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This book series brings into its fold key and emerging topics on the interactions 
between growing artificial intelligence technologies and their social impacts. It 
addresses various aspects of the relationship between AI, simulation, and society and 
provides insights into their intersections and stimulates discussions on the oppor-
tunities and challenges they present. The series is multi- and transdisciplinary in 
scope, and dynamic. It invites academic contributed volumes and monographs, but 
also more popular work suitable for lay readership, and innovatively includes some 
science fiction to initiate readers into the scope and aims of this novel series. 

The specific themes and topics covered under the series are:

• The ethical and societal implications of AI: The series delves into the ethical 
considerations and societal impacts of AI technologies. It explores topics such 
as privacy, bias, job displacement, and the role of AI in shaping social structures 
from a social science point of view (sociological, political, economic, cultural, 
legal).• Simulation and modeling of social systems: The series explores how simulation 
techniques are used to model and understand complex social systems and create 
artificial societies in silico. It covers topics such as social network analysis, agent-
based modelling (ABM), and the simulation of collective behaviour.• AI and social simulation: The series explores how AI technologies are used in 
social simulation, for example, modelling intelligent agents in agent architectures 
of ABM, or calibrating and validating models using intelligent data mining and 
analysis techniques.• AI and simulation in social philosophy: It looks at how AI and simulation 
are depicted in social philosophy, for example, the role of AI and simulation 
in socio-technical evolution, the position of AI and simulation in Western ratio-
nalism, philosophical counter-designs of current developments, ontological and 
epistemological limitations and barriers of AI and simulation.• AI, simulation and society in fiction: The series also innovatively examines the 
portrayal of AI and simulation in and as fiction, demonstrating how these themes 
reflect societal fears, aspirations, and ethical dilemmas. The series contains both 
original fiction and second-order analyses.• AI and simulation in entertainment: It covers simulation techniques, combined 
with AI, that are used to create virtual worlds and characters that mimic human 
behaviour. Such simulations are used, for example, in video games, virtual reality 
experiences, and entertainment applications.• AI and simulation in various disciplines: The series discusses the applica-
tions of AI and simulations that are/will be transforming various disciplines and 
domains such as healthcare (e.g. in medical diagnosis, drug discovery, and patient 
care), work (e.g. automation, Industry 4.0, workforce dynamics), or education 
(e.g. virtual reality, personalised learning systems, intelligent tutoring systems). 
It discusses the potential benefits and challenges of integrating these technologies 
into the conventional space.• AI, simulation, and policy: The series analyses how AI and simulation techniques 
can inform the policy cycles. It discusses the use of predictive modelling, analysis 
of what-if scenarios, and decision support systems in shaping policies in various 
policy domains such as public policy, technology policy or environmental policy.
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Preface 

This book, Participatory Modelling and Simulation to Improve AI-based Public 
Social Services—Scientific Advice for Policy and Practice, is the second volume 
presenting results from interdisciplinary research conducted across the globe. The 
research originates from the international project Artificial Intelligence for Assess-
ment (AI FORA), in which social scientists collaborated with computer scien-
tists to examine systems of Artificial Intelligence (AI) that are now being (or are 
planned to be) used to distinguish beneficiaries from non-beneficiaries in welfare 
provision decisions—a process known as social assessment. The project employed 
participatory methods involving stakeholders from policy, industry, law, and other 
domains, including civil society and, in particular, vulnerable groups. These groups 
were included through AI FORA’s “Safe Spaces” initiative, hosted at Benedictine 
monasteries. 

Because criteria for social assessment vary significantly across cultures, AI FORA 
conducted nine empirical case studies to enable international comparison. These 
studies collected data on social assessment practices and AI use in welfare systems 
in Spain, Estonia, Germany, Iran, India, Nigeria, Ukraine, China, and the USA. 
Led by the project’s social science partners, the results were published in the first 
volume, Participatory Artificial Intelligence in Public Social Services—From Bias 
to Fairness in Assessing Beneficiaries (2025), as part of the same series. 

This second volume, authored by case study partners and led by the project’s 
computer scientists, is structured into three sections that together illustrate the AI 
FORA approach and its transformative potential for designing AI systems in public 
social services. Each section corresponds to a distinct phase of the project’s trajec-
tory—from developing models that make decision processes explicit, to engaging 
policymakers in shaping AI adoption, and finally, to looking ahead toward future 
research directions and applications. 

The first section presents the agent-based models (ABM) developed within 
AI FORA to represent welfare decision-making systems across diverse national 
contexts. These models formalize how applicants, social workers, and institutions 
interact under existing rules and constraints, exposing bottlenecks, inefficiencies, and 
fairness trade-offs often hidden in practice. By providing computational testbeds for
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exploring alternative rules and policies, ABM serves as a powerful tool for partici-
patory reflection and the collective design of AI-based decision-support systems that 
are context-sensitive and socially legitimate. 

The second section demonstrates how modelling results were translated into 
policy dialogue, ensuring that scientific insights could inform real-world decision-
making. Through dedicated workshops and stakeholder engagements, policymakers, 
practitioners, and experts discussed simulation findings on fairness, efficiency, data 
quality, and the role of AI in welfare provision. These contributions illustrate how 
participatory dissemination formats can build trust, foster interdisciplinary collabo-
ration, and support the development of governance frameworks that align AI adoption 
with public values and societal needs. 

The final section explores future directions for participatory AI research and prac-
tice, drawing on lessons learned in AI FORA to envision new methodologies and 
applications. The chapters present a vision for ethically robust, human-centric AI 
supported by participatory modelling and simulation; propose approaches to antic-
ipate and mitigate systemic biases across institutions; consider how the AI FORA 
methodology could be adapted to new domains such as climate crisis management; 
and examine how immersive technologies can enhance collaborative creativity in 
AI design. Collectively, these contributions chart a path forward for the evolution of 
participatory AI frameworks, demonstrating how they can help shape more inclusive, 
transparent, and adaptive AI systems for the public good. 

The two scientific volumes are accompanied by literary fiction designed to intro-
duce non-scientific audiences to the research themes. The introductory novel, Angels 
and Other Cows—A Celestial Adventure into AI Worlds, the Social Good, and 
Unknown Connections, published in Springer’s Artificial Intelligence, Simulation 
and Society series in 2024, is already available. A concluding fantasy novel, 
completing this AI FORA series, is expected in 2027. 

One of the leads of AI FORA’s Safe Spaces, M. Maire Hickey OSB from Kyle-
more Abbey in Ireland, sadly did not live to see the publication of this second scien-
tific volume; the project team mourns her passing in 2025. The editors extend their 
deepest gratitude for the many constructive—and at times challenging—discussions 
with the outstanding academic colleagues, project partners, and reviewers who helped 
shape the research presented in this book. Among others, we thank: Martha Bicket, 
Ebin Deni Raj, Mahesh Sasikumar, Ashly Ann Jo, Maris Männiste, Triin Vihalemm, 
Albert Sabater Coll, Beatriz Lopez, Roger del Campepadros, Hassan Bashiri, Erik 
Johnston, Jesús Siqueiros Garcia, Martin Neumann, Elisabeth Späth, Blanca Luque 
Capellas, David Wurster, Elisabeth André, Ruben Schlagowski, Sumathi Srini-
vasalu, Tome Sandevski, George Kampis, Zsolt Juranyi, Massimo Rusconi, and Dario 
Brockschmidt.
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Chapter 1 
Participatory Artificial Intelligence 
in Public Social Services: Modelling 
for Policy and Practice 

Petra Ahrweiler and Nigel Gilbert 

Abstract This introductory chapter sets the context, purpose, and structure of this, 
the second volume in the AI FORA series. It begins by outlining the opportuni-
ties and controversies surrounding the use of Artificial Intelligence (AI) in welfare 
systems worldwide. The chapter positions the book as a continuation of Partici-
patory Artificial Intelligence in Public Social Services: From Bias to Fairness in 
Assessing Beneficiaries (Springer, 2025), the first AI FORA volume, which provided 
empirical insights into how welfare assessments are currently made and highlighted 
fairness, legitimacy, and bias challenges in AI-supported decision-making. Building 
on this foundation, Volume II introduces a participatory, model-based approach to 
designing future AI systems for public services. The AI FORA research strategy 
is presented as an iterative process that combines agent-based modelling (ABM), 
serious games, synthetic data generation, and policy workshops. This strategy creates 
a safe innovation space where stakeholders can make decision processes explicit, 
explore alternative rulesets, and collaboratively prototype AI systems aligned with 
societal values. The chapter discusses three key roles of modelling in this process— 
representing current welfare practices, enabling experimentation with new rules, and 
bridging human deliberation and machine learning to build transparent AI proto-
types. It explains why ABM is uniquely suited for capturing the complexity and 
heterogeneity of real-world welfare systems and supporting democratic innovation 
cycles. The chapter concludes by outlining the book’s structure, showing how subse-
quent chapters document AI FORA’s approach across multiple national contexts, 
connecting computational modelling to policy practice, and setting future directions 
for participatory, trustworthy AI in public services.
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2 P. Ahrweiler and N. Gilbert

Artificial Intelligence (AI) is rapidly transforming public administrations worldwide, 
promising to make social service delivery faster, more consistent, and data-driven. 
Governments increasingly turn to algorithmic decision-support systems to determine 
eligibility for welfare benefits, allocate scarce resources, and prioritise applicants. 
Yet, the deployment of AI in welfare systems has been fraught with controversy. 
Automated systems have been criticised for entrenching historical biases, producing 
opaque and seemingly arbitrary decisions, and undermining public trust in state insti-
tutions. In some cases, poorly designed algorithms have caused real harm, leading 
to wrongful benefit denials, stigmatisation, and legal disputes. 

These challenges highlight a fundamental tension: AI does not operate in a social 
vacuum. Welfare systems are not only technical infrastructures but also expres-
sions of societal values, reflecting contested views of fairness, deservingness, and 
solidarity. Simply “digitising” existing rules or importing algorithmic models from 
other contexts risks ignoring the institutional complexity and moral underpinnings of 
welfare decision-making. The result can be a mismatch between what the technology 
delivers and what society considers just or legitimate. 

This book is the second volume in the AI FORA series, following the publication of 
Participatory Artificial Intelligence in Public Social Services: From Bias to Fairness 
in Assessing Beneficiaries (Springer, 2025). While Volume I focused on the empirical 
foundation of AI FORA—investigating how algorithmic decision-making currently 
shapes welfare services across diverse national settings—this second volume builds 
on those findings by developing and applying computational modelling methods for 
policy and practice. Together, the two volumes form a comprehensive account of 
AI FORA’s research agenda, moving from empirical understanding to participatory, 
model-based design of future AI systems for public services. 

This book presents an alternative vision for designing AI in public social 
services—one grounded in participation, transparency, and iterative experimentation. 
Drawing on the AI FORA project, it introduces a modelling strategy that creates a 
safe space for innovation, where diverse stakeholders can explore how welfare assess-
ments are currently made, debate what “better” decision rules might look like, and 
test the potential role of AI before any real-world implementation. The approach 
combines agent-based simulation, serious games, and policy dialogue to bridge the 
gap between technical feasibility, societal values, and institutional realities. 

