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Abstract 
  
This paper responds to calls for more grounded, empirical accounts on what responsible, 
community-centric AI actually looks like in practice. Using the theoretical framework of 
advantageous digital incorporation, it examines Commons Connect, a participatory AI tool 
that is being used by smallholding farmers in rural India to support more equitable planning 
and distribution of natural resource assets at village levels. Its main message is that steering 
AI systems towards more equitable outcomes requires an approach that de-centres AI and 
its affordances, is rooted in strong problem framing, makes its focus on the wider structures 
of domination and oppression explicit, and demonstrates restraint in implementation. 
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A. Introduction 
The ‘artificial intelligence’ turn in society is now considered to be both the next big engine 
for development, and the next big driver of inequalities (UNDP, 2025). On the one hand, it 
has presented new and unforeseen opportunities to address many problems in domains 
such as agriculture, conservation and healthcare, particularly for countries in the Global 
South (Wahl et al., 2018; Wall et al., 2021). For example, in Brazil, AI is being used to 
transform real-time environmental data into accessible WhatsApp voice alerts to enable 
fishermen and farmers to make informed decisions in their daily livelihoods (Chandran, 
2026b). Likewise, in conservation, predictive AI tools map human-elephant conflict 
“hotspots,” enabling proactive resource allocation and more effective human-animal co-
existence strategies (Morrison et al., 2025).  
 
However, AI also perpetuates large scale inequalities across financial, social and 
epistemological dimensions (Ricaurte, 2023). AI tools built on large-scale datasets that are 
themselves shaped by historical and structural inequalities related to gender, race, caste, 
and class, have heralded new regimes of discrimination through algorithmic exploitation, 
datafication and surveillance, discrimination and disinformation (Akbari, 2025; Eubanks, 
2018; Roberts & Karekwaivanane, 2024; Zuboff, 2019). Furthermore, the scale of corporate 
and commercial capture of the current AI paradigm poses significant threats to humanity 
(Ricaurte, 2022; Tacheva & Ramasubramanian, 2023). AI tools in agriculture, controlled by 
agribusiness oligopolies, are diminishing the agency of farmers, eroding local knowledge 
systems and creating long-lasting dependencies on corporations and digital tools (Cieslik, 
2025). Big-tech incursions into the ‘AI for social good’ space function as a Trojan horse: 
presented as benevolent interventions but underpinned by extractive logics of collection 
and privatisation of data from vulnerable and marginalised populations (Iazzolino & 
Stremlau, 2024). More recently, issues of natural resource extraction and environmental 
harms brought on by the generative AI paradigm have caused disproportionate damage to 
indigenous communities and poorer states, who are also least able to access AI’s benefits 
(Klein & D'Ignazio, 2024).  
 
Against these developments, we are seeing growing calls for alternative paradigms and 
approaches to building and designing AI solutions oriented towards social, ecological and 
planetary justice. International organisations such as the United Nations have promoted 
context-sensitive AI development through the establishment of regional technology 
laboratories and by supporting small technology start-ups in partnership with universities, 
governments, and civil society organisations (Sapignoli, 2021). Global South countries are 
embracing opportunities to develop local, context embedded AI solutions as a way of 
reclaiming autonomy as innovators, as against being mere data suppliers to Silicon Valley-
led AI models (Chandran, 2026a).  
 
The more critical voices have argued that domestic or locally developed AI solutions, by 
virtue of their location alone, cannot serve community interests if they replicate the same 
business models as their Silicon Valley counterparts (Kak, 2020). They emphasise that AI 
must be materially reconfigured as a levelling up project that relocates agency and decision-
making closer to those most affected by AI systems (Kak, 2020; Ong & Findlay, 2023).  
In this light, participatory approaches to AI are gaining momentum: participatory activities 
are evoked as a means to improve AI systems that impact communities where, ideally, 
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impacted groups take part as stakeholders through participatory design and implementation 
(Birhane, et al., 2022). Participation has been instrumental in designing and building AI 
models that serve communities - for instance, Turkopticon allows low wage workers on the 
Amazon Mechanical Turk platform to evaluate their relationships with employers and 
support one another (Birhane, et al., 2022). Similarly, the Te Hiku NLP project demonstrates 
how the Māori people, an indigenous community in New Zealand, collectively produced and 
governed their own language model (Birhane, et al., 2022). Taken together, these 
developments reflect a broader interest in understanding and examining more locally 
grounded, bottom-up and context-sensitive approaches to AI development. They are 
underpinned by a growing recognition that we need to widen the participation base in AI 
design and development, and align AI systems more closely with local needs, values, and 
community priorities.  
 
Our research is motivated by these debates. As AI research increasingly invokes concepts of 
participation, context-sensitivity, and community-centred design as markers of legitimacy, 
there is a need to examine more critically the conditions under which these principles can 
(and cannot) translate into greater knowledge, agency, and empowerment of impacted 
communities (Birhane et al., 2022). In other words, we need more grounded, empirical 
evidence on what responsible, community-engaged AI actually looks like in practice, and 
what limits it may encounter (Birhane, et al., 2022; Klein & D'Ignazio, 2024).  
 
We seek to respond to these calls through our research, focusing on “how” participatory, 
community-centric principles can be materialised in practice. The research question (RQ) we 
are guided by is – “Under what conditions can the design and implementation of AI enable 
more equitable terms of incorporation for communities that it intends to benefit?” Through 
an empirical analysis of Commons Connect, a community-centred participatory AI tool that 
has been designed and implemented with the objective of enabling greater equity in civic 
planning processes in village councils in rural India, we present evidence for how equity 
considerations are incorporated in the design and implementation of AI tools. Our main 
message is that steering AI in ways that re-distributes greater power and agency to 
impacted communities requires an approach that de-centres AI and its affordances, is 
rooted in strong problem framing, makes its focus on the wider structures of domination 
and oppression explicit, and demonstrates restraint and caution in implementation. 
 
The rest of our paper is organised as follows. We start with a description of our research 
design including the theoretical framework, the methodologies of data collection and 
analysis, and the description of the case. We then present and discuss our findings and 
conclude with its broader implications for the field. 
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B. Theoretical background: AI, digital development and 
advantageous digital incorporation 
 

B1. From adverse to advantageous digital incorporation 
In order to theorise the dynamics of equitable digital incorporation into AI systems, this 
study adopts the theoretical framework of advantageous digital incorporation (ADI+), 
conceptualised as an inversion of the adverse digital incorporation (ADI-) framework (Heeks, 
2022).  
 
Originating from development studies literature, the concept of adverse incorporation was 
used to explain conditions of chronic poverty by focusing on the terms under which 
marginalised groups are included within economic, social, and political systems (Hickey & du 
Toit, 2013). It suggests that when marginalised groups are incorporated into state, market, 
or household systems under unfavourable terms, dominant actors are able to capture and 
control value flows, thereby reinforcing structural inequalities (Hickey & du Toit, 2013). 
Extending these logics to the digital domain, Heeks (2022) argues that the current digital 
paradigm creates a situation of adverse digital incorporation – i.e., it incorporates 
marginalised groups into digital systems on asymmetric terms – where platform owners, 
technology design and development professionals, or other institutional actors benefit 
disproportionately, while the risks, costs, and vulnerabilities are transferred onto less 
advantaged users.  
 
