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Abstract. As artificial intelligence (AI) becomes increasingly embedded in government 
operations, retaining democratic control over these technologies is becoming ever more 
crucial for mitigating potential biases or lack of transparency. However, while much has 
been written about the need to involve citizens in AI deployment in public 
administration, little is known about how democratic control of these technologies 
works in practice.   

This chapter proposes to address this gap through participatory governance, a subset of 
governance theory that emphasises democratic engagement, in particular through 
deliberative practices. We begin by introducing the opportunities and challenges the AI 
use in government poses. Next, we outline the dimensions of participatory governance 
and introduce an exploratory framework which can be adopted in the AI implementation 
process. Finally, we explore how these considerations can be applied to AI governance 
in public bureaucracies. We conclude by outlining future directions in the study of AI 
systems governance in government. 
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1. Introduction 

The last decade has seen exceptional progress in artificial intelligence (AI) research and 
innovation. As AI has moved from a purely technical field to an interdisciplinary domain with 
applications in a wide range of areas, its promise to transform government has also been recognised 
(Margetts and Dorobantu, 2019). However, as public agencies adopt AI at a national and 
subnational level in the hopes of improving public service delivery and informing policymaking, 
the challenges that this poses and the substantive harms which can result from the misguided or 
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premature adoption of AI systems have become more apparent (Rudin, 2019). There is by now 
broad agreement in academic and policy circles that the use of AI in government demands that 
systems are reliable, safe, transparent, and trustworthy, as well as being free from bias (Veale et 
al., 2018b). This is especially the case in public administration, where decision making can involve 
exceptionally high-stakes and carries the risk of serious harms to individuals and communities. 
 
Yet, while technical research has proceeded to investigate how to engineer such systems, there are 
several remaining challenges related to the governance and oversight of AI systems that still need 
to be addressed to ensure that deployed systems function as expected (Margetts, 2022). In 
particular, as we shall argue below, one of the core drivers of many AI failures thus far has been a 
lack of involvement of affected stakeholders and communities, and a wider lack of democratic 
oversight and participation in their design. Thus, many are now calling for AI services in 
government and public administration to involve more explicit citizen participation.  
 
While citizen participation is undoubtedly a goal to strive for in theory, its implementation in 
practice is mired with difficulties which the field of AI, and public administration is only starting 
to come to grips with. In this chapter, we seek to bridge this gap by outlining a framework for 
understanding participatory governance whilst also highlighting how the participatory governance 
of AI raises considerable challenges. In doing so, we hope to contribute to efforts aimed at 
developing participatory governance of AI models that work, taking inspiration both from 
participatory governance literature and from work on the participatory governance of data, a 
closely related subfield that has already started to think about AI governance and participation.  
 
Our chapter is structured as follows. In part one, we provide an overview of the application of AI 
to government and public administration. We highlight many of the novel use cases that are 
emerging, some of the harms that result, and make the case that enhanced citizen participation may 
help mitigate some of these problems. In part two, we sketch a simple framework for understanding 
participatory governance, drawing from key scholars in the field. Finally, in part three, we apply 
this framework to the governance of AI in public administration, highlighting the key challenges 
facing the implementation of a truly participatory form of AI.  
 

2. AI in government and public administration  

AI is a broad term used to describe both machines and computers that appear to act intelligently, 
and the field of study concerned with understanding and developing such systems (Simon, 1995). 
While there is no widely accepted definition, many basic descriptions relate AI to systems that can 
perform tasks which, if performed by people, would be regarded as requiring intelligence (Russell, 
2010). A prominent example is provided by the EU High-Level Expert Group, which defines AI 
as ‘systems that display intelligent behaviour by analysing their environment and taking actions—
with some degree of autonomy—to achieve specific goals’ (Ala-Pietilä and Smuha, 2021). 
Similarly, the working definition of the UK Government, as set out in the National AI Strategy is: 
‘Machines that perform tasks normally performed by human intelligence, especially when the 
machines learn from data how to do those tasks’ (Kazim et al., 2021). An important attribute of AI 
systems captured by these definitions, as highlighted by Köbis et al. (2022), is that AI 
fundamentally differs from static information and communication technologies (ICTs). The 
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implications therein for its use in public administration are potentially transformative; while classic 
ICTs (such as email) allow for the digitalization of procedures and ensure public services are 
accessible online, they do not actually conduct tasks autonomously—AI systems do (Bullock, 
2019; Methnani et al., 2021).  
 