By documenting this process and its outcomes across multiple countries, this 
volume aims to demonstrate that AI for public services can be co-created rather 
than imposed. It argues that future welfare technologies must be context-sensitive, 
value-driven, and democratically governed, not merely efficient or data-rich. The 
chapters that follow offer both practical lessons and conceptual insights, showing how 
participatory modelling can help shape a more trustworthy and socially responsive 
future for AI in welfare provision.
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The AI FORA Research Strategy: A Participatory Approach 
to Designing “Better AI” 

The AI FORA research strategy described in this volume builds directly on the 
empirical insights published in Volume I (Ahrweiler 2025). While the first book 
documented the realities of welfare decision-making and surfaced key challenges 
of fairness, legitimacy, and bias in existing AI use, the current book translates those 
findings into a participatory modelling framework for designing socially desirable AI 
systems. Readers are encouraged to consult the first volume for detailed qualitative 
and quantitative analyses of current welfare assessments and AI adoption, which 
provide the empirical foundation for the modelling and policy approaches described 
here. 

The AI FORA research strategy allows governments and communities to proto-
type socially desirable AI systems before they are deployed. At its core, the AI FORA 
strategy combines agent-based simulation, serious games, and machine learning 
prototyping in an iterative, participatory process (cf. Figure 1.1; already published in 
Ahrweiler et al. 2024). This approach provides a safe testbed for exploring how AI 
could—and should—make decisions in welfare systems, ensuring that such systems 
are responsive to the societies they serve. 

The strategy consists of seven steps: 

1. Mapping the existing system. 

The process begins by analysing how public social services are currently assessed 
and allocated in a specific national or regional context. This step combines policy 
analysis, technical investigation, and participatory system mapping workshops. The

Fig. 1.1 The AI FORA research strategy (Ahrweiler et al. 2024) 
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resulting conceptual model identifies actors, decision rules, institutional routines, 
and points of potential bias. It provides the foundation for formal modelling and 
stakeholder engagement. 

2. Building an initial agent-based model (ABM). 

An ABM is then developed to computationally simulate the current social assess-
ment process. Agents represent applicants and social workers, interacting under 
the existing decision rules and resource constraints. This baseline model (“Ruleset 
1”) reveals systemic behaviours, such as bottlenecks, inequities, or unintended 
exclusions, and serves as a transparent artefact for stakeholder discussion. 

3. Stakeholder engagement through gamification. 

To ensure that diverse societal perspectives inform AI design, AI FORA uses 
serious games. Participatory workshops immerse social workers, policymakers, 
NGOs, and other stakeholders in simulated assessment scenarios based on real-
life applicant narratives. Participants deliberate on fairness, eligibility criteria, and 
trade-offs, collaboratively proposing improved decision rules. This process gener-
ates a revised “better ruleset” (Ruleset 2) that captures local value judgments and 
practical expertise. 

4. Iterative refinement between games and models. 

The ABM and serious games form a feedback loop: proposed rules are tested in 
the model, systemic outcomes are analysed, and stakeholders review results to refine 
their proposals. This iterative process makes hidden biases and unintended effects 
visible, fostering collective learning and co-design of fairer assessment practices. 

5. Scaling up with synthetic populations. 

To evaluate how new rulesets would affect entire populations, AI FORA gener-
ates synthetic datasets that statistically mirror real demographic data while preserving 
privacy. Running both current and improved rulesets on these datasets allows assess-
ment of distributional impacts, such as who receives services under different decision 
regimes. 

6. Prototyping AI decision-support tools. 

The improved rulesets and synthetic data are used to train a machine learning 
model that replicates stakeholder-agreed decision logic, rather than historical biases. 
This results in a prototype AI tool capable of advising social workers or policymakers 
on eligibility decisions. Unlike black-box systems, this approach ensures that AI 
recommendations are transparent, traceable, and socially validated. 

7. Validation and policy insights. 

Finally, stakeholders review the prototype AI’s outputs, providing qualitative and 
quantitative feedback on fairness, legitimacy, and practical feasibility. Policymakers 
can then use these insights to guide real-world AI system development, avoiding 
costly mistakes and building public trust in technology-assisted social services.
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Through this high-level research strategy, AI FORA demonstrates that respon-
sible AI design in public services requires participatory, context-aware, and testable 
innovation pathways. By integrating social science, computational modelling, and 
stakeholder expertise, this approach bridges the gap between technological poten-
tial, societal values, and policy needs, offering a blueprint for “better AI” in welfare 
provision worldwide. 

The Role of Modelling in the AI FORA Research Strategy 

AI in public social services often operates as a “black box”, relying on historical 
data and opaque algorithms to decide who receives welfare benefits or support. The 
AI FORA strategy takes a fundamentally different approach: as depicted in Fig. 1.1, 
it uses a combination of empirical research and computational modelling as the 
backbone of a participatory strategy to design socially desirable, context-aware AI 
systems before they are deployed. 

The results of the empirical research components have been published in 
Ahrweiler (2025). Data from empirical research in AI FORA’s case studies inform 
the modelling steps. Modelling plays three crucial roles in this process: representing, 
exploring, and prototyping decision-making systems for welfare provision. 

Representing the status quo The first step in AI FORA’s modelling concept is to 
translate existing welfare assessment practices into a formal, computational model. 
Using agent-based modelling, the project builds simulations of how applicants and 
social workers interact under current decision rules and resource constraints. This 
“baseline model” reveals the hidden dynamics of eligibility determination: who waits 
in queues, how scarce resources are allocated, where bias and inefficiency may arise. 
By making implicit decision routines explicit, modelling creates a transparent artefact 
that stakeholders can interrogate, critique, and improve. 

Exploring alternatives Modelling then becomes a testbed for innovation. During 
participatory workshops and serious games, stakeholders propose changes to assess-
ment rules to better reflect local fairness norms or practical experience. These revised 
rules are fed into the ABM, which simulates their systemic effects. Stakeholders can 
see, for example, how new rules alter who receives services, whether certain vulner-
able groups benefit or lose out, and what unintended bottlenecks might emerge. 
This iterative loop between human deliberation and computational simulation allows 
participants to explore “what if” scenarios safely, without risking harm to real people 
or systems. 

Prototyping future AI systems Finally, modelling provides the bridge to algo-
rithmic implementation. Once an improved ruleset has been developed and validated 
in simulations, it is combined with synthetic population data to assess its effects at 
scale. The resulting dataset can then be used to train a machine learning model that 
replicates the stakeholder-agreed decision logic. This prototyped AI system is not a 
black box trained on biased historical data, but a transparent, collectively designed
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tool aligned with societal values. Policymakers and practitioners can review, test, 
and refine this prototype before considering real-world deployment. 

Through these three functions, modelling acts as the engine of responsible inno-
vation in AI FORA. It translates complex social processes into an analysable form, 
provides a safe experimentation space for exploring alternatives, and bridges the 
gap between human values and machine learning. Far from being a purely tech-
nical exercise, modelling becomes a socially embedded practice, enabling dialogue 
between stakeholders, technology developers, and policymakers on what “better AI” 
for welfare systems should look like. 

The Role of ABM in the Modelling Concept 

Agent-Based Modelling (ABM) is the cornerstone of AI FORA’s modelling concept 
to designing “better AI” for public social services because it uniquely supports 
the representation, exploration, and co-design of complex, value-laden decision 
processes in ways that other modelling techniques cannot. Unlike system dynamics 
or purely statistical models, which often rely on aggregate variables or histor-
ical correlations, ABM explicitly models individual actors and their interactions 
within welfare systems. Applicants, social workers, administrators, and institu-
tional rules are represented as autonomous agents with their own attributes, decision 
logics, and constraints. This micro-level granularity makes it possible to capture the 
heterogeneity of cases, discretionary judgments, and localised variations in policy 
implementation that characterise real-world social assessments. 

As a result, ABM can reveal emergent dynamics—such as unintended inequities or 
bottlenecks—that remain invisible in top-down, equation-based models. ABM also 
provides flexibility in representing institutional complexity and uncertainty. Welfare 
systems are not governed by fixed formulas; they involve multiple decision-makers 
operating under changing legal frameworks, incomplete information, and shifting 
societal values. ABM allows the incorporation of formal rules, tacit norms, stochastic 
events, and bounded rationality, producing simulations that more closely mirror 
real decision-making environments. This is particularly important for designing 
AI systems that are not only technically accurate but also socially legitimate and 
context-specific. 

Beyond descriptive power, ABM offers a safe experimentation and co-design plat-
form. Stakeholders can propose new rules for allocating welfare resources, which are 
then implemented in the model to explore “what-if” scenarios and anticipate systemic 
effects. Unlike purely analytical or optimisation-based models that yield prescrip-
tive solutions detached from social context, ABM supports interactive, deliberative 
experimentation, where participants can test ideas, learn from feedback, and collec-
tively refine decision criteria. This makes it a natural fit for participatory workshops 
and serious games, where diverse perspectives on fairness, efficiency, and eligibility 
can be translated into computational logic and immediately visualised for discussion.
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Other approaches often struggle to connect local decision rules with system-
wide consequences, making ABM particularly valuable for anticipating unintended 
effects of AI-supported welfare assessments. ABM bridges the gap between micro-
level decision processes and macro-level policy outcomes. Simulating individual 
interactions across synthetic populations allows exploration of distributional impacts 
and equity trade-offs before real-world implementation. 

Finally, ABM creates a transparent, testable foundation for developing prototype 
AI decision-support tools. Because rules are explicit, traceable, and iteratively refined 
through stakeholder input, the resulting models provide a blueprint for AI systems 
that are explainable, auditable, and aligned with societal values. This contrasts with 
many machine learning approaches that depend on historical data and produce opaque 
decision boundaries, risking the reproduction of past biases. 

In sum, ABM was chosen for AI FORA’s modelling concept because it

• Represents heterogeneous actors and decision-making processes more faithfully 
than aggregate or equation-based models.

• Captures emergent effects of complex institutional interactions.
• Supports participatory co-design and transparent experimentation with alternative 

rulesets.
• Links individual-level decisions to population-level policy outcomes.
• Provides an auditable foundation for trustworthy AI development. 

These qualities make ABM uniquely suited for responsible innovation in public 
services, enabling governments and stakeholders to prototype AI systems that are 
socially grounded before deployment. 

Gamification and Simulation: A Participatory Innovation 
Loop 

AI FORA’s modelling concept leverages a powerful combination of gamification 
and simulation to involve stakeholders directly in shaping AI-based welfare systems. 
This approach is increasingly referred to as GAM (Games + Agent-Based Models) 
in the literature (Szczepanska et al. 2022). The approach has gained prominence 
in participatory modelling and decision support because it can bridge qualita-
tive, experiential knowledge and quantitative system analysis in the exploration of 
social complexity. Games provide immersive, rule-based environments where partic-
ipants—such as service users, frontline workers, and policymakers—can experience 
real-life dilemmas around eligibility, prioritisation, and fairness. 