A large number of the emerging issues with current digital and AI-enabled technologies 
including algorithmic management of workers, data extraction and surveillance of 
marginalised populations are issues of adverse digital incorporation and have been 
theorised as such (Falcao, 2026; Hazra et al., 2025). The questions we ask in our own 
research stem from the core ideas underpinning this framework – i.e., issues of power, 
asymmetry and unequal value creation. However, we are interested in moving beyond the 
diagnosis of adverse digital incorporation to understand how these dynamics can be 
reversed and the conditions that these reversals are contingent upon. In other words, in line 
with our RQ, we want to understand if AI systems can be reconfigured in more 
“advantageous” ways - i.e., to address / reverse issues of adverse digital incorporation and 
drive more equitable value.  
 
Therefore, we propose that a reversal of the framework from adverse to advantageous 
digital incorporation will be appropriate for our study, because it allows us to start from the 
lens of adverse dynamics (i.e., harms, risks) but move to understanding how they can be 
overcome. Similar to how principles of design justice are powerfully illuminated by their 
reversal – i.e., design injustices, which show how injustice can, in direct and purposive ways, 
emerge from technology design (Masiero, 2024), it is possible that advantageous digital 
incorporation can be illuminated by a reversal of adverse incorporation dynamics - i.e., by 
an approach that is intentional about addressing the structural drivers and causes of 
inequities. 
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In the next section, we describe these drivers and causes, discuss their relevance for the 
topic of AI and inequalities, and present the theoretical framework of ADI+ as it is applied to 
this study. 
 

B2. Theoretical relevance of advantageous digital incorporation to our study 
The ADI- framework identifies five structural causes and three drivers that lead to adverse 
incorporation dynamics (Heeks, 2022).  
 
The five structural causes include: design inequity (one group controls / determines the 
design of the system), resource inequity (the disparities in resources among different actors 
– e.g., social capital, financial resources, information capacities), institutional inequity 
(formal regulations and informal norms being differentially imposed on different social 
groups), relational inequity (asymmetrical dependency of one actor / group on another) 
and temporality, (the historically embedded nature of inequalities) (Heeks 2022).  
 
The drivers of incorporation include ignorance (lack of understanding of the terms and 
conditions at the time of joining a digital platform), direct compulsion (coercion to join or 
continue using the digital tool / platform) and exclusion from / absence of other alternatives 
(Heeks, 2022). 
 
Each of these structural causes and drivers are directly reflected in contemporary AI 
systems. For example, design inequities are evident when AI systems operate on 
heterosexual gender norms that treat gender and sex as fixed, binary, and detectable 
categories, leading to misrepresentation, exclusion, and harm for trans, nonbinary, and 
gender-diverse individuals (Keyes, 2018; Klein & D'Ignazio, 2024; Wyers, 2024). 
Correspondingly, there have been calls for greater focus on plurality as a core design 
principle for equitable AI, recognising the need to move beyond binaries and hierarchies and 
embrace multiple epistemologies and ontologies (Klein & D'Ignazio, 2024). Resource 
inequities shape disparities in capacities, skills, and knowledge to meaningfully engage with 
AI systems. At the organisational level, unequal access to compute power concentrates 
innovation capacities, while at the individual level, barriers such as limited connectivity, 
language constraints, lack of AI skills, and concerns around privacy and surveillance restrict 
equitable participation (Carter et al., 2020; Wang et al., 2025). Institutional inequity is 
reflected in uneven regulatory protections and organising capacities, leaving some groups 
more exposed to AI harms. For instance, elite actors such as the Writers Guild of America, 
Getty Images, and The New York Times have been able to secure safeguards through 
lawsuits and collective action in response to AI use in creative industries (Klein & D’Ignazio, 
2024). In contrast, vulnerable populations - such as Uyghurs subjected to AI-enabled 
surveillance in Xinjiang, or communities in Myanmar that were harmed by disinformation 
from Facebook - remain largely excluded from institutional protections and access to justice 
(Arun, 2020; Tacheva & Ramasubramanian, 2023). Relational inequity is evident in 
algorithmically mediated labour platforms, where workers are asymmetrically dependent on 
algorithmic systems for work allocation, pay, and conditions of work, with limited scope to 
negotiate or resist its dictates (Gurumurthy et al., 2021; Hazra et al., 2025). 
 
In terms of the drivers for incorporation, ignorance manifests in the opacity of algorithmic 
decision-making, where users have little understanding of the workings of AI systems  
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(Eubanks, 2018), direct compulsion is visible in contexts where inclusion is now mandatory 
to secure basic social protection or welfare entitlements (Díaz Andrade & 
Techatassanasoontorn, 2021; Drèze et al., 2017), and exclusion from alternatives is 
particularly pronounced in digital labour platforms and AI-enabled services, where 
marginalised users lack viable non-digital or non-exploitative options, reinforcing 
dependency on such systems (Anwar & Graham, 2021). 
 
Overall, as these examples demonstrate, inequalities in the AI paradigm today are multi-
dimensional, built on a broader configuration of socio-technical, socio-structural and 
institutional dimensions that shape the uneven terms of incorporation into AI systems, 
creating differential advantage and value. The ADI- framework is well placed to visibilise the 
multiplicity of these inequalities and their structural underpinnings. At the same time, the 
varied and diverse responses to counter the inequalities of the dominant AI paradigm can 
also be mapped to and understood through its inversion.  
 
Table 1 provides a summary of key drivers and causes under ADI- and ADI+ as described 
above and Figure 1 presents a visual representation of the model. 
 

Table 1: Comparison of ADI- and ADI+ based on Heeks (2022) 
 

Adverse digital incorporation (ADI-) (Heeks, 
2022) 

Advantageous digital incorporation (ADI+) 
(extrapolated by the authors) 

Causes of (in) equities 

Design inequity: The more advantaged group 
has control over the design of the digital 
system 

Design equity: Design that enables more 
equitable terms of participation for the less 
advantaged groups 

Resource inequity: Users with lower access to 
financial, human, social, physical & 
informational capital are less likely to benefit 
from digital incorporation 

Resource equity: Less advantaged groups are 
supported to build financial, social, physical, and 
informational capital  

Institutional inequity: Formal laws and 
regulations and informal norms and rules 
favour the more advantaged groups 

Institutional equity: Formal laws and regulations, 
alongside informal norms and rules, are oriented 
toward supporting less-advantaged groups. 

Relational inequity: Structurally asymmetric 
relationships that weaken the power of less 
advantaged groups 

Relational equity: Intermediating networks / 
associations / configurations are established to 
bridge structural asymmetries 

Temporality and context: Addressing the historical and contextual processes by which those 
incorporated have come to be excluded from alternative systems. 

Drivers of incorporation 

Ignorance, coercion and exclusions from other 
systems 

Informed choice and lack of coercion 
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Figure 1: Theoretical framework of Advantageous digital incorporation based on (Heeks, 
2022) 

Finally, the ADI+ framework also allows us to extend the theoretical focus on inequalities 
into the realm of action – through its focus on the more granular aspects of design choices 
and implementation decisions within and outside digital systems. This makes it suitable for 
our study, given its empirical orientation, and focus on theorising-through-practice by 
examining how equity considerations are being materialised in real world digital 
interventions.  
 