2.1. The uses of AI in government and public administration 

AI technologies are currently being used in various public agencies with the aim of making 
government operations and services more efficient, fair, and responsive. One comprehensive study 
found that, in the context of the United States, nearly half (45 percent) of all federal agencies had 
experimented with AI by 2020 (Engstrom et al., 2020). Globally, AI systems are now being 
employed to process general requests, standardize paperwork flows, administer health insurance, 
provide student aid services, and even detect possible fraud for drug authorities (Bullock et al., 
2022). However, previous research on the use of AI in government has tended to consider the uses 
of AI very broadly and fragmentarily (Wirtz et al., 2019). 
 
While various attempts to classify government applications of AI exist, there is no universally 
accepted framework to determine or analyse the scope of government-related tasks AI systems can 
complete (Bullock et al., 2022). For the purposes of this chapter, we follow Margetts (2022) and 
argue that the current uses of AI can broadly be split into three areas for which AI systems have 
already proved helpful in a public sector context: detection, prediction, and simulation.  
 
Detection is one of the ‘essential capabilities that any system of control must possess at the point 
where it comes into contact with the world outside’ (Hood and Margetts, 2007). In the case of AI, 
machine learning (ML) tools can be deployed, for instance, in the detection of online harms such 
as hate speech, financial scams like fraud, and identity identification. A notable example of the 
latter is the use of facial recognition technology in policing (Zilka et al., 2022). A second, related 
use of AI is for prediction. Governments can employ the predictive capabilities of ML to spot 
patterns and relationships that may be of concern, or which might otherwise have gone unnoticed. 
Recent examples here include recidivism prediction in the criminal justice system (Kleinberg et 
al., 2018) and forecasting future needs in emergency services (Bright et al., 2019). A particularly 
striking example are tools that aim to prevent infant maltreatment by leveraging existing data 
systems to rapidly predict future risk (Lanier et al., 2020). Finally, AI can be used for simulation, 
allowing governments to test and experiment with interventions before they are enacted. More 
specifically, with the use of ML along with other computational methods and large-scale 
transactional data, public agencies can simulate policies like different resource allocation strategies 
to explore any unintended consequences. In the UK context, for example, the National Digital 
Twin programme is considering how the UK can increase system resilience for built environments 
in the face of future extreme weather events caused by climate change (Smith, 2022). 
 

2.2. Challenges for AI in government 

As the use of AI in government has grown, several governance challenges have emerged that stem 
in large part from the civic and public demand for stronger ethical foundations to curtail the 
irresponsible use of data science and AI. As a result, there is now broad agreement both in 
academic and policy circles that the use of AI in government demands systems that are more 
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human-centered (Veale et al., 2018b). Although there is no consensus for defining what human-
centered AI means, it broadly refers to AI systems that address a common set of concerns spanning 
ethics, law, culture, and governance, which may be grouped under the heading of epistemic and 
normative issues (Straub et al., 2022). Each concern can be said to relate to the increasing 
complexity of AI systems and their potential to cause real-world harms. They include, among 
others, the need for systems to be more transparent, reliable, accountable, and interpretable, as well 
as fair, safe, and trustworthy (Estevez et al., 2022). Many of these concerns are a direct response 
to the substantive harms caused by using AI applications within high-stakes decisions. In the case 
of AI used for facial recognition, for instance, it has been shown that algorithms trained with biased 
data have resulted in algorithmic discrimination (Buolamwini and Gebru, 2018). Similar studies 
exist for natural language processing applications which learn word associations from written texts 
(Caliskan et al., 2017). Some scholars have in turn called for a moratorium on government use of 
facial recognition (Crawford, 2019), while several local administrative regions have banned its use 
altogether (Conger et al., 2019). Although AI systems are being developed to be more accurate, 
the body of evidence revealing their perils and pitfalls has continued to grow.  
 
