice to date.  

The first stage of the five-stage roadmap is desk-based planning to start to understand the issues, context and key actors, 
and gain ethics approval. This stage involves building trust and relationships between researchers and communities, 
understanding the sociocultural and technological context, and identifying existing tools and initiatives. As one of the main 
challenges of participatory AI development is reaching the marginalized communities, starting to build connections and 
relationships early on is crucial, and sufficient time and resources should be allocated to this process. For example, the 
Masakhane project [49] describes recruiting participants from meetups, universities and local machine learning school, 
making connections through Twitter (now X), press coverage, conference workshops, and research publications. While 
identifying and reaching relevant stakeholders can be time-consuming, it would lay a strong foundation for the next stages. 
Identifying which technology already exists and how it can support the project, and vice versa, is another important step - 
first, it helps to avoid duplication of work, making the process more efficient for AI developers, businesses and research 
labs, and the technology more relevant for the intended users; second, it contributes to the compliance with the principle 
of supporting local initiatives. From the literature that we reviewed, topics relevant to planning stage were most prominent 
in the work on decolonizing technology development, equitable language model design, and HCI, particularly in research 
involving Indigenous and marginalized communities.  

The second stage of the roadmap is fieldwork, including interpersonal interaction with the stakeholders and community 
groups that were identified in the previous stage. This stage emphasizes deeper engagement with local culture, collaborative 
decision-making regarding technology design, and clear agreements on data ownership and knowledge transfer. Fieldwork 
lays the foundation for developing equitable Language AI in the next stage: engaging with local context, culture and 
language can help build culturally and linguistically sensitive Language AI, maximizing community ownership and 
technology uptake; understanding and centering community needs can help build Language AI that is grounded in real 
world needs, increasing its practical relevance and cultural applicability. Fieldwork practices were most often discussed in 
social sciences, ethics, socially responsible NLP and participatory HCI literature.  

The third stage, language technology development, entails the collection and preparation of data with an iterative design 
process whereby evaluations and corrections are built in. According to the reviewed literature, the challenges that can be 
encountered include limited language resources, lack of diverse annotators and inclusive annotation standards, inclusive 



14 

evaluation metrics and culturally diverse benchmarks. Co-designing and -developing the technology with the community, 
including native speaker knowledge, local perspectives and expertise, building on the relationships built and knowledge 
gained in the planning and fieldwork stages can help tackle these challenges. These topics were primarily discussed in the 
NLP and machine learning literature, focusing on under-served languages where representativeness, fairness, and 
inclusivity concerns are particularly prominent. 

Stage four involves the deployment of technology, highlighting the importance of dissemination strategies, with a view 
to maximizing the accessibility, usability and availability of the new Language AI to its intended users. This stage can 
effectively build on the previous stages, benefitting from the relationships built earlier, and from the technology design 
that is already informed by, and relevant and applicable to local needs and cultural context. These themes were most visible 
in international development literature and in ethical and community-centered approaches to technology implementation. 

Often overlooked is stage five - the maintenance of Language AI - addressing the long-term sustainability of the new 
technologies, including financial considerations, participating in policy discourse and contributing to skills development. 
Investing time and resources into this stage helps ensure that tools remain responsive to societal and technological change 
and can be maintained and adapted independently by the community. These considerations have been explored primarily 
in AI ethics literature and emerging work in participatory NLP. Of course, without deployment and maintenance, the value 
of the earlier stages of this work is negated, so planning carefully for these later stages is worthwhile.  

Our work demonstrates that while numerous disciplines have examined the challenges and opportunities associated 
with equitable Language AI development, their rich contributions tend to focus on specific stages of the development 
process. As a result, practical recommendations have remained fragmented and often lack integration across domains. The 
roadmap presented here addresses this gap by synthesizing insights from diverse fields and proposing an interdisciplinary 
approach to equitable Language AI development. This roadmap provides a practical tool for researchers and practitioners 
for designing, deploying, and maintaining AI technologies that prioritize community needs and maximize societal benefit. 
While this work is written from the perspective of outside people going into a community, it could usefully be adapted for 
people to use within their own communities, too.  