Through the conceptual lens of ADI+, we seek to answer the research question (RQ): Under 
what conditions can the design and implementation of AI enable more equitable terms of 
incorporation for communities that it intends to benefit? In the next section, we provide 
details of the research design used for our study – starting with a brief description of the 
case study and the methodologies used for data collection and analysis. 
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C. Research design 
 

C1. Case description  
Our study is based on an empirical examination of Commons Connect (CC); a participatory 
AI tool that is designed to facilitate data-driven and community-led planning and demand 
generation for natural resource assets such as farm ponds, wells and dams at village 
councils in rural India. 
 
CC is part of a larger digital platform called CoRE Stack (Commoning for Resilience and 
Equality) – an open-source digital public infrastructure on which other tools and frameworks 
can be built collaboratively to plan and manage social-ecological systems for sustainability 
(See Figure 2 for a visual representation of CoRE Stack). CoRE Stack was launched in 2023 by 
CommonsTech Foundation for Participatory Technologies (CFPT), a non-profit organisation 
based out of Indian Institute of Technology (IIT) Delhi. At the time of data collection, the 
tool was being implemented through pilots in collaboration with civil society organisation 
(CSO) partners working in the space of ecological conservation in India. CSOs are users of 
this tool; however, they are also an enabling infrastructure for community representatives 
commonly referred to as “landscape stewards”. Landscape stewards are the primary 
intended users of the tool, working with communities to carry out digitally enabled-
participatory data gathering and planning processes (described in C1.1). They are usually 
youth / resource persons belonging to the communities and serve as important links 
between the local village councils / panchayat1 and communities particularly in relation to 
civic planning and co-ordination activities. Figure 3 provides a visual representation of the 
current implementation model of CC. 
 
 

 
 

Figure 2: CoRE stack architecture (CoRE Stack, n.d.) 

 
1 Local governing body for a group of villages 
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Figure 3: Current implementation model for Commons Connect (source: Authors’ creation) 
 
C1.1 How Commons Connect works 
Commons Connect integrates machine-learning based geospatial datasets with local 
knowledge in order to increase transparency of and build a shared understanding of 
ecological changes in the landscape (e.g., changes in rainfall patterns, tree cover, etc.), so 
that communities can agree on and advocate for a common set of priorities and action plans 
to tackle these changes. Modelled on well-established Participatory Rural Appraisal (PRA) 
processes2, it starts with AI-enabled participatory mapping of natural resources (e.g., water 
bodies or crop related information) in order to generate an initial picture of their spread and 
distribution (e.g., number of wells and farm ponds in a location) as well as ecological 
indicators and patterns (e.g., soil and cropping patterns, water recharge levels, etc.).  
 
The geospatial data sets in CC are generated by data scientists in CFPT who use machine 
learning algorithms to process and analyse satellite and environmental data in order to 
detect patterns, trends, and shifts in the local landscape and environment over time. These 
AI-generated insights are then layered with local community knowledge relating to the 
status of the natural resource assets and their accessibility (e.g., whether a particular well 
needs repair, or whether it is accessible to surrounding households) as well as household 
information (e.g., caste group, livelihood information, income) generated through 
discussions with communities. 
 
This evidence base generated by this combined layer of computational data and local 
knowledge is then used by stewards to facilitate village-level dialogues on several aspects of 
the environment – e.g., current distribution of natural resources across the village, the 
changing landscape needs brought on by climatic shifts, the specific water structures suited 
to the geological condition of the village, caste-based dynamics in access to village 
resources, etc. Ultimately, through these processes, communities along with landscape 
stewards develop a set of proposals (demands) for their village considering feasibility, 

 
2 PRAs are established participatory, bottom-up processes for planning and development, where villagers use various tools to analyse their 

conditions and plan their own development 
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suitability, need and shared priorities. These proposals are then integrated into the tool to 
generate a Detailed Project Report (DPR) which is first submitted at the village council and 
then taken to the panchayat levels for further scrutiny, discussions and approvals. Figure 4 
provides a visual representation of this process.  
 
CC’s specific objective was to strengthen the evidence base for community demands and 
improve fairness and equity in the distribution of welfare assets through the Mahatma 
Gandhi National Rural Employment Guarantee Act (MGNREGA), which is the primary 
funding scheme for Natural Resource Management (NRM) works such as water 
conservation and land development in rural India. At the time of the study, CC was being 
implemented as a pilot across several locations in rural India, nine of which are covered in 
this study (details provided in C2). 

 
 

Figure 4: Process flow of Commons Connect (Source: Authors’ creation) 
 

C2. Research methodology 
 
C2.1 Data collection 
The study is designed as a qualitative case study (Yin, 2014), based on deductively applying 
the ADI+ framework to the design and implementation of CC. It used four primary data 
collection methods – document / website review, in-depth semi-structured interviews, field 
observations and focus group discussions (FGDs). A total of 58 key informants across four 
participant groups were covered through 11 in-person interviews, and 7 FGDs, with some 
CSO staff participating in both 1:1 interviews and the FGDs with landscape stewards and 
communities. The CFPT team connected the first author to the CSO partners who organised 
the in-person field visits to meet with the CSO staff, landscape stewards and community 
members. Table 2 lists the number of participants covered, Table 3 highlights the method-
wise coverage of participant groups, and Table 4 provides the location-wise split and 
composition of the FGDs and field observations. 
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Table 2: Number of participants 

  
Participant group Number 

CFPT Staff 7 

CSO staff 8 

Landscape stewards 18 

Community members 25 

TOTAL 58 

 
Table 3: Method-wise coverage of participant groups 

 
Category Number 

Interview only 8 

FGD only 47 

Participated in both 
interview(s) and FGD(s) 

3 

TOTAL 58 

 
Table 4: Locations and participants of focus groups and field observations 

 
Data 
collection 
method 

Month, 
year 

Participants Village / 
Block / 
Panchayat 

 District, 
State 

Status of pilot 
implementation at 
the time of study 

Field 
observations 

April 2025 CFPT staff, CSO staff, 
landscape stewards 

Dhanpur Dahod, 
Gujarat 

Initiated 

Field 
observations 

April 2025 CFPT staff, CSO staff, 
landscape stewards 

Morchand Bhavnagar, 
Gujarat 

Initiated 

FGD 1 November 
2025 

CSO staff, landscape 
stewards 

Masaliya  Dumka, 
Jharkhand 

Completed 

FGD 2 November 
2025 

CSO staff, landscape 
stewards  

Mandelgad Bhilwara, 
Rajasthan 

Completed 

FGD 3 November 
2025 

CSO staff, landscape 
stewards, community 
members 

Achala je ka 
dhera 

Bhilwara, 
Rajasthan 

Completed 

FGD 4 November 
2025 

CSO staff, landscape 
steward, community 
members 

Dholpura Bhilwara, 
Rajasthan 

Completed 

FGD 5 November 
2025 

CSO staff, landscape 
stewards 

Nakchi Angul, 
Orissa 

Completed 

FGD 6 November 
2025 

CSO staff, landscape 
stewards 

Tainsi Angul, 
Orissa 

Completed 

FGD 7 November 
2025 

CSO staff, landscape 
stewards, community 
members 

Tainsi Angul, 
Orissa 

Completed 

 