They allow stakeholders to externalise tacit knowledge, test assumptions, and 
negotiate competing values in a safe, shared space. This aligns with findings in 
the GAM literature that role-playing games and serious games enhance stakeholder 
engagement, foster social learning, and help capture context-specific decision rules 
that might otherwise remain hidden or implicit.
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Agent-based models complement this by enabling systematic experimentation 
and scaling up of game insights. Decisions and rules proposed during gameplay are 
encoded into simulations to test their broader consequences under varying conditions. 
This supports counterfactual “what-if” analyses, exploration of unintended effects, 
and observation of emergent dynamics that are difficult to foresee during qualitative 
deliberation alone. According to Szczepanska et al. (2022), combining games and 
ABMs is particularly valuable because both approaches can integrate qualitative and 
quantitative data, mirror complex multi-actor systems, and provide feedback loops 
between real-world decision-making and virtual experimentation. 

AI FORA extends the GAM approach in two key ways: 

1. It embeds games and simulations in an iterative policy co-design cycle, where 
stakeholders repeatedly propose, test, and refine alternative decision logics. 

2. It explicitly connects GAM outputs to the design of AI decision-support tools, 
transforming participatory insights into traceable, implementable algorithmic 
rules. 

This dynamic interaction between gaming and simulation goes beyond informa-
tion elicitation or model validation: it creates a participatory innovation loop where 
diverse perspectives are translated into formalised models, tested for systemic impact, 
and transformed into actionable policy and AI design options. By linking human 
reasoning and computational experimentation, AI FORA contributes to advancing 
the state of the art in GAM, demonstrating how serious games and ABMs can jointly 
support transparent, trustworthy, and value-sensitive AI systems for public services. 
By embedding games and simulations in an iterative, policy-oriented co-design 
process and explicitly linking their outcomes to the development of AI decision-
support tools, AI FORA advances the emerging GAM methodology. It demonstrates 
how combining games and ABMs can move beyond stakeholder engagement or 
model validation, providing a structured pathway from participatory deliberation to 
algorithmic implementation in complex public service contexts. 

Policies for “Better AI”: Translating Modelling Insights 
into Policy Dialogue 

The final stage of the AI FORA research strategy consists of policy workshops 
designed to bring the results of participatory modelling into direct conversation with 
policymakers, administrators, and other decision-makers. These workshops act as a 
bridge between simulation-based exploration and real-world governance, ensuring 
that the insights gained from gaming, stakeholder deliberation, and agent-based 
modelling inform actual welfare system reforms and future AI implementations. 

Purpose and format Policy workshops are used to present model outcomes. 
Results from simulations comparing the baseline (status quo) ruleset with improved, 
stakeholder-designed alternatives are shared in an accessible, non-technical format.
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Visualisations illustrate impacts on fairness, resource distribution, and efficiency 
at both individual and population levels. To foster dialogue on trade-offs, policy-
makers are invited to reflect on tensions exposed by the modelling process (e.g., 
efficiency vs. equity, prioritising certain vulnerable groups) and discuss their policy 
relevance. Workshop discussions evaluate which rule changes are not only desirable 
but also legally, institutionally, and politically implementable in the specific welfare 
context. In addition, the feasibility of translating improved decision rules into AI-
based tools (e.g., decision-support algorithms) is discussed, including governance 
requirements, safeguards, and accountability mechanisms. 

Role in the overall research strategy This step ensures that AI FORA’s participa-
tory approach does not end in a technical prototype but feeds directly into institutional 
decision-making. The policy workshops:

• Validate whether co-designed rulesets are actionable and sustainable in real 
administrative settings.

• Provide policymakers with a risk-free environment to discuss potential reforms 
informed by transparent simulations.

• Build trust and legitimacy by demonstrating that AI systems can be designed 
collaboratively, respecting societal values and avoiding opaque, top-down tech-
nological impositions. 

Building on this research strategy, the chapters in this volume document how AI 
FORA translated these ideas into practice across different countries and institu-
tional settings. The book follows the trajectory of the research strategy itself: 
from developing agent-based models that make welfare decision processes explicit, 
through engaging policymakers to turn modelling insights into actionable reforms, to 
reflecting on lessons learned and outlining future research pathways. The following 
sections guide readers through this journey, illustrating how participatory modelling 
can support the design of more trustworthy and socially grounded AI systems for 
public services. 

Structure of the Book 

This volume documents the outcomes of the modelling and policy work of AI FORA 
and the collaboration of researchers, practitioners, and policymakers exploring how 
participatory modelling can lead to more trustworthy and socially responsive AI 
systems in public social services. It is organised into three main sections, each 
reflecting a critical stage of the policy modelling process: building agent-based 
models, embedding modelling in policy practice, and setting future research direc-
tions. By building on Volume I and expanding its findings into computational 
modelling and participatory innovation, this second book completes the AI FORA 
research agenda: from uncovering the current state of algorithmic decision-making 
in welfare systems to collaboratively designing future AI tools that reflect shared 
values of fairness and care.
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Part 1: Agent-Based Models for Social Services Assessment 

The first section of the book introduces the ABM developed within AI FORA to 
represent existing social assessment systems and explore potential improvements. 

These contributions demonstrate how ABM can make welfare decision-making 
processes visible, testable, and open to participatory redesign across diverse national 
contexts. Each chapter illustrates how ABM formalises complex decision routines, 
captures the dynamic interactions between applicants, frontline workers, and institu-
tional constraints, and reveals systemic dynamics of fairness, legitimacy, and resource 
allocation. Readers will see how ABM:

• Translate real-world policies and tacit decision rules into computational models.
• Reveal trade-offs between efficiency, fairness, and resource distribution that are 

often hidden in practice.
• Support participatory redesign by enabling stakeholders to explore “what-if” 

scenarios and co-create improved rulesets. 

Many of these models are combined with gamification workshops, allowing stake-
holders to express values, debate alternative decision rules, and observe their conse-
quences in simulated environments. Together, the chapters in this section demon-
strate ABM’s versatility as a participatory tool, providing transparent, testable repre-
sentations of welfare systems and laying the foundation for AI solutions that are 
context-sensitive, ethically grounded, and responsive to local norms and institutional 
settings. 

Chapters: 
In “Agent-Based Modelling for Context-Aware AI Systems: Reflections from AI 

FORA”, Martha Bicket reflects on the development and application of agent-based 
models within AI FORA, drawing on case studies from Spain, Estonia, and Germany. 
The chapter explores how ABM can make welfare decision processes visible and 
debatable, support stakeholder engagement through serious games, and highlight 
both the potential and limitations of participatory modelling for shaping AI systems 
that are aligned with local values and contexts. 

In “Modelling Together for AI-based Social Services”, Albert Sabater, Beatriz 
López, Sergi Payarol, and Isaac de Palau examine how ABM and gamifica-
tion workshops can support participatory design of AI tools in Catalonia’s social 
services, which they empirically investigated in Sabater et al. (2025). Using the 
Self-Sufficiency Matrix (SSM-Cat) case study, the chapter highlights how collab-
orative modelling exposes biases, variability in decision-making, and structural 
challenges, proposing a hybrid approach to create context-sensitive, equitable, and 
stakeholder-driven AI governance frameworks. 

In “Using Agent-Based Modelling to explore possible implications of AI use in the 
asylum procedure in Germany”, Elisabeth Späth, Martha Bicket, Martin Neumann, 
David Wurster, and Blanca Luque Capellas present an interpretive ABM of the 
German asylum system, which was empirically analysed by Späth (2025). The
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chapter explores how modelling can make visible the interplay between bureau-
cratic legitimacy, refugee agency, and administrative decision processes, providing 
a tool to reflect on potential pathways for AI integration while highlighting power 
asymmetries, fairness concerns, and institutional constraints. 

In “Gamifying Fairness: Exploring Algorithmic Decision-Making in Estonia’s 
Welfare System”, Maris Männiste, Triin Vihalemm, and Avo Trumm use a serious 
game approach, accompanied by an agent-based model, to investigate perceptions 
of fairness in unemployment services supported by algorithmic assessments. 

The chapter, following empirical investigations of the Estonian welfare system 
in Vihalemm et al. (2025), highlights how participatory gaming workshops can 
reveal challenges in standardising fairness, the importance of human judgment in 
AI-assisted decisions, and opportunities for designing more adaptive and context-
sensitive welfare algorithms. 

In “Targeted Subsidies Plan: An Agent-Based Modeling Approach”, Hassan 
Bashiri presents a simulation study of Iran’s Targeted Subsidies Plan (TSP), which he 
empirically investigated in Bashiri (2025). The chapter is about modelling household 
dynamics and subsidy distribution to assess policy effectiveness in reducing income 
inequality. The chapter demonstrates how agent-based modelling can provide insights 
into welfare policy design, revealing both the benefits and limitations of targeted cash 
transfers under real-world constraints such as inflation, sanctions, and data accuracy 
challenges. 

In “Agent-Based Modelling of the Indian Public Distribution System in AI FORA”, 
Ashly Ann Jo, Ebin Deni Raj, and Sumathi Srinivasalu present a simulation of India’s 
Public Distribution System (PDS), a large-scale welfare programme ensuring food 
security for millions, which was empirically analysed by Srinivasalu et al. (2025). The 
chapter illustrates how agent-based modelling can capture corruption risks, logistical 
inefficiencies, and governance dynamics, providing a testbed for evaluating fairness, 
transparency, and accountability in complex welfare delivery systems and informing 
responsible AI-based policy interventions. 

Part 2: Policy Modelling for Policy Practice 

The second section focuses on how AI FORA translated modelling insights into 
policy-relevant knowledge and dialogue, connecting complex simulation results 
with real-world governance. Through a series of policy workshops and stakeholder 
engagements, the chapters demonstrate how participatory dissemination formats can 
bridge the gap between scientific evidence, public administration, and policymaking, 
ensuring that AI-based welfare systems are not only technically robust but also 
socially and institutionally grounded. 

This section illustrates how

• Simulation findings can be communicated to policymakers in accessible formats, 
making complex dynamics understandable and actionable.
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• Trade-offs between fairness, efficiency, legality, and data quality can be deliber-
ated collectively, fostering informed decision-making.

• Institutional and political challenges of embedding participatory-designed rules 
in welfare practice can be surfaced and addressed, strengthening implementation 
pathways. 

By turning modelling into a boundary object (Bowker and Star 1999) between 
science and policy, these contributions show how participatory approaches can build 
trust, legitimacy, and shared responsibility in shaping AI-supported social services. 
They highlight that effective policy modelling requires more than technical outputs
- it depends on context sensitivity, stakeholder involvement, and interdisciplinary 
collaboration to create equitable and accountable AI governance frameworks for the 
future. 

Chapters: 
In “Policy Learnings and Policy Change for AI-based Social Services”, Albert 

Sabater, Beatriz López, and Roger Campdepadrós draw on multi-stakeholder policy 
workshops in Spain to examine how context-specific, participatory processes can 
guide AI development in welfare services. The chapter identifies key lessons for 
policy change, emphasising the need to address demographic and local varia-
tions, ensure continuous auditing and transparency, and institutionalise participatory 
oversight to prevent AI-driven inequities. 