While a range of harms have resulted from careless uses of AI in government, one common thread 
linking them all, we argue, relates to a lack of civic participation and democratic engagement in 
the process of the design, deployment, and assessment of the technologies. As such, our argument 
builds on the work of previous scholars who have argued that people and society are the ‘missing 
dimension’ (Grosz, 2019) in the current AI revolution. While a lack of participatory design 
methods has also been identified as a feature of AI in education, research, and engineering (Grosz 
et al., 2019), we contend that the issue of a participation deficit is perhaps most significant when 
it comes to oversight and governance of AI systems in the context of government, and, as such, 
this is the focus of this chapter. This can be seen where current AI developments and applications 
are, to a large extent, regulated through non-binding ethics guidelines penned by transnational 
entities (Erman and Furendal, 2022). As Widder and Nafus (2022) claim, the field arguably needs 
to get better at understanding relations between institutions and advancing creative ways to 
modularise participation from impacted groups, as opposed to metadata maximalism, defined by 
Gansky and Mcdonald (2022) as ‘practices and infrastructures for achieving normative goals by 
adding contextualizing information to datasets and machine-learning models and services’. 
Notably, although the involvement of civil society is regularly identified as key in ensuring ethical 
and equitable approaches towards the governance of AI by state and non-state actors (Sanchez, 
2021), the reality of AI governance presents a stark contrast. As summarised by Beining et al. 
(2020), ‘civil society organisations that study and address the social, political and ethical 
challenges of AI are not sufficiently consulted and struggle to have an impact on the policy debate’. 
The results, perhaps unsurprisingly, are AI systems that are not open and accessible to all members 
of the public, exhibit biases towards affected groups that were not consulted, and, at worst, result 
in unfair treatment of minorities (Alon-Barkat and Busuioc, 2022; Brantingham et al., 2018; 
Dressel and Farid, 2018; Miron et al., 2021). As AI becomes more and more embedded within 
government operations and decision making, retaining democratic control over these technologies 
will only become more crucial as a means of mitigating such problems.  
 

3. The dimensions of participatory governance 
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In this chapter, we consider the challenge of applying methods of participatory governance to the 
oversight of AI systems in public administration. This section explores several dimensions that 
constitute and define participatory governance alongside illustrative examples of how such 
dimensions have been explored in relation to data and ML. 

Participatory governance is defined by Fisher (2012) as a ‘variant or subset of governance theory 
that puts emphasis on democratic engagement, in particular through deliberative practices’. 
Citizen-led engagement and deliberation are a core element of normative conceptions of 
participatory governance opening up existing legal and institutional arrangements and to 
redistribute power between those institutions and its citizens. Participatory approaches may span 
public inquiries, citizen juries, public dialogue processes and conferences, local associations and 
councils, and citizens assemblies (Dryzek, 2002; Papadopoulos and Warin, 2007). In practice, the 
varied form and design of participatory approaches across domains, whilst necessarily flexible, 
present definitional challenges in identifying common features, structural arrangements, and 
uniform methods. Further, in defining participatory governance structures, the democratic nature 
and quality of participatory governance arrangements is often used as a benchmark (Heinelt, 2018). 
Several methods have been used to operationalize these arrangements. Papadopoulos and Warin 
(2007) focus on the core questions to consider when assessing the potential of participatory 
governance tools to contribute to democratic decision-making. Institutional analysis, and 
particularly the Institutional Analysis Framework (IAD) developed by Elinor Ostrom (1990, 
2005), has been used by Klok and Denters (2018) to analyse and isolate features of the ‘rules in 
use’ of participatory governance arenas ‘where participants propose, debate and eventually 
perhaps decide on what to do’. As such, the applications of the IAD and the questions posed by 
Papadopoulos and Warin (2007) are combined below to outline and explore a number of 
dimensions of democratic participatory governance. 