Interviews followed a semi-structured format and were conducted in Hindi and English, two 
languages that the first author is conversant in. For the FGDs, in three locations in Angul 
(FGD 5,6,7), the discussions were conducted in the regional language(s), and the CSO staff 
facilitated the translation of the discussions from Hindi to the regional language and vice-
versa during the discussions.  
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Interviews lasted between 30 to 50 minutes, and the FGDs lasted between 45 to 60 minutes. 
Interviews and FGDs were audio-recorded with participants’ consent. At the end of each day 
of data collection, field notes were made in order to capture the initial thoughts, 
observations as well as summaries of the discussions. Additionally, the organisation website 
as well as documents (internal as well as public-facing) relating to CC were reviewed for data 
triangulation. Transcripts of the interviews and focus group discussions were first translated 
into English (wherever applicable). Translated transcripts and field notes were then 
uploaded into the NVivo data management program for coding and data analysis. 
 
C2.2 Data analysis 
The data analysis for this project followed a hybrid thematic analysis approach (Fereday & 
Muir-Cochrane, 2006) - integrating both the data-driven inductive approach of Gioia et al. 
(2013) and the deductive a-priori template approach based on King (2012). Figures 5 and 6 
detail the steps followed in coding and thematic analysis respectively. 
 
This approach complemented the RQ by placing the conceptual framework of ADI+ as a 
guide to the process of deduction while allowing for themes to emerge directly from the 
data using inductive coding (Fereday & Muir-Cochrane, 2006). Before starting the analysis, 
all interview and FGD transcripts were read in detail, together with the field notes, in order 
to get familiar with the data. In Step 1, based on a closer reading of 5 transcripts, those 
events that described the challenges with the current MGNREGA and allied planning 
processes and the experiences of how CC enabled the participants to respond to and / 
manage these challenges were identified. These excerpts were coded as closely as possible 
to informant terms, making little attempt to distil categories at this stage.  This allowed 
some first order concepts to be developed inductively (Gioia et al., 2013), which were then 
referenced back to the theoretical framework of ADI+ in order to create an initial template 
of codes, what are referred to as a priori codes (King, 2012). See Figure 5 for an illustration 
of this process. 
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Figure 5: Hybrid approach to coding based on Gioia et al. (2013) and King (2012) 
 
In the next stage, the remaining transcripts were analysed, guided, but not confined, by the 
preliminary codes (Fereday & Muir-Cochrane, 2006; King, 2012). During the coding of 
transcripts, inductive codes were assigned to segments of data that described a new 
phenomenon in the text. There were many instances of parallel coding, i.e., classifying the 
same segment within two (or more) different codes at the same level . For example, if a 
segment in the text referred to how the “visualisation of resources disparities on the app 
triggered conversations of equity” – it informed the understanding of both design related 
codes (i.e., affordances of participatory design) as well as codes related to institutional shifts 
(i.e., participatory design as shifting norms on participation and equity). 
This abductive process followed several rigorous iterations between Stage 3 and 4 which led 
to the template being re-organised in many different ways (King, 2012). On completion of 
the coding, all the sub-codes and codes were examined in order to develop them into 
themes. Interpretive choices were made in connecting codes to an explanatory framework 
and developing preliminary themes (Gioia et al., 2013). For example, the code “people are 
only interested in private demands” and the code “commons demands are always ignored” 
was connected to a theme on “Planning norms privilege private over commons resources”. 
Preliminary themes developed this way were then further clustered to overarching or core 
themes that captured the phenomenon being described. In the final stage, these themes 
were abstracted into the ADI+ theoretical framework, examining their relationships and 
connections in order to develop the structural mechanisms: i.e., the causes of equity and 
the drivers of incorporation. An illustration of this coding process is depicted in Figure 6. 
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Figure 6: Process followed in thematic analysis: an illustrative example 

 

D. Findings 
In this section, we discuss the findings from our thematic analysis in three parts. In the first 
part (D1) we present evidence of the strategies which enabled the CFPT and CSO teams to 
address three causal factors: design, resource, and institutional equities, and one structural 
driver: non-coercive implementation. We show how the consideration of the historical 
contexts of inequalities was a necessary starting point to create equitable opportunities for 
participation. In the second part (D2), we discuss the risks of adverse digital incorporation 
engendered by the tool, noting the possibilities for inequalities including asymmetric 
relational dependencies to be entrenched, especially in the short-term. In the third part 
(D3), we consolidate these insights and represent them through the ADI+ framework. 
 

D1. Addressing structural barriers: Accounting for design, resource and 
institutional inequities 
 
D1.1 Decentring AI affordances 
Our first finding concerns the decentring of AI and its affordances in problem framing. 
Rather than beginning with technical features or platform capabilities, the design process 
foregrounded structural inequities embedded in MGNREGA planning and resource 
allocation processes. 
 
“So, at that time, it was not about which app to make. But this thought was there that what 
problem is there at the ground level. So …we tried to first understand MGNREGA a little…. 
How is that money going to the villages within a Panchayat? That's the problem statement 
which we started from… When I looked village wise, the resource distribution of funds was 
very uneven…Why is that?” (CSO, Staff 2) 
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This narration of problem framing reflects a departure from a technology-led approach 
towards a “problem-discovery approach” (Smith & Lie, 2023), which seeks to understand 
how problems are shaped by social, political, and institutional dynamics. In this case, 
inequities in planning were closely tied to limited opportunities for democratic participation 
and entrenched power asymmetries, including elite capture within village governance 
structures. As one CFPT staff member explained: 
 
“If I talk about Commons Connect … we want to ensure that we enable more equity-driven 
planning processes …. earlier it would be more top-down …. usually what happens is that at 
some places, Gram Sabhas3 won't happen. And even if they do, there is a lot of local elite 
capture ….. So can we enable something that leaves a digital trail for who is owning what 
kind of a resource, and how can that help?” (CFPT, Staff 3) 
 
Framing the problem through these structural dimensions aligned CC with a clear equity-
driven objective (i.e., amplifying marginalised voices in planning), while also recasting the 
core goals in explicitly political terms, as highlighted in the below narration. 
 
“....So basically, it's about creating a digital trail of demands that have been put by the 
community. And that makes it more powerful because communities can use it as an 
accountability tool.” (CFPT, Staff 6)  
 
In other words, as these narrations reveal, CC was not designed to only perform an 
administrative function of record keeping, but a more politically salient function of holding 
civic authorities more accountable by highlighting patterns of inclusion / exclusion.  
 
Overall, this theme provides evidence of a structural, problem-first approach to designing AI 
based systems, where technology and its affordances were de-prioritised, and community 
issues were understood and framed through the lens of structural inequities. It also 
surfaced how issues of power and politics were centred, with digital tools being 
intentionally designed to illuminate issues of marginalisation and injustices that tend to be 
absent from mainstream data narratives (Masiero et al., 2021). 
 