In “Policy Perspectives on AI Use for Asylum-Related Assessment Processes 
in Germany”, Elisabeth Späth, David Wurster, Blanca Luque Capellas and Petra 
Ahrweiler report on a policy workshop that engaged policymakers, NGOs, and prac-
titioners to discuss findings from AI FORA’s German case study on asylum decision-
making. The chapter highlights how participatory dissemination workshops, using 
insights from agent-based modelling, foster dialogue on fairness, efficiency, and 
data quality, opening pathways for more inclusive, evidence-informed approaches to 
future AI use in asylum systems. 

In “Bridging Data and Policy: Disseminating Scientific Insights in Estonia’s AI-
Driven Welfare Governance”, Avo Trumm, Maris Männiste, and Triin Vihalemm 
describe a policy workshop that brought together data experts, policymakers, and 
public administrators to discuss findings from AI FORA’s Estonian case study 
on algorithmic decision-making in welfare services. The chapter emphasises how 
dissemination activities can surface data quality and ethical challenges, foster 
dialogue on human-centric AI design, and inform future policy frameworks for 
responsible and participatory use of AI in social protection systems. 

In “Translating Evidence to Practice—A Trojan Horse Approach”, David Wurster, 
Blanca Luque Capellas, Izabel Sabino De Sousa, and Erik W. Johnston explore 
how participatory policy modelling workshops can bridge the gap between scien-
tific evidence and decision-making. The chapter highlights how engaging policy-
makers directly in model-building fosters shared discovery, builds trust, and increases 
the likelihood that complex modelling insights inform real-world governance, 
particularly in social policy domains.
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Part 3: Looking to the Future 

The final section of this volume looks ahead, outlining future research and develop-
ment pathways for participatory, value-sensitive AI in public services and beyond. 
Building on lessons learned from AI FORA, the chapters in this section chart a 
vision for AI systems that are not only technically capable but also ethically robust, 
transparent, and human-centric. They propose methodological innovations that 
further integrate qualitative deliberation, gamification, and computational modelling, 
enabling richer stakeholder engagement and more nuanced system design. This 
section also explores governance frameworks for participatory AI development 
outside welfare domains, addressing challenges of accountability, legitimacy, and 
long-term sustainability. It considers how participatory approaches can be scaled 
across cultural contexts, adapted to emerging forms of AI such as generative models 
and large language systems, and extended to new high-stakes areas like climate crisis 
management. Other contributions investigate how immersive technologies, including 
augmented and virtual reality, can enhance collaborative creativity and stakeholder 
engagement, opening fresh possibilities for participatory AI design. 

Together, these chapters outline a forward-looking research agenda for respon-
sible AI development as an ongoing, collaborative process—one that bridges tech-
nical innovation, societal values, and institutional responsibility to shape more just, 
trustworthy, and adaptable AI systems for the public good. 

Chapters: 
In “Better AI for Public Good: Participatory Modelling and Simulation in Social 

Services”, Mahesh Sasikumar, Ashly Ann Jo, and Ebin Deni Raj outline a forward-
looking vision for ethically robust AI in welfare systems, grounded in participatory 
modelling and simulation practices. The chapter introduces a conceptual framework 
for “Better AI”, discusses advanced modelling approaches such as Inverse Generative 
Social Science, and reflects on future research directions for designing AI systems 
that are human-centric, transparent, and aligned with public values. 

In “How Participatory Modeling Can Enable Collective Bias Mitigation when 
AI is Used Across Systems and Institutions”, Erik W. Johnston and Reeham R. 
Mohammed explore how participatory modelling can act as a proactive mechanism to 
detect, contain, and mitigate systemic bias in AI used by public institutions. Drawing 
on case studies from civic infrastructures and systems of care, the chapter intro-
duces a biomimetic “immune system” analogy for continuous bias monitoring and 
advocates for participatory governance structures that embed equity and collective 
responsibility throughout the AI lifecycle. 

In “Transferring the AI FORA approach to another domain: Participatory AI 
for climate”, Petra Ahrweiler and Blanca Luque Capellas explore how AI FORA’s 
participatory methodology—combining serious games, sociological analysis, and 
agent-based modelling—can be adapted to the field of climate crisis mitigation. 
The chapter demonstrates how structured, stakeholder-driven design processes can 
support the development of AI systems that are ethically grounded, context-aware, 
and socially legitimate in high-stakes environmental decision-making.
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In “Collaborative Creativity in Extended Realities Findings from Co-Creative 
Design Sessions in Augmented and Virtual Reality”, Ruben Schlagowski and Elisa-
beth André investigate how immersive XR technologies can support group creativity 
and participatory design processes for AI systems. Based on co-creative work-
shops with public sector stakeholders, the chapter identifies opportunities and chal-
lenges of AR and VR for collaborative ideation, highlighting their potential to 
enrich participatory modelling and explainable AI design for future public service 
applications. 

By combining these three perspectives—modelling, policy practice, and future 
pathways—this volume provides both a detailed record of the AI FORA project and 
a conceptual framework for participatory AI governance. It shows how computational 
modelling, grounded in stakeholder input and connected to policy realities, can chart 
a more transparent, legitimate, and context-sensitive future for AI in public social 
services. 

This introduction has outlined the motivation, approach, and structure of this 
volume. Modelling and policy work in AI FORA demonstrate that AI does not have 
to be an opaque, top-down imposition on welfare systems. 

Through participatory modelling and simulation, it is possible to make decision 
processes visible, test alternatives collectively, and co-design AI tools that reflect 
shared values of fairness and care. The chapters that follow showcase this vision in 
action, offering models, policy insights, and future-oriented perspectives. Together, 
they argue for a paradigm shift: from algorithmic decision-making as an automated 
extension of the status quo to AI as a collaborative, democratic tool for shaping 
more just and trustworthy systems. The book is concluded with a programmatic 
chapter on Participatory Artificial Intelligence as the preferred future way of inclusive 
technology development. 

Acknowledgement Research presented in this chapter has been funded by the German Volkswa-
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Part I 
Agent-based Models for Social Services 

Assessment



Chapter 2 
Agent-Based Modelling 
for Context-Aware AI Systems: 
Reflections from AI FORA 

Martha Bicket 

Abstract This chapter reflects on the role of agent-based modelling (ABM) in 
the AI FORA project, which sought to explore how Artificial Intelligence (AI) 
for social welfare assessment decisions might be made more context-sensitive and 
better aligned with societal values. We discuss the development of bespoke ABMs 
for three case studies—Spain, Estonia, and Germany—and how they were used to 
support participatory workshops and serious games in pursuit of ‘better AI’. By 
simulating decision-making rules and their effects, the models helped to surface 
dynamics that are not always visible in practice. They also helped to inform the 
design of serious games by enabling rules and parameters to be refined in advance. 
The three case studies differed in their aims, scope and access to stakeholders, which 
shaped both the resulting models and insights generated. Our experiences highlight 
the importance of early and sustained stakeholder engagement, with careful mapping 
and relationship-building to help ensure that models reflect real-world knowledge 
and that resulting participatory games yield meaningful insights. Together, the case 
studies establish a prototype for an approach to tailoring and improving AI systems 
that is grounded in stakeholder engagement and responsive to the ethical, political, 
and cultural dimensions of social assessment and public service provision. 

Introduction 

There is growing interest in the use of Artificial Intelligence (AI) to support or auto-
mate decisions about access to and allocation of public services or state benefits. 
From unemployment entitlements to social assistance and public childcare alloca-
tions, AI is increasingly being seen as a means of enhancing the efficiency and 
objectivity of welfare systems. At the same time, this trend raises concerns about 
fairness, transparency, accountability, and the legitimacy of resulting decisions.
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The AI FORA project sought to address these challenges by exploring how public 
sector AI systems might be designed and adapted to be better aligned with societal 
values and more responsive to the cultural contexts in which they are deployed. 

This chapter reflects on the use of agent-based modelling (ABM) in the AI FORA 
project. The aim of this work was to build ABMs for each of the country case 
studies and use these to support participatory workshops with serious games in which 
stakeholders collaboratively explored improvements to the underlying assessment 
algorithms. The chapter begins with a short introduction to agent-based modelling. 
It then draws on our experience of three of the project’s case studies in particular– 
Spain, Germany, and Estonia–and offers some reflections on the value and limitations 
of ABMs in this context. 

Agent-Based Modelling and Serious Games 

An ABM is a computational model that simulates the actions and interactions of 
agents. It is built from the following basic conceptual elements: agents, an envi-
ronment, social structure, interactions and time (Dilaver and Gilbert 2023). The 
agents are the decision-making units in the model—these might represent individ-
uals, households, organisations or even countries. Agents are autonomous and hetero-
geneous, and can interact with each other as well as with their surroundings. The 
environment is the space in which the agents operate, often pictured as a grid, where 
each patch may also have its own characteristics. Social structure and interactions 
define how agents behave and respond to one another or to their environment. Finally, 
time advances in steps (or ‘ticks’), allowing us to observe how patterns and outcomes 
emerge as agents act and interact over many cycles. 

Complex, system-wide dynamics can arise from these straightforward, local rules. 
ABMs can help us explore and interrogate complex systems (such as social systems) 
and their dynamics by representing them from the bottom up. In AI FORA, ABMs 
were used to create simplified representations of social assessment processes; they 
were built to mirror aspects of real-world social welfare decision-making, such as 
how eligibility is assessed and how resources are allocated. These ABMs were then 
used to support the design of serious games that could be played with stakeholders. 

Serious games, on the other hand, are often defined as the use of games for educa-
tional purposes, with education considered in its broadest sense to include explo-
ration and problem solving (Ritterfeld et al. 2009). They have been used for a range 
of applications, including for data collection, communication, decision-making, and 
to deepen stakeholder engagement (Bakhanova et al. 2020; Szczepanska et al. 2022). 
AI FORA used serious games to enable stakeholders to reflect on what ‘better AI’ 
might mean in practice.
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The AI FORA Rationale and Approach 

Real-world public decision-making systems—including those involving AI—are 
shaped by local social, institutional, and political contexts. Existing social assess-
ment processes may be opaque or poorly documented and may rely on subjective 
value judgements. To enable meaningful participation in the development of auto-
mated and AI-driven social assessment systems, stakeholders need tools that can help 
them visualise and explore how these processes currently operate and what different 
versions of them might look like. A key part of the AI FORA project explored how 
ABMs and serious games might be used to this end to deliver ‘better’ AI for social 
assessment. 

We built tailor-made ABMs for a selection of case studies in different countries 
and used these to support the design and delivery of ‘serious games’ to be played 
with stakeholders in participatory workshops. 

Each ABM captured a simplified version of the social assessment decision-making 
context, including key agents, their characteristics, the environment in which they 
interact and the rules governing their interactions as well as the assessment algo-
rithm. These models were not designed to predict real-world outcomes, but rather 
to act as scaffolding for stakeholder engagement—providing a shared, flexible arte-
fact through which different perspectives could be articulated and discussed. Each 
ABM was developed in close collaboration with its country case study partners and 
supported the design of bespoke serious games to be played with stakeholders to test 
and adapt alternative assessment rules. 