 

3.1. Institutional Rules and Frameworks  

The first critical element of participatory governance is the institutional rules and frameworks of 
the participation mechanism itself. In a participatory situation, the rules and structure of the ‘action 
situation’, wherein actions produce outcomes, can be highly determinative of participant 
perceptions and the impact of the process (Ostrom, 2005). The participatory ‘institution’ that is 
created may be themed around a particular issue or problem, specific community need or defined 
project, and may differ significantly in its design from the more historical formal decision-making 
bodies that it may intersect with. Applying Ostrom’s Institutional Analysis and Development 
(IAD) framework to analyse participatory governance, Klok and Denters (2018) highlight several 
aspects that need to be considered in such participatory systems. For example, this includes the 
adoption of a design consideration of the institutionalisation of the participatory process, where 
this dimension relates to the significance of early rule formulation and establishing the internal 
operation of the process itself. Balancing the need for process flexibility and clarity is a challenging 
design task and Klok and Denters (2018) outline a general design principle as potentially being 
where ‘the more power is transferred the more clarity and formalization of other rules is needed’.  
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3.2. Openness and Access   

Second, allied to the need to define the varied ‘rules-in-use’ of the participatory governance arena, 
Papadopoulos and Warin (2007) highlight the need to consider questions of openness and access. 
This dimension is focused on the extent to which a particular participatory approach is inclusive 
and accessible to enable engagement with a broad range of citizen knowledge (Krick, 2021). 
Salient questions within this dimension encompass how decisions or inputs will be collated, 
agreed, and shared. Systematically mapping and iteratively assessing information flows through 
the participatory governance process may highlight how participant knowledge can be collected 
and incorporated. Concerns around entry and exit from the governance structure are also 
particularly important. Fung (2006) details a number of important selection questions regarding 
the ‘character of the franchise’ of governance participation. These include: 

• Are important interests or perspectives excluded?; 
• Are they appropriately representative of the relevant population of the general public?; and 
• Do they possess the information and competence to make good judgements and decisions? 

It is important to note that many of the answers to such questions are subjective, value-based 
questions which may change and adapt as a process evolves. In addition, questions around equality 
are key considerations, examples include participant inputs considered ‘equal’ within the process 
and, more broadly, is equality amongst participants a desirable aim or do individuals who are more 
significantly impacted have a higher degree of input. In order for participatory governance to be 
open and accessible, these questions should be considered iteratively and include the direct 
involvement of participants. 

Alongside establishing entry criteria questions, the method of invitation or selection of participants 
is a further important ‘boundary rule’ (Ostrom, 2005) which surfaces wider considerations of 
representation, the role of power (Haus, 2018), and inclusiveness of the wider affected community 
(Damayanti and Syarifuddin, 2020). Accessibility is an essential criterion alongside representation 
and, again, necessitates reflective consultation, and planning at the commencement of envisaging 
a participatory process. Irvin and Stansbury (2004) define a useful number of ideal and non-ideal 
conditions for citizen participation in agency-based decision making including, ‘Key stakeholders 
are not too geographically dispersed; participants can easily reach meetings. Citizens have enough 
income to attend meetings without harming their ability to provide for their families’. As 
Wilkinson et al. (2019) explore, in the context of participatory budgeting, addressing the question 
of who benefits from the process, why they should benefit, and how they benefit is ‘critical to 
ensuring the process is fair, just and worthy of giving their time to and granting their trust in’.   

 

3.3. Actors  

The third critical element of participatory governance is defining, identifying, and locating 
participants within a participatory governance process (Klok and Denters, 2018). This can be a 
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challenging task given that the nature and interests of affected parties may vary considerably. Local 
norms and values of a particular setting or context may significantly influence the willingness and 
ability of participants to engage. Assessing how representative a process is requires significant 
reflection and consultation by those involved in designing the process. Participants may also 
change and develop throughout the lifecycle of the governance process as an understanding of the 
context and implications of a particular decision or project are surfaced and problematised. As 
Klok and Denters (p.137, 2018) outline, ‘formulating the right to formulate new options is a major 
way of ensuring that participants can influence outcomes in line with their preferences’. As such, 
an expectation, of dynamic change during the process, and across all aspects of the lifecycle, are 
important considerations. The increasing complexity of ‘knowledge societies’ may also require 
the involvement of specific experts within a participatory process. Krick (2022) explores the 
tensions in balancing increasing ‘expertisation’ with the aim of expanding the use of participatory 
processes, this work highlights the role of advocacy groups in blending a multiplicity of affected 
viewpoints and expert representation to move beyond individual viewpoints.  