D1.2 “Contextualising AI” – Designing for co-production and bottom-up knowledge 
processes 
Our second finding relates to the efforts made to contextualise AI - that is, grounding AI 
systems within local ecological realities and community-driven knowledge systems. It is 
widely recognised that while geospatial AI may be effective at representing physical 
landscapes, they typically abstract away the social relations through which these landscapes 
are accessed, managed, and contested (Fleischman et al., 2025). These include seasonal 
labour practices, informal norms of land use, local histories of degradation and repair, 
culturally embedded knowledge systems, and negotiated trade-offs - all of which remain 
largely invisible to remote sensing and algorithmic inference (Fleischman et al., 2025). For 
instance, in the context of water conservation and planning, geospatial datasets may 
indicate the spatial distribution of water bodies such as wells or farm ponds in a village, but 
they cannot reveal caste-based inequalities in ownership, access, or use of these assets. 

 
3 Gram sabhas are commonly used terminologies for village and / panchayat meetings 
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In CC, these limitations were addressed through participatory processes which treated AI-
generated datasets not as complete representations, but as starting points for further 
contextualisation. Community discussions, facilitated by landscape stewards, generated 
locally situated knowledge that was layered onto the AI generated data sets.  
 
For example, together with landscape stewards, communities generated household-level 
data on caste, livelihoods, ownership and access to resources, and histories of maintenance 
and degradation, which were manually entered into the system. When integrated with pre-
computed AI datasets, a more localised and socially differentiated understanding of 
ecological realities emerged. As illustrated in Figure 7, remote sensing algorithms generated 
baseline data on the location and number of water bodies (highlighted in red), which was 
complemented by community-generated data (highlighted in blue) on the number of 
households benefiting from each resource and their caste composition. Taken together, this 
integration provided a more granular account of the ecological realities, particularly of 
inequalities in patterns of access, use, and exclusion.  
 

 
Figure 7: Snapshots of data from the CC tool (with settlement names and IDs masked).  

Source: Fieldwork data 
 
Stewards noted that this process of overlaying socio-economic data over AI-generated 
insights during settlement mapping exercises allowed them to visibilise the disparities in 
ownership and access across caste groups. This enabled more fine-grained assessments of 
needs and more targeted planning discussions during village planning meetings. 
 
“First, we are doing resource mapping – i.e., mapping the surface water well, borewell, and 
water bodies ….. This settlement has 10 wells – SC4 has so many, STs5  have so many, OBCs 6  
have so many …. after resource mapping there is a comparison regarding equity. SC / ST has 
2 wells, OBCs have 10 numbers, so how to make it equal.” (Landscape steward, FGD 5) 
 
Discussions also revealed that issues of equitable access, particularly of resources marked as 
“commons” was important, because many smallholder farmers did not own enough land to 

 
4 Scheduled Castes (a caste group in India) 
5 Scheduled Tribes (a caste group in India) 
6 Other Backward Classes ( a collective term for socially and educationally disadvantaged castes in India, excluding Scheduled Castes and 

Scheduled Tribes 
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build their own private resources, and therefore depended on commons resources for their 
livelihoods.  
 
“…. People don’t have 10-20 bighas7 and all. Someone has three bighas, four bighas, so the 
well that is built is common. Majority of the people use the shared well only. Here through 
this app, we can highlight how many people are getting the benefit of that shared well.” 
(Community member, FGD 3)  
 
These examples also highlight that it was first important to identify resources as 
“community owned” or “privately owned” - again, information that would not be available 
to an algorithm, but can only be generated through discussions with communities.  
 
This highlights a crucial limitation of AI systems: even when equipped with technologically 
sophisticated or highly granular datasets, AI systems that do not meaningfully involve 
communities in the processes of data generation and interpretation risk reinforcing 
epistemic hierarchies in knowledge production, where the “technical” dimensions (like AI, 
data, algorithms) are treated as more real, objective, or important than social realities (like 
inequality, power, and lived experience) (Hoefsloot et al., 2022). 
 
In summary, this finding highlights that AI systems, when treated as standalone, 
depoliticised technical tools, risk being detached from on ground realities, and are also 
more likely to sub-ordinate community knowledge and lived experiences to technocratic, 
top-down ways of knowing and being. Therefore, in the context of CC, embedding co-
production and community-led knowledge processes not only enriched contextual 
understanding but also advanced epistemic justice by recognising lived experience as a valid 
form of “expertise” (Hoefsloot et al., 2025).  
 
D1.3 Reconfiguring legitimacy through participatory AI 
Thirdly, we found evidence for the importance of shifting informal institutional norms 
around participation as another structural enabler. Interviews revealed that intersecting 
issues of caste inequalities, spatial segregation, lack of awareness, etc., shaped “who” could 
legitimately participate in village planning processes, with socially powerful groups 
dominating village meetings, and lower-caste communities being seen as marginal to the 
process.  
 
“Today the situation is that a ward has been divided into three or four parts, one is ½ a km 
away from the centre, other is 2.5 kms away…For example, people from SC, ST communities, 
many of them are a little farther away…. they don’t come for meetings.” (CSO Staff, FGD 5) 
 
“Firstly, this is a tribal area, okay.  And in the tribal areas, people are not able to keep their 
words / thoughts in front of the office bearers. But we, the NGOs, social workers, we sit 
down with the people, then we have our own discussions. Then they are able to keep their 
point...” (CSO, Staff 1) 
 

 
7 Indian units of land area varying between ¹/₃ acre and 1 acre. 
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As these testimonials suggest, marginalised communities perceive village planning meetings 
as spaces that are “closed” or “already taken” by dominant actors (Cornwall, 2002). In 
contrast, the participatory AI meetings were seen as “invited” spaces that actively sought 
their participation and input. Therefore, the role of participatory processes was not only 
limited to contextualising AI and incorporating bottom-up knowledge, but it became a way 
of strengthening the voices of communities who would otherwise hesitate to participate in 
planning discussions.  
 
“Earlier what used to happen is that if a Gram Sabha was being held at one place in the 
village, then everyone used to come to that place for the discussion…. But after this app, we 
are going to different settlements and conducting surveys. So, we are able to involve all 
groups – groups of every caste, for example. There is an aspect of equity somewhere in 
this...” (CSO Staff, FGD 2) 
 
In other words, the value of the co-production and bottom-up knowledge processes 
discussed in D1.2 extended beyond questions of data representativeness and epistemic 
justice - they were also ways to remedy issues of non-recognition, lack of voice and 
participation parity (Fraser, 2005). Put differently, they were, in and by themselves, norm-
shifting interventions, because they reconfigured village planning meetings as spaces that 
valued participation of historically marginalised groups, potentially augmenting the 
opportunities for them to engage more deeply with the planning exercise, and strengthen 
their voice in the process. 
 
What this suggests is that the ability of AI systems to enable equity was not only contingent 
on contextualising data and its representations, but also on reconfiguring who could 
legitimately participate in making these representations, i.e., shifting norms around 
participation and claims making. Therefore, the scope of the intervention must extend 
beyond questions of representation and plurality of data sets, to the procedures, processes, 
and practices through which the datasets are produced, as these fundamentally shape 
notions of voice, participation and legitimacy in knowledge creation. 
 