The design of the ABM and follow-on activities took the following shape: 

1. The first step was to hold a virtual ‘case study mapping’ workshop to collect infor-
mation about and map out a simplified representation of the case study’s social 
welfare provision decision-making process. This was attended by the country 
case study partner, the team responsible for the design of the ABM from the 
Centre for Research in Social Simulation (CRESS) at University of Surrey, and 
colleagues from the consortium lead coordinator Johannes Gutenberg University 
(JGU). This was not a formal system mapping exercise in the methodological 
sense, but rather a practical flowcharting activity intended to elicit key inputs, 
actors, steps, and decision points in the current assessment process. We used the 
online tool PRSM (prsm.uk) to collaboratively build a flowchart of these key 
elements during the workshop. Case study partners were asked to identify the 
main agency responsible for making social assessments, to elaborate on how 
these assessments are currently made, and suggest relevant agent attributes that 
might feature in the ABM. This workshop aimed to generate three core outputs: 
a flowchart of the existing social welfare decision-making process; a provisional 
ruleset describing current assessment practice(s); and a list of key agent attributes 
relevant to the process. 

2. The information gathered in this initial case study mapping workshop was used to 
draft a preliminary ABM/game specification outline, capturing the main actors,
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the rules governing their interactions, and the parameters of the environment. 
The specification was refined with feedback from partners. 

3. A first draft of the ABM was then developed using NetLogo and refined with 
partner input. 

4. The ABM was used to inform the design of a serious game. 
5. The serious game was played by stakeholders, who proposed and voted on 

changes to the assessment ruleset. 
6. In one case (Spain), as a demonstration of how the ruleset could be used within 

an AI-based assessment system, a neural network which could be used to assess 
applicants was trained using data generated from this improved ruleset (see 
Ahrweiler et al. 2024). 

Case Studies 

This chapter reflects on three of the case studies undertaken within AI FORA: Spain, 
Germany, and Estonia. These are briefly introduced below. Each case is described in 
detail in its own chapter elsewhere in this book. Each of the three case studies varied 
not only in topic and cultural context but also in terms of scope, level of access to 
stakeholders, availability of background information, and the order in which (and 
degree to which) the ABM development and related activities were carried out. 

Spain: The ‘Complex Needs’ Game/ABM 

This case study focused on social service workers tasked with allocating limited 
resources to applicants with multiple, complex needs. The assessment process was 
based on a tool called the SSM-CAT2 used in Catalonia. The ABM component of 
this case study (#1–4 in the process list above) ran from October 2022 to April 2023, 
with the serious game stakeholder workshop taking place in May 2023. 

Estonia: Career Counselling Support 

This case study was loosely based on the career counselling support for job-seekers 
available through the Estonian Unemployment Insurance Fund (EUIF). The initial 
mapping workshop was carried out in March 2023, followed by an intensive period 
of game development from March to September 2024, culminating in a serious 
game stakeholder workshop which took place in October 2024. The final ABM was 
completed in November 2024.
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Germany: The Asylum Application Process 

This case study modelled the asylum application process in Germany, based on 
insights from desktop research, interviews and focus groups, with particular attention 
to the agency of applicants and the perceived legitimacy of the system. The initial 
mapping workshop was carried out in May 2023, followed by a period of iterative 
ABM development between February and December 2024. The case study drew on 
a rich dataset of process information collected by the local partner and explored both 
the various stages of the application process and the avenues for appeals. 

Reflections on the Case Studies and Modelling Process 

The Spanish ABM process was tightly integrated with the serious game design and 
stakeholder engagement. The model proved useful both as a means of validating the 
logic of the assessment process and as a tool for testing potential game dynamics 
before the stakeholder workshop. Several refinements emerged through the iterative 
ABM design process, such as distributing budgets unevenly across agents to reflect 
municipal-level variation, and separating the concepts of ‘need’ and ‘critical need’ to 
capture and reflect the consequences of not receiving support. The Spanish case was 
the only one in which the full AI FORA strategy was carried out, using a synthetic 
population and the stakeholder-refined ruleset to train a neural network to explore 
the impacts of social assessment decisions for distributing services in the real-world 
context. 

The Estonian case study took a more lightweight approach, both in terms of 
modelling complexity and stakeholder involvement. Although the case study wanted 
to explore the EUIF’s OTT algorithm, which provides an assessment of the level 
of career counselling support needed, details about this real-world algorithm were 
sparse. Additionally, due to limited access to stakeholders in the field, the serious 
game was played instead with university students. This meant that the game and 
its accompanying ABM functioned more as a prototype of the participatory process 
for adapting an automated assessment algorithm, but its value for informing actual 
practice was limited. 

The German case study presented a different modelling challenge. From the outset, 
the scope of the case study was particularly broad. In ABM design meetings with the 
case study partner, we spoke at length about how to manage the scope of the ABM 
but there wasn’t a clear part of the system that was seen to be more or less important 
for the case study’s main research objectives. One area of interest in the case study 
was the tension between the applicant’s agency in the asylum-seeking process and 
the perceived legitimacy of the bureaucratic process. Initially, the ABM was limited 
to the application stages but later it was extended to include the appeals process too, 
treating the number of appeals as an indicator of the system’s legitimacy from the 
applicant’s perspective. The broad scope meant that there were many assumptions
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that we had to make during the ABM building process. The case study partner had 
collected a wealth of information about the asylum process (before, during and after 
the asylum application process) and so we incorporated a lot of this knowledge as 
accurately as feasible (e.g. the number of ‘Hardship Commission’ recommendations 
that get adopted, improving the asylum status of the applicant). However, the wide 
scope meant that there were also many variables and interactions we had to simplify 
or use our own judgement to define. Consequently, at best, the value of the model 
lies in being a tool for exploring the general types of issues and contributing factors 
that one might encounter in such a system rather than giving detailed insights into 
the dynamics of the system itself. Also, as the model grew bigger, it took longer to 
implement any further changes to its design due to the number and interconnectedness 
of the different elements. Unlike the Spanish and Estonian case studies, the German 
case study ABM was not used to design or run a serious game with stakeholders. 

Despite these variations, some cross-cutting lessons can be drawn from these 
case studies. One clear success was the way the ABMs and serious games helped 
make assessment processes visible and debatable. By simulating decision-making 
rules and their effects, the models helped reveal both overt and hidden dynamics— 
such as how budget constraints, agent biases, or differing definitions of ‘need’ can 
shape outcomes in ways that may be difficult to observe in practice. The serious 
games played in the Spanish and Estonian case studies supported stakeholders in 
identifying features of the system they wanted to change and in exploring some of 
the implications of those changes through gameplay. 

The interactive, iterative relationship between the models and the serious games 
also proved valuable. The ABMs were used not just to simulate the existing system 
but also to test how the proposed game would play out—allowing for adjustments 
to rules, parameters, and agent attributes in advance of the workshop. In return, 
the games provided a space for stakeholders to propose and debate changes, which 
could then be translated back into the model for further exploration or—in the case 
of Spain—the development of a neural network. 

However, not all aspects of the process went smoothly. One of the more signifi-
cant challenges was the dependence on stakeholder access and involvement. Where 
partners had built stronger relationships with relevant actors, as in Spain, the insights 
from the participatory elements were more directly relevant and valuable. Where 
this access was limited, as in Estonia, the ABM and gameplay remained more hypo-
thetical and distant from real-world practice. Future participatory processes aimed at 
adapting AI assessment processes and tailoring them to local notions of fairness, for 
example, would be better supported by a more detailed stakeholder mapping exer-
cise and engagement strategy. Early engagement, including stakeholder mapping 
and relationship-building, is critical to ensure that the models reflect real-world 
knowledge and that the games are meaningful. 

Another limitation was the variation across case studies in terms of how closely 
they adhered to the full overarching AI FORA strategy. Although the initial project 
strategy envisioned a coherent sequence from mapping workshop to ABM to serious 
game to machine learning, only the Spanish case study completed all steps (and in 
this order). In the German and Estonian cases, a range of practical barriers such



2 Agent-Based Modelling for Context-Aware AI Systems: Reflections … 25

as stakeholder availability prevented the models from being developed and used to 
their full potential. This in turn limited the opportunity for comparative insights and 
reduced the coherence of the overall methodological framework. 

Conclusions 

This work in AI FORA helped to establish a prototype for an approach to tailoring and 
improving AI systems that is grounded in stakeholder engagement and responsive 
to the ethical, political, and cultural dimensions of social assessment and public 
service provision. Through the development and use of ABMs, we contributed to 
the design and delivery of participatory stakeholder workshops for policymakers, 
public service administrators, and members of the public in a range of case studies, 
including in Spain, Estonia, and Germany. Spain and Estonia used serious games to 
explore stakeholder priorities and ways to improve social assessment processes in 
the different case study contexts. 

The project demonstrated that it is possible to use participatory ABMs to open up 
conversations about the values embedded in public service AI and to co-create more 
desirable alternatives. These conversations are essential if AI is to serve the public 
in ways that are not only efficient but also fair, transparent and just—and perceived 
as such. 
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Chapter 3 
Modelling Together for AI-Based Social 
Services 

Albert Sabater, Beatriz López, Sergi Payarol, and Isaac de Palau 

Abstract This chapter examines the integration of algorithmic technologies in social 
service provision in Spain through a case study of Catalonia’s Self-Sufficiency Matrix 
(SSM-Cat), an evidence-based assessment tool adapted for social service gover-
nance that allows measuring a person’s ability to be self-sufficient, that is, to carry 
out daily activities independently. Based on this case study, the chapter reflects that 
while the adoption of artificial intelligence (AI) in public services grows, significant 
gaps persist in equity-oriented frameworks and participatory design methodologies. 
In addition, we demonstrate how Agent-Based Modelling (ABM) and gamifica-
tion workshops can bridge these gaps by facilitating co-creation between policy-
makers, social workers, and vulnerable communities. Further, the ABM simulations 
are helpful because they reveal critical inconsistencies in how practitioners interpret 
standardized tools, thus highlighting the need for shared decision-making protocols 
to tackle such problems. Based on our research, we identify three systemic chal-
lenges: (1) inadequate science-policy interfaces for translating technical AI concepts 
into governance; (2) insufficient mechanisms for incorporating frontline practitioner 
knowledge into algorithmic design; and (3) inherent biases in administrative data that 
risk reinforcing structural inequalities. Through our case study and its extension, we 
propose a hybrid approach combining techniques such as clustering analysis, partic-
ipatory ABM, and deliberative forums to create context-sensitive AI systems. Our 
findings reveal the importance of advancing towards a more transparent, stakeholder-
driven AI governance approach that prioritizes participatory methodologies. The
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chapter concludes with policy recommendations for embedding dynamic evalua-
tion frameworks, institutionalizing co-design processes, and promoting interpretive 
cultures around algorithmic tools as essential steps to ensure AI technologies serve 
as tools for seeking equity rather than exclusion in welfare provision. 