 

3.4. Aggregation and preference elicitation  

In adopting and applying participatory governance approaches, aggregation and preference 
elicitation are also important for clarifying next steps as part of the collaborative process. 
Aggregation refers to how the decisions or outcomes of a particular process will be collated at the 
conclusion or at defined points within the participatory process. Defining aggregation rules is a 
significant yet challenging design consideration. Avoiding stalemate, acknowledging participant 
involvement, and minimising the loss of vital participant knowledge are key considerations in 
capturing key learning and deliberations from the participatory process. If voting or consensus is 
used as an aggregation mechanism, the structures and rules of any voting system will require 
explicit agreement prior to any summative process (Klok and Denters, 2018). Beyond voting, 
participants’ views and knowledge may be represented in both quantitative and qualitative data. 
Examples of this may comprise reports, plans, decision summaries, transcripts, or budget 
proposals. In the production of such aggregations of knowledge, this then raises the question of 
accountability. Klock and Denters (2018) ask, ‘who writes the report?’. In other words, who is 
responsible for the final representation of the process, wherein the rich learnings from the diverse 
participatory process are communicated.   

 

3.5. Intersection with formal structures/governance 

In our assessment of the participatory governance literature and landscape, the final critical 
element of participatory governance involves combining the outcomes derived from participatory 
governance approaches with formal institutional and governance structures for continued 
implementation. Visser and Kreemers (2020), within their work reflecting upon institutional space 
for participatory governance in education, highlight the challenges of bridging ‘distances’ between 
educational stakeholders and particular processes, noting that ‘it is hard to combine the local and 
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diverse context of the schools with the overarching policy themes and processes in the national 
policymaking process’. The analogy of a bridge is particularly useful in considering how the many 
forms of participatory processes may then be incorporated into the structures of decision making 
or policy of a particular domain. The outputs of a particular participatory process will necessarily 
be specific, contextual and, hopefully, align with the agreed aims of the process. However, the 
iterative nature and co-design of a participatory process may itself present challenges in reaching 
agreement regarding the appropriate mechanism to then implement or action the outcomes of the 
process (Goodyear-Smith et al., 2015). The contextual challenges of forming links with more 
formalised or historical local or national processes is an element within the broader absence of 
‘consensus understanding of the proper role or consequences of direct public engagement’ (Fung, 
2015).  

 

4. Participatory governance for AI 

In this section, we apply the critical elements of participatory governance which we identified 
above for thinking about participatory governance and the governance of AI technologies in public 
bureaucracies. While participatory governance in the context of novel technologies can be seen to 
empower people to increase their agency over their data and positively contribute to the 
governance of AI, participatory processes can also introduce new challenges. We seek to expand 
on these challenges in relation to uses of AI in government, building upon the framework for 
understanding participation we outlined in the previous section.  

Our work in this section is inspired by scholarship that has examined participatory governance as 
applied to data, a closely related subfield that has considered many of the questions we wish to 
tackle. It is useful to begin, therefore, with a brief overview of the data governance landscape. Data 
governance comes in many forms and although there is no universally applicable definition, it 
largely refers to frameworks, processes, and practices that support responsible data management 
to ensure that data is secure, accurate, complete, and protected with high levels of integrity (HESA, 
2022; Microsoft, 2020; Stobierski, 2021). More holistically, data governance considers the data 
lifecycle and contextualizes the who, how, and what when it comes to the data collection, 
processing, and sharing lifecycle. 