D1.4 Bridging AI usage and outcome divides: resource support for capacity building 
Our next set of findings relates to the sustained support for knowledge and capacity building 
of landscape stewards in order to meaningfully interpret AI and use it to strengthen 
planning capabilities. While CC enabled access to rich, granular ecological data – 
comprehending its relevance and translating it into the realities of local landscapes and 
planning processes were not automatically enabled. In other words, beyond the access 
divide (i.e., providing access to AI tools), the usage divide (i.e., differences in skills, use, and 
participation in AI technologies) and the outcome divide (inequalities in effectively utilising 
outputs from AI systems), were significant drivers of inequity (Hammerschmidt et al., 2025). 
In order to bridge this, CSOs implemented deliberate strategies to translate, contextualise, 
and align data with locally grounded understandings. This went beyond skills training to 
include epistemic mediation: i.e., bridging divergences between data-led representations 
and community epistemologies (Elwood, 2006).   
 
“Making the stewards understand this data is complex. Number wise to see the precipitation 
trend – from 1600 to 1400 to 1200 to 1000, that is easy. But when it’s a graph, they don’t 
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understand it… so we have to refine a lot of things from our end. This data is very good. 
Now, what correlation can we make from that? What kind of simulations should we make..... 
so those things we have to train them on.” (CSO, Staff 3) 
 
These human capital strategies (Qureshi, 2023) were an important driver of resource equity, 
supporting both participation and meaningful outcomes – i.e., translating AI skills and 
capacities to support community consultations and village planning processes. 
 
“(we learnt) how to prepare the DPR and then how to present the plans to the village …Then 
we also learnt about livelihood schemes…. And after that we can show the whole village in 
the mobile application to the community... the water level, etc... …We take photos and 
upload them ourselves so that they can be seen by others through the app.” (Landscape 
steward, FGD 1) 
 
As highlighted here, the resource support that stewards received enabled them to gain new 
kinds of knowledge (e.g., how to assess water levels) as well as new digital skills (read maps, 
click photos, prepare digital reports), which they could then use to support community 
discussions and planning. Importantly, as the below testimonial highlights, these capacities 
were originally only available to a small domain of experts: so, to some extent, the resource 
support that was provided played a role in democratising AI and planning capacities to a 
wider (but still smaller) pool. 
 
“The main impact is that people who are community mobilizers have learned to make e-DPR 
and do the planning for people. How do we show the maps? How can we plan? They learned 
it all. This is the work that experts used to do right?” (CSO, Staff 1)” 
 
Overall, we found the need for considerable resource support in terms of mediation and 
interpretation for translating AI insights into concrete community planning capacities. 
 
D1.5 Freedom of engagement: Non-coercion and choice in participation and use 
Our final finding in this section points to the centring of choice and agency – not only in 
relation to participating in CC, but also in relation to using AI data or recommendations. 
Within the ADI+ framework, this can be viewed as “non-coercive” implementation. 
One strategy behind this approach was fostering what a CSO staff member called a “healthy 
distrust” of digital tools and their outputs. As he explained: 
 
“Of course, it (CC) is all new for us. We also have 10 questions in our minds. If this is the 
data, where has this come from? We were viewing it with doubt and scepticism…. we were 
trying to find fault with the data…. When we used CLART8 also, we always told the team 
when we trained them on it that don’t believe what the app tells you. If you want, go and 
test it…..” (CSO, Staff 2) 
 
This reflects a deliberate epistemic stance in which AI-data were not treated as authoritative 
truths, but as provisional hypotheses requiring ground verification. CFPT staff echoed similar 

 
8 Composite Landscape Assessment & Restoration Tool (CLART) is an existing GIS based tool, developed to 
enhance the planning of region-specific soil and water conservation measures 
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thoughts, emphasising that their objective was not to develop a dependency on AI for 
decision making, but to retain community autonomy while using AI as an aid to decision 
making. 
 
“But if you ask me that, give me an example of how there was a conflict between what 
people were seeing on the ground and what the app was showing, that has also happened a 
couple of times. And I think that conflict is okay…. It will make sure that users don't 
completely rely on the app, and they still rely on themselves....” (CFPT, Staff 3) 
 
In other words, there was a deliberate effort to limit any over-reliance on the tool. 
Communities were encouraged to challenge or contest AI-data, rather than blindly relying 
on the insights it provided. Importantly, the explicit acknowledgement of the possibilities of 
inconsistencies, limitations, and / biases in AI suggests that staff did not view it as an 
objective or bias free system (Birhane, 2020). 
 
Relatedly, interviews also emphasised the importance of preserving community knowledge 
and autonomy in decision making over AI and its (in)accuracies and cautioned against using 
AI as a form of “technical” evidence to reject what could be genuine community demands. 
 
“.. yes there is a 10-20% error margin (between what is the situation on ground versus what 
the tool shows it to be). In such cases, we take the suggestion of the villager. They know their 
village much better.” (Landscape steward, FGD 1) 
 
“Technical reason cannot be a valid point (to reject a demand), because the requirement is 
more important…. Now we have to see how reasonable their demand is or is not.” (CSO 
Staff, FGD 7) 
 
These practices can also be construed through the lens of freedom to engage with AI on 
one’s own terms, and the agency to decide how one wants to relate to its outputs (Taylor, 
2017).  
 
Overall, this section points to attempts made to limit any possible technocratic gatekeeping 
or epistemic dominance of AI over community knowledge and decision-making processes, 
with an emphasis on treating insights / decisions provided by the tool as “non-binding”.  
 

D2. Mitigating risks of entrenching digital and AI divides 
In this section, we highlight two key risks of “adverse” incorporation, i.e., the potential for 
CC to potentially entrench asymmetries, despite the intentional focus on addressing 
structural inequities. While these could partially be attributable to or typical of “pitfalls” 
that all pilot projects are subject to, we argue that they warrant close attention.  
 
The first risk is at the level of basic accessibility and usability of the tool. Although CC was 
initially released in English and later expanded to include Hindi, Gujarati, and Kannada, key 
outputs - most notably the Detailed Project Report (DPR) - remained available only in 
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English.9  This presented a first-level challenge of access and use and could also curtail its 
institutional embeddedness in local planning processes. 
 
The second risk relates to “relational inequity” (Heeks, 2022), particularly between CFPT / 
CSO staff and landscape stewards, which was potentially deepened at least in the short 
term, because of the divides in data, digital and communicative capacities and the 
complexities inherent in data interpretations and translations. Although the data on CC was 
open-source and was accessible to all groups involved, its institutional embedding into 
planning workflows, and the capacities of stewards to access and use it in more 
autonomous ways to support local decision making needed to be strengthened. 
Additionally, at the time of the study, it was difficult to envision the possibility of the tool 
being accessible to a wider community (beyond the stewards) which did not possess the 
technical, informational and domain-specific literacy, a limitation that was known to and 
acknowledged by CFPT staff as such. 
 
As highlighted earlier, these issues may be attributable to the early stages of the project / 
tool implementation. However, they also point to the need to guard against risks of 
relational asymmetries in data use, where communities could end up participating in AI 
tools more as data providers, with limited capacities to act on or use the data to influence 
local action (Byrne & Sæbø, 2022). 
 