5 CONCLUSION 

This paper proposes an actionable tool to support equitable Language AI design and implementation, drawing on emerging 
best practices from multiple disciplines. We highlight five key principles and translate them into a five-stage roadmap, 
covering planning, fieldwork, technology development, deployment, and maintenance. Equitable Language AI is important 
for several reasons: it supports a fairer distribution of the benefits of these technologies, boosts the sense of ownership and 
empowers people, and increases the relevance and applicability of the resulting tools, making them more sustainable, more 
usable, and ultimately more valuable for society.  

This increased applicability benefits not only intended users but also the wider ecosystem of stakeholders. For example, 
more applicable Language AI tools could help fulfill statutory and discretionary duties more cheaply or at a larger scale 
from a government perspective; increased trust and legitimacy, better understanding of people’s needs and AI literacy may 
benefit policymakers, organizations and governments; access to customers and testing market, improved operating 
environment, and the increased satisfaction motivating people to use their applications may incentivize companies; 
meaningful real world impact could benefit AI developers and academic labs. Another incentive to develop participatory 
Language AI, be it in the public or private sector, could be compliance with regulations - while the regulations are 
constantly changing, increasing emphasis is on inclusion and diversity in AI development (for example, EU AI Act [25] 
or OECD AI Principles [51]). Reflecting on what may incentivize different stakeholder groups to use participatory methos 
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is important, as - while these methods can be costly and time-consuming - advancing equitable Language AI requires 
contributions from all stakeholders, and, as the roadmap demonstrates, all stakeholders will benefit from a more equitable 
landscape that can be achieved by centering the community.  

As a synthesis-based contribution, the roadmap presented in this paper has limitations that point directly to important 
directions for future work. It is grounded in a wide and diverse body of prior work, including studies that involve 
community-based, participatory, and inclusive approaches to Language AI. It also draws on the authors’ collective 
experience across language technology development, international development, and international research collaboration. 
At the same time, the roadmap itself was developed through a review- and synthesis-based process, rather than through 
direct participatory engagement with diverse affected communities. As such, the roadmap should be understood as a 
foundational structure rather than a finished prescription. Its value lies in making existing participatory insights more 
visible, systematic, and actionable for AI researchers and developers. An important next step is to apply, test, and refine 
the roadmap in real-world settings through engagement with diverse stakeholders, particularly those who are most affected 
by current inequities in Language AI. 

We present this roadmap as a practical and adaptable tool to support teams in developing Language AI in ways that are 
more attentive to equity in both process and outcomes. More broadly, this work highlights the need to foreground equity 
not only in the impacts of Language AI, but in the decisions about how, where, why, and with whom such systems are 
designed, deployed, and maintained. 

GENERATIVE AI USAGE STATEMENT 

Generative AI (ChatGPT, version 5.1) was used to assist with grammar and fluency of writing in some paragraphs. 
Entire passages were not rewritten, but some suggestions for grammatical change and fluency were adopted. 
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POSITIONALITY 

Much of the critique in this paper addresses the dominant role of the Global Minority in NLP development. At the same 
time, we acknowledge our own position as researchers based at a well-resourced and privileged university, which provides 
access to funding, publications, and research networks that shape and enable this work. Our experience in language 
technology, international development, and global research has shown us the value of collaboration and participatory 
approaches, and this paper combines a literature review with these insights. However, we also recognize our limited lived 
experience in colonized contexts and the privileges of mobility and choice that affect how research settings are experienced. 
For this reason, the roadmap is grounded in humility: encouraging researchers to listen, to collaborate equitably, to refrain 
from developing technology when it is not wanted, and to share outcomes fairly. 
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Figure 1: A Community-centered, Participatory and Actionable Roadmap for Equitable Language AI 