Data governance came to prominence with the recognition that in our data-driven society 
(Pentland, 2013), the ownership and ways in which data is being collected, processed, and analysed 
has become more complicated. This makes it more difficult for individuals to understand how their 
personal data is being used (Veale et al., 2018a) and how to make choices that are more in line 
with their privacy preferences (Gerber et al., 2018). As new technologies enable the capture of 
information, the creation of an information commons recognises that information is no longer a 
free and open public good, but now needs to be managed, monitored, and protected for archival 
sustainability and accessibility (Hess and Ostrom, 2001). In addition to the legal and technological 
measures (much of which were developed following the implementation of the EU General Data 
Protection Regulation (GDPR) 2016) for ensuring that principles such as data minimisation, data-
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protection-by-design, and mandating data protection rights are employed, wider stakeholder 
inclusion has been considered beyond the protection of personal data alone (Malcolm, 2015). 

Data governance is seen as both supplementary and evolutionary to existing regulations and 
technological solutions that aim to increase the socioeconomic value of individual and collective 
forms of data (Coyle et al., 2020). As part of data governance, participatory methods are 
increasingly seen as crucial for ensuring that data is properly collected, processed, managed, and 
protected. For example, in consideration of participatory data governance or participatory methods 
as part of data management, numerous organisations have incorporated stakeholder engagement 
practices (Wong et al., 2022), such as the Ada Lovelace Institute’s ‘Participatory data stewardship’ 
report (2021b) that establishes a framework for involving people in the use of data to operationalise 
practices that empower people to help inform, shape, and govern their own data. Meanwhile, 
Waag, in their Urbanite project (2021), has also assessed people’s experiences with disruptive 
technology through a participatory lens. The project examined the effectiveness of participatory 
processes as part of democratic citizen engagement that involves taking part in ideating, debating, 
and implementing initiatives in the public sphere. 

More recently, European regulatory developments such as the EU Data Governance Act (DGA) 
2020 have considered new mechanisms for facilitating the re-use of public sector data and 
encourage data sharing. This includes AI technologies, such as regulating data intermediation 
services, creating common European data spaces, and promoting data altruism through data 
cooperatives (Bietti et al., 2021). 

For the remainder of this section, we will draw on the insights from studies involving participatory 
data governance to highlight the key challenges facing the application of participatory governance 
to AI in the context of public administration, making use of the framework developed in Section 
3.  

 

4.1. Institutional Rules and Frameworks 

The first area to consider are the institutional rules and frameworks through which participation in 
the public administration sphere takes place. In general, there is no one fixed format for 
participatory processes, and many are convened ad hoc in response to the emergence of particular 
projects. However, institutionalizing new forms of participation takes time. Hence creating new 
structures for every new AI project in a public administration context may not be appropriate. In 
the context of data governance, it is worth highlighting the development of generic platforms for 
enabling participation that may also prove effective in the AI context. For example, in the case of 
smart cities and citizen participation in an urban environment, decidim is an online digital platform 
for citizen participation that aims to help citizens, organisations, and public institutions self-
organise democratically (decidim, 2019). Yet, it is equally important to remember the issue of 
digital divides in this context, and not to over-rely on technology to solve governance issues 
(Londonwide LMCs, 2019). 
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4.2. Openness and Access   

The area of openness and access has also raised considerable challenges when considering the 
adoption of AI in government and public administration. Engaging the public in the governance 
of technology is not an easy task in practice. Existing studies of participatory data governance have 
highlighted uncertainties over long-term efforts and effectiveness inherent in participation as one 
core reason why people are often sceptical about joining in (Waag, 2021). More generally, it may 
be difficult to ensure that participation is diverse or representative of the population (Karanasiou, 
2019; Waag, 2021), with technology enthusiasts perhaps more likely to be represented than others. 