Overall, this suggests that even equity-oriented AI interventions can be prone to 
reproducing inequalities (unintentional or otherwise). Therefore, it is only through ongoing 
reflexive analysis of CC’s intersections with the broader social, political and institutional 
dynamics of MGNREGA that opportunities for equity to be materialised can be expanded. 
 

D3. Summary of insights: ADI+ framework 
The findings discussed above, including how they fit within the overall ADI+ framework are 
presented in Figure 8. As highlighted in Figure 8, we find evidence for three core causal 
dimensions through which equity was materialised in the design and implementation of 
Commons Connect.  
 
First, design equity was materialised in decentring technical affordances, recentring 
structural inequities in problem framing and in implementing participatory data 
co-production processes. These elements explicitly centred community priorities and were 
also intentional about how communities could actively participate in contextualising AI and 
co-creating data that was invisible by AI and determine how to represent their socio-
ecological realities. Second, resource equity was supported through investments in AI 
capacity building, via training and support for landscape stewards. Third, CC’s participatory 
processes did not only support equity in data representation, but they also reconfigured 
informal institutional norms on who could participate in the planning processes and make 
demands. 
 

 
9 This information reflects the status of the project at the time of the final fieldwork conducted in November 
2025. As the pilots were iterative and feedback mechanisms remained active, subsequent iterations of the tool 
may differ from what is reported here. 
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With respect to the drivers of incorporation, the emphasis on voluntary engagement, critical 
reflection on AI outputs, and the preservation of community autonomy suggest a shift 
towards non-coercion and informed participation. Finally, we also tabled the emerging risks 
of adverse digital incorporation, including relational asymmetries between stewards and 
communities, and between CFPT / CSO staff and stewards, emerging largely from the risks 
of centralisation of technical and planning expertise, as well as data use capacities. 
 
Finally, while Heeks (2022) treats temporality as a distinct cause, our findings suggest that it 
operates as a cross-cutting theme that informs all three causal dimensions. In other words, 
design choices, institutional interventions and resource support strategies were 
underpinned by a continued engagement with the historical patterns of exclusion and 
marginalisation that shaped disadvantage in the first place. 
 

 
Figure 8: Applying the ADI + framework to Commons Connect 
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E. Discussion  
Building on the findings, we now outline two main contributions of our study, discussing 
them in relation to the broader literature on AI and (in)equities. 
 

E1. Connecting AI to social inequalities: Centring structural asymmetries and 
institutional inequalities 
The findings from this study broaden the lens through which AI and inequality need to be 
understood. Much of the existing scholarship tends to focus on discrimination in system 
outputs (e.g., biased predictions) or, to a lesser extent, uneven access to and use of AI tools 
(Gangadharan & Niklas, 2019). While these concerns are important, they largely centre 
around the technical system itself (Gangadharan & Niklas, 2019). We believe that this 
narrow focus can be problematic because it pays less attention to wider socio-political 
inequalities within which AI systems operate (Gangadharan & Niklas, 2019). 
 
What stands out in CC’s approach is its explicit focus on the broader social, historical, and 
institutional structures that shape both the problem and the role of AI-enabled technologies 
within it. In doing so, it directs attention to how such technologies may interact with – and 
potentially reinforce – existing patterns of marginalisation affecting the least powerful 
groups in society. This is particularly noteworthy given that many AI/ML tools remain largely 
agnostic to, or only weakly engaged with, entrenched forms of oppression, despite growing 
evidence of their role in exacerbating such inequalities (Birhane, et al., 2022).  
 
CC’s approach provides an empirical example of how to engage with the broader political 
dimensions of inequalities (as opposed to a purely technically led focus). Evidently, this 
starts with defining the structural dimensions of the problem - such as unequal MGNREGA 
allocations and disproportionate value capture by local elites, clearly specifying who is most 
affected, namely marginalised caste groups often excluded from village planning processes. 
It then moves on to articulating how digital tools might intervene in these dynamics: for 
instance, using the lived experience of resource inequities to generate bottom-up 
accountability. These decisions then inform choices about the kind of AI that will matter to 
the community, how it can be contextualised, and what the processes are through which AI 
can be implemented. 
 
Importantly, as discussed in D1.1, these choices are grounded in considerations of 
marginality rather than being driven primarily by data or technological possibilities 
(Gangadharan & Niklas, 2019). This perspective aligns with arguments that, while issues 
such as algorithmic bias or discriminatory data practices are important, they do not fully 
account for the ways in which inequality operates in AI-mediated contexts, which is often 
rooted in longer histories of structural asymmetry based on caste, class, gender, and other 
axes of power (Birhane, 2020). In the CC case, attention to these asymmetries enabled CFPT 
and CSO staff to “see through” the technical apparatus of MGNREGA demand digitalisation, 
and situate AI within broader dynamics such as caste dominance, unequal participation 
norms, and material dependencies. This historical grounding provides essential context and 
texture to otherwise abstract computational systems (Gangadharan & Niklas, 2019). 
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Therefore, one of the key takeaways from this approach is that you cannot lead from a 
position of “what AI can do”, rather, you must start by “grasping the problem at its root”, 
i.e., by understanding the wider structural and historical roots of inequality (Kalluri, 2020). 
AI systems do not emerge in a historical, social, cultural, and contextual vacuum (Birhane, et 
al., 2022), and a technical, depoliticised understanding of AI risks producing solutions that 
are at best superficial and / or irrelevant for meaningful community use, and at worst, 
reproduce inequalities by amplifying harms (Birhane, et al., 2022). Decentring AI, therefore, 
is about explicitly engaging with the institutional and historical legacies within which AI 
systems are embedded and critically examining how these systems mediate and potentially 
reshape existing inequalities.  
 

E2. Restraint and caution over AI hype and hyper-visibility 
A second key insight emerging from our study is the intentional practice of restraint and 
caution - i.e., deliberately understating the importance of data / AI or downplaying any 
transformative potential. Even though CC’s computational capabilities were superior to 
many existing / comparative tools in ecological conversation (Mehta et al., 2024), 
implementation efforts resisted the temptation to wield its technical capabilities as the 
primary driver of advantage or value. For example, references to “not trust the tool blindly”, 
or “not rely on the app entirely” (highlighted in D1.5), and viewing friction as a site of 
productive engagement (“conflict is necessary”) suggests that the value of the tool was not 
only linked to its technical accuracy or supremacy, but from individuals / communities 
learning to use, trust or contest its outputs. 
 
This flips the dominant perspective of AI hype and hyper-visibility, directing attention 
instead to its practical functionalities and real-world usability (Galanos, 2025). In the case of 
CC, it is entirely possible to conclude that AI is far from being the central actor within the 
broader planning processes: its presence in one part of the workflow (i.e., planning and 
demand generation) meant that it could only add value in a selective way (i.e., providing 
more granular insights or more comprehensive evidence for environmental shifts, or 
enabling scaling and aggregation of data insights). The more transformative aspects of the 
change, including the extent to which marginalised caste groups are able to participate in 
planning meetings, use the strengthened evidence base to demand greater accountability, 
and amplify their collective capacity to push for more equitable distribution of assets, are 
less to do with the presence of AI per se, and more about bridging resource gaps and 
reconfiguring participation norms (as highlighted in Section D1.3 and D1.4). Therefore, it 
may well be the case that the role of AI in CC might be more incremental than 
transformative. The practice of restraint and caution then, operates as a way of 
acknowledging the modest, but important role that AI can play, prioritising its practical real-
world utility and the social dynamics surrounding its use and impacts, over speculation and 
hype about its disruptive potential. 
 