Introduction 

Although research shows that innovation has been part of public sector modern-
ization agendas over the past two decades or so, including for the local level of 
government (Criado et al. 2025), evidence-based AI applications that involve partic-
ipative modelling methods for the provision of social services are still scarce or 
a peripheral concern (Sabater et al. 2025). This is despite the gradual implemen-
tation of AI-based software in the public sector and its use in the social service 
provision. Although there are potential threats and challenges posed by AI technolo-
gies that require developing and implementing appropriate policies and institutional 
mechanisms that connect scientific and expert knowledge with policymaking, current 
pressures to use AI dismisses too often a key question: what problem exactly are we 
trying to solve by using an AI system in social services? In order to answer this ques-
tion, the path forward should be clearer: meaningful AI integration in social services 
requires not just better tools, but a deeper commitment to inclusivity, accountability, 
and systematic foresight through interactive and participatory formats. 

However, the science-policy interfaces encounter multiple interrelated challenges 
that significantly influence which technologies and how AI systems might both 
inform and shape social service delivery systems at different levels. A prime example 
is the growing use of chatbots such as ChatGPT in public services. Its current deploy-
ment takes place at the same time there is a lack of a consistent and equity-oriented 
frameworks concerning these AI systems in the provision of social services. Although 
the consequences are still unfolding, it has become clear that comprehensive method-
ologies that involve the continual assessment and recalibration of AI systems are 
needed to ensure that technology remains a tool for enhancing social good rather 
than exacerbating existing social divides. 

In this short chapter, we first provide an example of contextualized, value-
sensitive, responsive, and dynamic AI system that can be co-designed from existing 
systems to prototype better AI for advising social workers. The example is focused 
on the use of an agent-based model (ABM) and a complex needs social assessment 
used by local authorities in the region of Catalunya (Spain) known as the SSM-Cat. 
Second, we review one of the key problems of real implementation, namely the 
shortage of professionals who can translate between AI research and social policy. 
As we highlight later on, bridging this gap demands not only better tools but also 
participatory frameworks. Third, we stress the importance of addressing bias and 
modelling together to build trust among both service providers and recipients, and 
to move away from the automated reinforcement of existing inequities. Finally, we
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provide some future directions based on our AI FORA case study and its extension 
at the City Council of Girona through the Pigall project.1 

Complex Needs and ABM 

The primary objective of this case study was to investigate the perceptions, attitudes, 
and acceptance of AI-based social assessment technologies among policymakers 
and administrative agencies at the local level in Catalonia, a Spanish region at the 
forefront of adopting digital technologies for public sector innovation. Given the 
disproportionate representation of vulnerable groups among social service users, 
particular attention was devoted to examining the implications of AI systems for 
these populations. 

Since assessing poverty, social exclusion, and vulnerability requires comprehen-
sive data and access to diverse information sources, this study employed a digital 
assessment tool designed to assist social service professionals in diagnosing and iden-
tifying complex cases, while also guiding intervention strategies and the individual-
ized follow-up. This tool, known as the Self-Sufficiency Matrix has been experimen-
tally used by municipal authorities in Catalonia (SSM-Cat). Originally developed in 
the Netherlands (Lauriks et al. 2014) and the United States (Richmond et al. 2015), 
the SSM-Cat was subsequently adapted and validated by the Department of Work, 
Social Affairs, and Families of the Generalitat de Catalunya, in collaboration with 
Municipal Associations, the College of Social Work, and the College of Educators 
and Social Educators. 

Traditional methods of assessing social provision for complex needs often rely 
on subjective evaluations by social service professionals, thus introducing variability 
in decision-making. In contrast, the SSM-Cat was implemented, in part, to mitigate 
such discretion by quantifying an individual’s level of self-sufficiency across 13 
distinct dimensions. By employing this assessment process, the tool streamlined the 
social worker’s role, enabling a more structured, consistent and efficient evaluation 
of complex social needs. 

The adoption of the SSM-Cat at the municipal level pursued two primary objec-
tives. First, it aimed to enhance transparency in social service decision-making 
processes. Second, it provided a standardized and comparable instrument for moni-
toring the distribution of social services across municipalities, thereby promoting 
greater consistency and equity in service allocation (see Fig. 3.1).

Using this framework, a participatory modelling strategy was devised, as illus-
trated in Fig. 3.2, to facilitate the transition from existing to desired social assessment 
systems. The process started with a workshop and gamification to map the extant 
system into a flowchart. This informed an initial ruleset (Ruleset1) and the devel-
opment of an Agent-Based Model (ABM), which simulated the current System and

1 https://exteriors.gencat.cat/ca/ambits-dactuacio/afers_exteriors/ue/fons_europeus/detalls/noticia/ 
20230313_ia-girona. 

https://exteriors.gencat.cat/ca/ambits-dactuacio/afers_exteriors/ue/fons_europeus/detalls/noticia/20230313_ia-girona
https://exteriors.gencat.cat/ca/ambits-dactuacio/afers_exteriors/ue/fons_europeus/detalls/noticia/20230313_ia-girona
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Fig. 3.1 The Self-Sufficiency Matrix (SSM)

Fig. 3.2 The ABM process 

exemplar agent attributes. Following the use, refinement and validation of Ruleset 
1 through gamification, the ABM’s logic was translated into another serious game 
for stakeholder engagement. In a subsequent gamification workshop, stakeholders 
collaboratively adapted the game’s rules. From the records of this gameplay, an 
improved assessment criterion (Ruleset2) was accomplished. 

Within this context, the gamification and the ABM were employed to examine 
the perceptions, attitudes, and acceptance of AI-based social assessment technolo-
gies among local policymakers and administrative agencies. Crucially, the ABM 
ensured that the rulesets were logically coherent and complete, thus serving as 
a structured foundation for algorithmic refinement, as such rulesets often fail to 
account for informal practices, which may be perceived as inadequate or yield unin-
tended systemic outcomes. Consequently, any ruleset requires stakeholder engage-
ment, particularly by incorporating the insights and experiential knowledge of social 
workers or clerks who employ, define, and interpret rulesets like the Self-Sufficiency 
Matrix or SSM-Cat used in the gamification and ABM. 

Therefore, the gamification workshop was designed to examine social workers’ 
decision-making behaviours within policy implementation using the SSM-Cat. 
Participants were tasked with allocating limited social service resources among 
applicants, many of whom presented multifaceted and complex needs. The clerks’ 
objective was to distribute resources in a manner that maximized aggregate applicant 
well-being. As previously mentioned, the model was adapted from the SSM-Cat to 
identify individuals with complex care needs across 13 dimensions. However, for
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operational simplicity, the simulation focused only on six key applicant attributes: 1) 
household income; 2) accommodation status; 3) employment and training; 4) mental 
health; 5) physical health; and 6) number of dependents. 

Each attribute was scored on a scale of 1 (low self-sufficiency) to 5 (high self-
sufficiency), yielding a composite need score between 6 and 30 per applicant. At the 
start of each round, applicants demonstrating self-sufficiency (defined as scoring ≤2 
across all six well-being dimensions) remained at home. All other applicants were 
randomly distributed among available clerks for evaluation. Clerks assessed appli-
cants using an algorithmic decision-making process based on a predefined ruleset 
and the applicants’ attribute profiles. 

At the end of each round, the social service budget was distributed to successful 
applicants in order of severity: the highest-scoring applicant was allocated an amount 
equal to their overall need score, then the next highest, and so on until the budget for 
that round was used up. Applicants’ need scores were then updated: 

• If the applicant received support: one need category improves (score decreases 
by 1). 

• If the applicant did not receive support: one need category worsens (score increases 
by 1), as well as all categories with a score ≥ 4. 

• Additionally, there was a 10% chance that one attribute worsens by 1 and a 10% 
chance that one improved by 1. 

• If there were any critically needy applicants (overall need score ≥ threshold) at 
the end of the round, this impacted the upcoming round’s available budget, but 
did not improve applicants’ need scores. The run ended if there was no budget 
left at the beginning of a round to allocate to applicants.

After the gamification, the ABM simulated a number of rounds (100) from applicants 
(20) who were either at home or queuing at a social service desk. The number of desks 
corresponded to the user-defined number of clerks (5). The model was developed 
using NetLogo (see Fig. 3.3 for the interface representation after ten simulation 
rounds). 

Fig. 3.3 Spanish case study ABM
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Each simulation round represented 1 day in the agents’ activity cycle (home, desk, 
office meeting, home), with round completion occurring when all agents returned to 
the home state. For the attributes of household income and number of dependents, 
applicants were comparatively ranked within their cohort, receiving need scores 
between 1 and 5 based on their relative position in the distribution. 

Through participation in the gamification, clerks (agents) were expected to culti-
vate a shared interpretive culture regarding fairness as they progressively aligned 
their evaluations of applicant profiles using the Self-Sufficiency Matrix (SSM-Cat). 
This objective was aligned with the tool’s primary purpose: to systematically identify 
complex social care needs following specialized training. A critical finding emerged 
from stakeholder deliberations: certain assessment criteria routinely employed by 
social workers were absent from the SSM-Cat framework. This prompted debate 
over whether these criteria should be formally incorporated into the tool to reflect 
current practice or whether prevailing practices should instead adapt to the existing 
matrix. 

To illustrate this process, we show an example of improvements from the initial 
ruleset (ruleset 1) to the improved assessment criterion (ruleset 2) after one round 
of playing (see Fig. 3.4). While the use of ruleset 1 shows a system where most 
applicants’ situations deteriorated, the use of ruleset 2 after the first gamification 
and simulation clearly demonstrates a highly effective intervention where the vast 
majority of applicants saw their need scores improve, thus indicating a highly efficient 
allocation strategy. In other words, while the process may depict a system under 
significant strain, if the allocation process or ruleset is not appropriate and the budget 
is insufficient, it prevents the overall situation from degrading even more. In contrast, 
if the ruleset becomes a highly successful round of intervention, the system is able 
to provide support to the vast majority of applicants, leading to a net improvement 
in the community’s overall well-being.

Notably, what clerks and other stakeholders demonstrated by playing and inter-
acting with the simulation was an acute awareness of biases and discriminatory 
practices in social service allocation within their context and actively sought to 
mitigate such risks. It is also worth mentioning that despite this shared commit-
ment to equity, initial rounds of the simulation revealed substantial divergence in 
decision-making outcomes, even when evaluating identical applicant profiles. This 
variability underscored significant discrepancies in how individual social workers 
interpreted the SSM-Cat’s criteria. In response, stakeholders concurred on the neces-
sity of developing a unified interpretive culture across agencies regarding the appli-
cation of the SSM-Cat. They further acknowledged that structured training incor-
porating profile-based case studies and narrative exercises, as modelled in the 
simulation, could facilitate this goal. These observations suggest that collaborative 
decision-making processes, characterized by deliberative discussion and knowledge 
exchange, may foster consensus on evaluation standards and promote more consistent 
implementation of the assessment tool.
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Ruleset 1 Ruleset 2 
Scores round 

1 
Scores round 

2 
Scores round 

1 
Scores round 

2 
Applicant 1 3 4 3 2 
Applicant 2 2 3 4 3 
Applicant 3 1 2 3 2 
Applicant 4 3 2 3 2 
Applicant 5 2 3 3 2 
Applicant 6 4 3 2 1 
Applicant 7 2 3 3 2 
Applicant 8 2 3 3 2 
Applicant 9 1 2 2 1 

Applicant 10 2 1 2 1 
Applicant 11 4 3 3 2 
Applicant 12 3 4 4 3 

... ... ... ... ... 