Citizen’s ability to access participatory governance processes can also be limited by the high entry 
barriers in terms of specialist knowledge that may be required to understand a particular AI 
application. While research and development in the field of ‘explainable AI’ continues to grow 
(Adadi and Berrada, 2018; de Bruijn et al., 2022; UK Central Digital and Data Office, 2022), the 
technology nevertheless remains largely a ‘black box’ to the public at large (Lipton, 2017; 
European Commission, 2021). Indeed, while explaining AI to skilled practitioners is certainly 
feasible, it remains to be seen whether the general public will reach the level of comprehension of 
the technology to necessitate meaningful agency and participation, or whether such high levels of 
technical knowledge and digital literacy are feasible in democratic systems (Bulfin and McGraw, 
2015). Notably, prominent initiatives aiming to fill this public knowledge do exist. One such 
example is Elements of AI, a first-of-its-kind online course, accessible to all, that teaches some of 
the core technical aspects and social implications of AI developed by the publicly funded 
University of Helsinki and technology company Reaktor, which has reached over 130,000 people 
(Elements of AI, 2020). Another such example is the Methods for Inclusion project led by the non-
profit Partnership on AI, which aims to champion a participatory approach to the design of AI and 
ML systems by amplifying the voices of the public, and specifically impacted communities, in the 
development of these systems (Yang and Park, 2020). Nevertheless, those advocating for further 
citizen participation in the process of AI technologies must recognise that participation in AI may 
never come with a sophisticated understanding of the technology. Furthermore, while some 
individuals may grasp how AI technologies are deployed within public administration, many may 
not: hence, participatory democracy in data-related projects may exacerbate digital divides 
(Londonwide LMCs, 2019) and increase inequalities of participation.  

Additionally, it is important to distinguish participatory governance and methods from increased 
transparency and communication of processes. For example, while increased support for open 
research, data, and AI can help increase individuals’ understanding of data and governance to 
allow for greater accountability (Brandusescu et al., 2019), this does not equate to encouraging 
participation, consultation, or agency within participatory governance (Fung, 2015). 

 

4.3. Actors 

Alongside the questions of openness and access there is also the question of who is allowed to 
participate in the process. Often, this is a question related to geographic scope and scale. In the 
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case of policing, community involvement in policing such as Neighbourhood Watch in the UK 
and Safeland in Sweden is often structured at the local level (Mulgan et al., 2018); however, 
community involvement in AI driven policing may have a different required geographic scope as 
technologies developed in one context can often be unthinkingly ported into another (Fung and 
Wright, 2003).  

Considering participation requirements also relate to the question of experts’ involvement. As 
highlighted in our chapter, participatory processes have an uneasy relationship with experts. On 
the one hand, they can facilitate public engagement by providing a link between citizens and a 
complex subject. On the other hand, they may erect another implicit barrier to participation and 
make governance technocratic rather than truly democratic. One interesting example in this context 
is data stewards. Within data governance, data stewardship frameworks operationalise this 
redistribution of power to maximise the potential value of data (University of Washington, 2022). 
Similar to data governance, there is no universal definition for data stewardship (Informatica UK, 
2022; O’hara, 2019). Data stewardship generally refers to processes by which data governance 
policies can be implemented for the benefit of stakeholders within the data management process 
(FAIRsFAIR, 2022; Plotkin, 2021). Data stewards refer to a specific individual or role that enacts 
data stewardship (Loshin, 2009), often with fiduciary duties or responsibilities (Rosenbaum, 2010; 
Winowatan, 2019). Similar stewardship roles may also be valuable in the context of AI in public 
administration but must be carefully defined to ensure that such stewards enable and not replace 
citizen’s involvement as part of the participatory governance process. 

 

4.4. Aggregation and preference elicitation 

In the specific context of AI in government and public administration, participatory governance 
approaches have also been considered (Stephens, 2021; Balaram et al., 2018). One example is a 
Citizens’ Jury, a method developed by The Jefferson Center that involves a group of citizens 
representative of the local area who come together to deliberate and find commons ground on a 
given issue, (Involve, 2018). The National Institute for Health Research Greater Manchester 
Patient Safety Translational Research Centre and the Information Commissioner’s Office (ICO) 
in the UK explored what people expect to know about how an AI system reaches a decision as part 
of the Citizens’ Juries on Explainable AI project (Health e-Research Centre, 2019). The findings 
and outcomes of the projects were aggregated to produce guidance that gives organisations 
practical advice to help explain the processes, services, and decisions delivered or assisted by AI, 
to the individuals affected by them (ICO and The Alan Turing Institute, 2020). 