Crucially, this emerges as a direct contrast to the performative labour that often underpins 
AI innovation, where AI and its presence must be “staged” in highly public and socially 
rewarding ways for it to be seen as “transformative”, even when its practical utility remains 
questionable (Klingebiel, 2025; Markelius et al., 2024). In other words, transformative AI 
accords a distinct “status” to innovation which incremental or more modest uses of AI 
cannot (Klingebiel, 2025). Therefore, in this tension between optimising for utility and 
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optimising for visibility, the CC example suggests that an equity-oriented focus might require 
deliberately resisting status incentives and performative narratives that play to the AI hype 
without regard for real world relevance, particularly in low resource contexts where 
entrenched intersectional inequalities remain visible barriers. 
 
Restraint also operated along the political dimension of decision making itself. At the village 
level, decisions about what assets to build, who benefits from them, and which needs are 
prioritised emerge through socially embedded interactions, political negotiations, and 
locally assigned meanings. Attempts to render these complex social processes as “neat 
technical problems” with definable computable solutions are only likely to exacerbate 
inequalities (Katzenbach, 2021). For one, its perceived authority can lead to more 
technocratic ways of raising resource claims (e.g., “we should build a well here because the 
tool identifies this as the most suitable location”). Two, it is likely that the data that would 
have trained such an algorithm could have been built on the very historical inequalities that 
the tool sought to eliminate. Put differently, “suitability” is not an algorithmically driven, 
“value-free” or neutral claim, rather it emerges through a situated and negotiated process 
of meaning-making and accountability to collective social norms (Birhane, 2021). 
 
In this context, positioning the decisions from the tool as non-binding, or as subservient to 
community knowledge and authority, while non-coercive in form, also signals caution about 
technological over-reach and epistemic harms: i.e., the tool assuming roles, authority and 
influence that rightfully belong to and must remain in the realm of the human and the 
social.  While existing human-centred and responsible AI scholarship emphasises assistive 
uses of AI (London & Heidari, 2023), we find that such approaches pay insufficient attention 
to the political question of AI dominance: i.e., how decision-making processes themselves 
might be re-structured through a dependence on AI systems, or how their perceived 
epistemic authority may reconfigure power between communities and technological 
infrastructures.  
 
Overall, we believe that the efforts to limit the political and epistemic dominance of AI 
presents a counter to techno-solutionist AI approaches that undermine local expertise and 
knowledge, constrain autonomy of local actors and aim to “fix” broken / efficient systems 
(Katzenbach, 2021). It aligns with literature that suggests that refusal and resistance are 
legitimate routes to participation (Birhane, et al., 2022), and that concentrating power 
within AI tools is only likely to entrench pre-existing inequalities (Kalluri, 2020).  
 

F. Limitations 
Our study has three main limitations. First, we acknowledge the under-representation of the 
voices of marginalised community members themselves in this analysis. Instead, insights 
about community perspectives are primarily mediated through CFPT and CSO staff and 
landscape stewards. While stewards are members of the community, they constitute a 
relatively small and more privileged group, often possessing higher levels of literacy, skills, 
and institutional access. Their accounts therefore cannot fully capture the experiences or 
viewpoints of the most marginalised community members, many of whom were still in the 
early stages of working with the tool. 
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Second, we recognise that the extent to which CC can enable equity is contingent on actual 
re-distribution of resources in favour of marginalised communities. We also note that issues 
of community ownership of data, economic rights, and control over data use are critical to 
considerations of equitable AI. These issues did not emerge as central concerns in our 
project but will require further engagement as CC is scaled. As such, our findings cannot be 
taken as conclusive evidence that equity was achieved, or as providing a comprehensive 
understanding of equity. Rather, we identify a set of practices and pathways that we believe 
can improve the chances for equitable outcomes to be realised. 
 

G. Implications for future research and practice 
We believe our study has three important implications for future research and practice.  
 
Firstly, while we briefly covered the norms, values and practices of technologists, data 
scientists as well as CSO staff that shaped equitable practices, additional research is needed 
to unpack these “supply side” dimensions – i.e., the professionals and organisations that are 
designing and implementing community-centric AI models. As Rothe (2026) notes, the 
problems of digital exclusions and marginalisations are also actively shaped by the ways in 
which digital development projects are designed, funded, and executed – and we believe 
that future research on “equitable AI” will likely need to pay more attention to the donor 
regimes, institutional support, funding models, and organisational paradigms that can 
support the design and implementation of equitable AI projects. For example, “scale” (i.e., 
size and replication) as the sole metric of funding AI model development may undermine 
the depth of impact that is necessary to enable and sustain equity (i.e., strengthening 
stewardship models and local organising practices, improving voice, agency and 
participation of marginalised groups). Therefore, more work is needed to understand the 
extent to which donor logics can be re-aligned to invest in, support or enable community-
led, bottom-up models of AI development (Kak, 2026). 
 
Secondly, the key take way in E1 - which suggests that technology design and development 
professionals must have an understanding of the historical contexts of inequalities has 
implications for practice in terms of the compositions of AI teams, i.e., technology teams 
and CSO partners (as in the CC case), impacted community members, thematic specialists, 
field experts, etc., and the professional backgrounds, disciplinary orientations, and the skills 
and knowledge they bring to the project. 
 
And finally, the practice of “restraint” offers a tangible way to think about the boundaries of 
AI use and non-use, guided by normative principles on the roles, authorities and decisions 
that we do not want to accede to AI, or conversely, those that need to stay in the realm of 
human judgement. 
 

H. Conclusions  
This paper set out to examine how equity can be materialised in the design and 
implementation of AI, drawing on an empirical study of a community-centric participatory AI 
tool implemented in rural India. By adopting the lens of advantageous digital incorporation 
(ADI+), it examined how intentional, value‑driven design and implementation practices can 
reconfigure the terms under which communities are incorporated into AI systems. Our 
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findings show that equity considerations were materialised through three interlinked 
strategies: equity‑oriented problem framing and data co‑production, investment in building 
AI capacities, and efforts to reshape institutional participation norms. At the same time, we 
identify the risks of adverse incorporation, including the potential to entrench relational 
asymmetries. 
 
A key contribution of this study lies in its articulation of what it means to “decentre 
technology” and practice restraint and caution in AI‑mediated development contexts. We 
argue that without a critical understanding of the root causes of marginalisation, a 
deliberate focus on practical utility of AI over AI hype and hyper visibility, and efforts to 
counter AI’s epistemic and political dominance, AI tools risk becoming superficial fixes in 
development. Overall, this paper provides an empirically grounded account of how 
community‑centred AI can move beyond techno‑solutionism and technocratic gatekeeping 
practices towards more equitable forms of digital incorporation.  
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