Fig. 3.4 Example of improvements from Ruleset 1 to Ruleset 2

Dissemination and Primary Concerns 

Although this project has been primarily focused on some social services in Catalonia, 
it is reasonable to believe that the main and the specific concerns extend beyond our 
case study. Within this context, we can state that a primary concern is the pressing 
need to build specialized translation capacity within the so-called science-policy 
interface. Effective dissemination of AI research findings to policymakers requires 
a cadre of professionals equally fluent in complex technical concepts such as algo-
rithmic bias, predictive modelling, and ethics in AI, and the nuanced realities of 
policy formulation and implementation. Currently, Spain’s advisory systems suffer 
from a shortage of these crucial “knowledge brokers” who can interpret and contextu-
alize technical research for political decision-makers while simultaneously commu-
nicating policy constraints back to researchers. This gap becomes especially critical 
when advising on sensitive AI applications in welfare provision, healthcare diag-
nostics, or educational assessment systems, where technical choices have profound 
societal consequences (Birhane 2021). The absence of such translation expertise 
risks creating either oversimplified policy responses to complex AI challenges or 
technically sound but politically unfeasible recommendations. 

Equally important is the challenge of creating participatory evidence systems that 
move beyond traditional technocratic models of scientific advice. For AI applica-
tions in social services, effective policymaking must incorporate not just technical 
expertise but also public values, ethical considerations, and local community knowl-
edge. Current advisory models frequently exclude these vital perspectives, poten-
tially resulting in AI systems that, while technically proficient, fail to account for 
ground-level realities or community-specific needs. Developing new interface struc-
tures that systematically blend rigorous technical evidence with community expertise
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through deliberative forums, citizen assemblies, and participatory design processes 
could help bridge this gap. Such approaches used in the AI FORA project would be 
particularly valuable for AI applications affecting vulnerable populations, where the 
risk of algorithmic harm is greatest and the need for inclusive policymaking is most 
acute. Underpinning all these challenges is a key issue for both data governance and 
evidence-based AI policymaking. 

The AI FORA project has also made clear that effective regulation and imple-
mentation of AI in social services requires access to comprehensive, high-quality 
administrative data while respecting privacy concerns and ethical boundaries. Despite 
progress in these areas, significant gaps remain in data accessibility, standardiza-
tion, and sharing frameworks. Researchers and policymakers alike face obstacles in 
accessing key datasets needed to properly evaluate AI systems’ performance or assess 
their social impacts. Addressing these limitations through improved data governance 
structures with appropriate privacy safeguards and ethical oversight would clearly 
help the quality of AI research and strengthen the evidence base for policy decisions. 
This becomes particularly crucial for monitoring AI systems already deployed in 
social services, where continuous evaluation and adjustment are essential to prevent 
unintended consequences. A practical example of this for the project was also the 
use of the PIO Model from the Observatory for Ethics in Artificial Intelligence of 
Catalonia, an assessment tool based on Principles, Indicators and Observables (see 
www.oeiac.cat) that aims to facilitates compliance with current rules and regulations 
on risks associated with AI through a comprehensive verification process. 

Moreover, it is also worth noting that these structural and procedural challenges 
exist within a broader cultural context that requires transformation. While some 
institutions have shown growing appreciation for scientific input in recent years, 
many policymakers still approach AI through either overly optimistic or excessively 
cautious lenses, thus viewing it either as a technological panacea or an unmanageable 
risk rather than as a complex tool that requires nuanced, evidence-based governance. 
This dichotomous thinking can lead to either uncritical adoption of AI systems or 
blanket prohibitions that stifle potential benefits. Strengthening the role of scien-
tific advice in this domain could provide a crucial counterbalance, grounding policy 
debates in empirical assessments of AI’s actual social impacts rather than speculative 
extremes. 

Addressing Bias and Modelling Together 

The work undertaken in our case study using an interacting cycle of agent-based 
modelling and serious games points to an approach by which the technology can be 
specified in a stakeholder-driven way, so that it is more transparent and discursive 
about bias and discrimination. In addition, it includes values such as the social justice 
concept of the society in which it will be used and is responsive to the needs of 
vulnerable groups.

https://www.oeiac.cat
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However, it is well documented that AI technology not only may provide 
biased information but also may inadvertently reinforce existing cultural, social, and 
economic inequalities (Eubanks 2018). Thus, if an AI system is trained on data that 
reflects unequal access to resources or opportunities, it may further entrench these 
disparities by providing advantages to dominant groups. This problem is especially 
important when used in the context of social assessment. “It’s the data, stupid!” is an 
often-cited phrase indicating that, though data is the problem, data is data and cannot 
be changed. 

Therefore, one of the critical issues with the use of AI is to analyse sensitive 
administrative data that presents both significant potential and notable challenges 
for improving social services targeting vulnerable populations. While local adminis-
trative datasets contain invaluable insights for shaping effective policies, their anal-
ysis often suffers from systemic biases that can distort findings and lead to flawed 
decision-making (Zajko 2022). 

Data Reliability and ABM 

Throughout this project, we have seen two particularly persistent issues undermine 
the reliability of data: inconsistent recording practices over time and inherent statis-
tical biases in representation. These inconsistencies create substantial barriers to 
accurate analysis, as definitions of key metrics like service use or vulnerability status 
frequently change across reporting periods. For instance, what qualifies as “housing 
insecure” or generally “at-risk” in 1 year may be measured differently in the next, thus 
making comparisons difficult. Simultaneously, statistical biases emerge when certain 
demographic groups or geographic areas appear disproportionately in the data, either 
due to uneven service accessibility or reporting discrepancies. These representation 
gaps can cause AI systems to develop skewed understandings of community needs 
and (potentially) exacerbate existing inequities in service provision. 

Beyond mere communication of the importance of these issues, addressing these 
challenges requires moving beyond purely technical solutions to embrace a more 
holistic approach. For this purpose, we have actively engaged with a range of stake-
holders, mostly frontline social workers and policy officials, in order to identify 
and mitigate potential biases. Social workers have been of particular importance to 
contribute practical knowledge about how data collection realities differ from official 
protocols, while policy officials and social workers alike provide essential perspec-
tives on how administrative categories actually reflect lived experiences. Further-
more, the importance of local context has been fundamental to develop a collabora-
tive methodology that may help create better AI tools that are both technically sound 
and contextually appropriate for specific communities. This contextual sensitivity 
becomes particularly critical when working with vulnerable populations, where stan-
dardized approaches often overlook crucial nuances affecting service accessibility 
and effectiveness. Hence, the integration of AI with stakeholder expertise represents 
a significant shift from traditional practices in social service delivery. Rather than
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positioning technology as a standalone solution, the AI FORA approach has helped 
to gain a better understanding not only of the presence of biases in administrative 
records and to generate more reliable insights into community needs and program 
effectiveness, but also on the system limitations and decision-making processes as 
they remain crucial for building trust among both service providers and recipients. 

As we have seen earlier, an important way to take this forward is by incorporating 
policy modelling techniques, particularly agent-based modelling (ABM), which has 
emerged as a critical interface between scientific research and policymaking, espe-
cially in complex domains such as AI governance for social services. At its core, 
policy modelling functions as a powerful translation mechanism that converts abstract 
theoretical concepts and empirical findings into tangible, policy-relevant scenarios. 
Since these models can illustrate phenomena that would otherwise remain theoret-
ical -showing, for instance, how algorithmic bias might systematically disadvantage 
certain demographic groups in welfare eligibility or how the introduction of predic-
tive tools in child protective services could alter caseworker decision-making patterns 
over time—it is particularly valuable in overcoming the cognitive barriers that often 
prevent policymakers from fully engaging with technical research. 

However, it also needs to be said that the effective use of policy modelling for 
dissemination requires careful attention to several critical factors. First, model trans-
parency is paramount as policymakers must understand the key assumptions and 
limitations underlying simulations to avoid misplaced confidence in model outputs. 
There is a particular risk of creating new “black boxes” when sophisticated models 
are presented as oracular systems rather than as tools for evidence-based policies. 
Second, continuous validation against real-world data is equally important, espe-
cially for modelling and improving AI systems that may evolve in unexpected ways 
post-deployment. Needless to say that the most effective policy modelling initiatives 
incorporate mechanisms for ongoing refinement as new empirical evidence emerges. 

Clustering Analysis 

In addition to ABM, we have also seen in our project that integrating clustering 
analysis can further enhance the robustness and granularity of policy models. Clus-
tering analysis, a method used to group data points with similar characteristics, can 
help identify patterns and segments within administrative datasets that might not 
be immediately apparent. For example, in the context of welfare eligibility, clus-
tering analysis has helped us reveal distinct groups within the population that are 
affected differently by algorithmic decisions, which also serves policymakers to 
gain a better understanding of how biases manifest and propagate within specific 
subgroups. Further, this type of analysis can be used in conjunction with ABM to 
refine the parameters and assumptions of the models. For instance, if we consider 
the implementation of predictive tools for housing vulnerability services, clustering 
analysis can help identify different types of caseworker decision-making patterns 
based on historical data on applicants’ profiles, and these clusters can then be used
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to create diverse agent profiles in an ABM simulation, each representing a distinct 
decision-making style. By incorporating these techniques, it is possible to analyse 
an “interpretation culture” on fairness issues as agents may or may not agree in 
judging applicants’ profiles. In addition, the combination of clustering analysis and 
ABM can facilitate the identification of emergent behaviours and systemic risks that 
might not be evident through traditional analytical methods. In other words, this 
integrated approach can provide further understanding of the potential impacts of 
policy changes, thus allowing policymakers to anticipate and mitigate unintended 
consequences more effectively. 

Future Directions 

The findings from this study highlight the necessity for policymakers to develop 
nuanced approaches to AI adoption in social services that move beyond technical 
capabilities to address systemic and ethical dimensions. First and foremost, there 
must be more rigorous mechanisms to distinguish evidence-based AI applications 
from speculative claims, particularly given the pervasive hype surrounding algo-
rithmic solutions in public sector contexts. Our work with the SSM-Cat tool and 
Agent-Based Modelling (ABM) simulations demonstrates that meaningful evalu-
ation requires both quantitative validation and qualitative insights from frontline 
practitioners. This dual approach helps surface hidden assumptions in algorithmic 
systems while ensuring they align with the complex realities of social service provi-
sion, where vulnerable populations often bear disproportionate risks from untested 
technologies. 