Regulators might also seek to turn to digital technologies including AI applications themselves, in 
order to make the process of aggregation and preference elicitation more effective, inclusive, and 
democratic. Research in the field of digital democracy (Clark et al. 2019) and collective 
intelligence, an interdisciplinary field concerned with the enhanced capacity that is created when 
people work together, has shown how new digital tools can facilitate conversation and consensus-
building between diverse opinion groups (Saunders and Mulgan 2017). One tool using AI that has 
received widespread coverage is Pol.is, an open-source online platform that invites participants to 
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enrich a debate (Small et al. 2021). Having been recently trailed in a UK policy context (Buch 
2022), the application uses machine learning to group participants according to how they vote on 
all statements in the debate. Another prominent example at national level is vTaiwan, a platform 
originally launched in 2014 and designed to engage experts and relevant members of the public in 
large-scale deliberation on specific topics (Hsiao et al. 2018). Further case studies are discussed 
by Ryan et al. (2020). While many such tools have yet to be systematically adopted at a large scale, 
they show the potential of using AI to improve participation. A recent review of the growing 
collective intelligence fields has shown this area of research is increasingly influenced by AI-
focused research (Berditchevskaia et al. 2022), suggesting that many more AI tools may help to 
further promote participation in the near future. 

 

4.5. Intersection with formal structures of governance 

A final consideration in the context of AI for public administration is how the results of 
participatory and deliberative processes can be integrated into formal structures once they have 
emerged. Data governance provides examples of data stewardship frameworks. These include: 

• Data trusts (legal structure that facilitates the storage and sharing of data through a 
repeatable framework of terms and mechanisms, so that independent, fiduciary stewardship 
of data is provided) (Hardinges, 2020); 

• Data cooperatives (a group that perceives itself as having collective interests where an 
autonomous association of persons unite voluntarily to meet their common economic, 
social, and cultural needs and aspirations through a jointly owned and democratically 
controlled enterprise in context of data) (Ada Lovelace Institute, 2021a; International 
Cooperative Alliance, 2018); and 

• Data commons (a collective set of resources that may be: owned by no one; jointly owned 
but indivisible; or owned by an individual with others nevertheless having rights to usage) 
(Ada Lovelace Institute, 2021a; Fisher and Fortmann, 2010). 

These frameworks all include participatory methodologies to varying degrees and as different parts 
of the data governance process. However, given the absence of agreement regarding the roles and 
routes for participatory governance, it is unsurprising that tensions may emerge from local 
participation processes and ongoing attempts for regulation and governance. One example is the 
intersection between participation and standards setting bodies, where on one hand, it is 
increasingly recognised that international standards will be a critical part of developing a mature 
AI ecosystem, but on the other hand, such standards may override locally developed norms and 
community practices.  

 

5. Conclusion 

Despite the promises of responsible and ethical AI research, the challenges that the use of AI in 
government and public administration pose are only growing, especially as the complexity and 
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applicability of AI systems continues to increase. At the same time, it has been recognised that 
many of the challenges posed by AI systems stem from a lack of democratic involvement and 
engagement of affected communities, citizens, civil society, and society at large. However, while 
in theory, citizen participation is undoubtedly a goal to strive for, its implementation in practice is 
mired in difficulties with which the field of AI and public administration is only starting to get to 
grips with. In this chapter, we have sought to advance this goal, by outlining a framework for 
understanding participatory governance through identifying key considerations, while also taking 
into account how participatory governance of AI raises particular challenges as applied to 
government and public administration. 

Going forward, in the realm of AI governance, we are still at the beginning of establishing and 
embedding formal channels of participatory governance within existing state institutions as well 
as incorporating such approaches meaningfully into the ecosystem of data use and AI development 
practices. Empirical research which explores the unique benefits and challenges of such 
approaches, therefore, has the potential to greatly shape future policy. Further inquiry will thus 
benefit from considering how citizen participation can be directly embedded into the oversight of 
the design, development, and deployment of AI systems. Beyond this, the lack of effective 
education of AI and the potential knock-on effects this has on the current development of 
information societies globally calls for more immediate macro-level action. In reconsidering the 
frameworks underpinning the governance of AI, growing calls to focus on citizen participation 
and to treat government AI systems as a public good managed in the public interest are warmly 
welcomed as one further avenue of research that can help pave a path forward towards a more 
democratic, participatory future. 
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