Building on these insights, we believe that future research must prioritize 
the development of comprehensive evaluation frameworks that assess AI systems 
through interdisciplinary lenses. Such frameworks should integrate technical metrics 
like clustering analysis for bias detection with sociotechnical considerations drawn 
from stakeholder participation. The significant variability in how social workers 
interpreted identical applicant profiles in our simulations, despite using the same 
assessment tool, reveals the critical need for standardized yet adaptable implemen-
tation protocols. These protocols should be co-designed with diverse stakeholders to 
account for contextual factors that pure algorithmic approaches might miss, partic-
ularly in what Eubanks (2018) conceptualizes as low-rights environments, where 
marginalized groups have limited recourse against technological harms. 

Further, the ABM approach employed in this study offers distinct methodolog-
ical advantages for examining these complex socio-technical dynamics. By simu-
lating interactions between heterogeneous actors (social workers, applicants, and 
algorithmic systems) within an institutional environment, ABM captures emer-
gent phenomena that traditional evaluation methods overlook. Our model’s capacity 
to reveal inter-practitioner variability in SSM-Cat interpretation, despite identical 
training protocols, also demonstrates how ABM surfaces latent inconsistencies in
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policy implementation. Furthermore, since the model can replicate real-world uncer-
tainties, it is particularly useful to provide policymakers with a robust sandbox for 
stress-testing allocation algorithms before deployment. As such, the approach repre-
sents a significant advance over static risk-assessment frameworks, thus enabling 
dynamic analysis of how micro-level decisions aggregate into systemic patterns of 
resource distribution. 

The ABM methodology also provides a unique platform for participatory policy 
refinement through its inherent modularity and transparency. Unlike black-box AI 
systems, using programs such as NetLogo for implementation allowed stakeholders 
to visually track how rule modifications can have a particular effect through the 
simulated ecosystem. This aligns with scholarly consensus that computational social 
science methods must maintain interpretability in public sector contexts, particu-
larly when the evaluation of a simulation is guided by the expectations, anticipations 
and experience of the community that uses it (Ahrweiler and Gilbert 2005). In this 
sense, the gamification workshops’ success in providing the conditions for delib-
eration about fairness criteria suggests that ABM continues to have potential not 
only for the construction process (i.e. as a consensus-building tool) but also to apply 
evaluation methods typically used for everyday simulations to scientific simulation 
and vice versa. Although it remains to be seen whether or not future applications 
could integrate machine learning to analyse emergent cluster patterns in decision-
making behaviours, it is becoming increasingly apparent that identifying implicit bias 
warrants intervention. Although current automated decision-making (ADM) systems 
can, in principle, be laid bare for all to see, the sheer complexity of these systems 
based on deep learning models prevents straightforward monitoring (Dowding and 
Taylor 2024). Therefore, hybrid methodologies that position ABM not merely as an 
evaluative tool, but as a more transformative approach to advance transparency and 
explainability in algorithmic governance are crucial if we believe that a significant 
problem of trust in ADM systems should be addressed at the level of stakeholders 
and institutions. 

Ultimately, the AI FORA research advocates for a paradigm shift in how AI 
systems are developed for social services, positioning co-creation as central rather 
than ancillary to the process. The participatory methods piloted in this study, 
including ABM simulations and gamification workshops, point towards more inclu-
sive governance models. In addition, our experience with the Pigall project as an 
extension of the AI FORA project confirms that qualitative insights from social 
workers are essential for pre-empting ethical pitfalls, while ABM provides a struc-
tured environment to prototype and validate solutions. By combining statistical 
techniques with deliberative stakeholder engagement, we can develop AI tools that 
are both technically robust and socially accountable, thus transforming algorithmic 
decision-making from a tool of potential exclusion to one of empowerment in an era 
of growing public-sector automation. 

We have seen that our system’s core complexity lies in its mandate to serve 
individuals and families with multifaceted vulnerabilities, often dealing with inter-
secting issues like poverty, migration, unemployment, mental health, and disability. 
Thus, frontline social workers operate within this fragmented structure, tasked with
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assessing complex, real-life situations and allocating limited resources according to 
regional laws and local protocols. The challenge is to balance standardized rights-
based entitlements with the need for personalized, holistic support in a context of 
chronic underfunding and administrative complexity. Indeed, this has also made 
evident that the Spanish system is a critical case study for understanding how tech-
nology may impact a decentralized, yet universally aimed, safety net. In conclusion, 
our case study reinforces the potential benefits of using the AI FORA process across 
a complex local social services system that requires the connected, person-focused 
work that also defines effective local social services. 
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Chapter 4 
Using Agent-Based Modelling to Explore 
Possible Implications of AI Use 
in the Asylum Procedure in Germany 

Elisabeth Späth, Martha Bicket, Martin Neumann, David Wurster, 
and Blanca Luque Capellas 

Abstract The Agent-Based Model (ABM) described in this chapter simulates 
a simplified model of the asylum procedure in Germany, capturing registration, 
hearing, decision, and court appeal. Its primary aim is to visualize the complexity of 
the asylum process and highlight how artificial intelligence (AI) applications must be 
understood within their operational context. The model serves both as a heuristic tool 
for understanding decision-making and an instrument to examine potential barriers 
and trade-offs in using AI technologies, and what they might imply for those affected 
by the technology, i.e. refugees and street-level bureaucrats. The research aims will be 
approached with a parameter sensitivity analysis, exploring links between decisions 
by the Federal Office for Migration and Refugees (German acronym: BAMF) and 
appeal outcomes, as well as narrative scenarios that illustrate possible refugee path-
ways. These examples are contextualized with stakeholder perspectives exploring 
possible implications of AI use. The findings indicate that AI-based technologies 
are likely to make decision-making processes more opaque, undermining refugees’ 
agency, and lead to dispersed accountability, especially if the structural problems as
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well as risks of AI use remain neglected. The chapter concludes that early stakeholder 
engagement, technology assessment, and governance are crucial. 

Introduction 

In the context of migration, Agent-Based Modelling (ABM) has primarily focused 
on the analysis and prediction of “migration flows”, often in relation to conflicts and 
climate change (Hinsch and Bijak 2022; Klabunde and Willekens 2016). A small 
but growing number of studies have addressed bureaucratic processes—particularly 
those involved in asylum procedures (e.g., Boshuijzen-van Burken et al. 2020). In 
Germany and other countries within and beyond Europe, the current asylum system is 
often referred to as an “asylum lottery” (Marshall 2025; Riedel and Schneider 2017), 
characterized by a kafkaesque bureaucracy (Eule et al. 2020) due to opaque and 
prolonged decision-making processes. Promising greater efficiency and objectivity, 
various types of artificial intelligence (AI)-based technologies are being increasingly 
incorporated into asylum-related decision-making by European governments (Ozkul 
2023); recent political calls in Germany have advocated for “more AI and more 
judges” to accelerate asylum decision-making (Zeit Online 2025). The Federal Office 
for Migration and Refugees (German acronym: BAMF)—the authority responsible 
for asylum procedures in Germany—has been using an AI-based technology, “Dialect 
Identification Assistant System” (DIAS), since 2017 to determine asylum seekers’ 
countries of origin. This has been criticized for various, significant reasons: next to 
inaccuracy problems, since relying mainly on dialects to determine a person’s country 
of origin is unreliable (Lulamae 2022; Ozkul 2023), as language cannot be strictly 
defined by national borders, and evolves throughout a person’s life course as well as 
socialization. While each of those AI-based technologies requires specific ethical, 
legal, and practical considerations, as the case of DIAS has shown (e.g. Ozkul 2025; 
Palmiotto 2024; van der Kist 2025), AI applications generally need to be understood 
in the context in which they are operationalized, in terms of the processes involved 
in decision-making and the factors that co-determine decision-making outcomes. 

This chapter introduces an ABM designed to explore these complexities, exam-
ining implications of AI-based technologies through the lens of stakeholder perspec-
tives. The ABM models the dynamics between state decision-making and refugees 
as they navigate the asylum process (e.g., registration, hearing, decision), as well 
as related post-decision processes (e.g., court appeals) within the German context: 
While administrative staff face high workloads and policy flux, refugees are often 
confronted with opaque procedures, experiencing the administration as a “black box”. 
This can lead to perceptions of unfair treatment, unjust outcomes, and increased 
likelihood of court appeals. The purpose of the model is to “untangle” the asylum 
procedure and identify key points that are critical to assessment and outcomes. The 
hypothesis underpinning this approach is that the use of AI, if applied to current 
institutional practices, may increase the opaqueness of decision-making and lead
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to more dispersed accountability. As such, the model serves as a heuristic tool for 
exploring the implications of AI-based technologies in asylum systems. 

The ABM’s output is analysed via a two-part methodology. On the one hand, to 
understand the macro-level of asylum decision-making, a parameter sensitivity anal-
ysis was conducted examining the impact of parameters on the simulation results, to 
explore the relation between the workload of BAMF and the number of (un)successful 
court appeals. However, a sensitivity analysis only allows a static analysis that does 
not enable for dissecting the causal pathway from the start to the end condition of a 
simulation (León-Medina 2017). This can be achieved by following selected agents 
and providing a narrative description of the rules executed for these agents during 
the simulation (micro-level perspective). This approach could help to develop an 
understanding of individual behaviour and motivation vis-à-vis individual (institu-
tional) decision-making illustrated with synthetically constructed narratives (based 
on empirical as well as fictional data). Thereby, “insider” and “outsider” perspectives 
(cf. Clegg et al. 2016) of asylum bureaucracy could be understood in an illustrative 
way.1 

The overarching purpose of the ABM is to provide a tool, on the one hand, 
to visualize the different factors involved. In a tested and calibrated form, ABMs 
can support decision-makers to gain a better understanding of the complexity of the 
policy domain (Gilbert et al. 2018). On the other hand, in relation to possible AI use, 
this ABM could offer a framework to anticipate system interactions, outcomes, and 
explore trade-offs, understanding the relationship between individual behaviour at 
the microlevel and system behaviour at the macro-level (Ahrweiler 2017).2 

Description of the Model 

Simulations, such as ABMs, typically rest on a simplification of a complex social 
system. In these simulations, heterogeneous agents (individuals or organizations), 
differ in their behaviours, and decision-making processes. This diversity enables 
ABMs to simulate complex systems by reflecting real-world variation and interac-
tions. Importantly, the main value of this lies much more in being a tool for exploring 
the types of issues and contributing factors that one might encounter in such a system 
than being accurate or representative (Hinsch and Bijak 2022). The following ABM 
is a (very) simplified model of the asylum procedure in Germany. The ABM’s design 
derived from desktop and empirical research (conducted in 2022 and 2023), to inform 
the processes as well as “parameters” co-determining decision-making outcomes.

1 This distinction draws upon the analysis by Clegg et al. (2016): “Weber’s focus is concentrated 
on the mechanics and working of bureaucracy from the insider point of view of the ideal typical 
bureaucrat; Kafka looks at the bureaucratic subject from the experience of the outsider, from the 
perspective of the subject; his interest is in the phenomenology of power rather than issues of 
governance.” (p. 160) 
2 While there was no direct validation of the ABM with participants taking part in the research, a 
simplified representation of the model was presented and evaluated by policymakers. 
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Although many more parameters could have been chosen, especially more “non-
human actors” (Latour 2005), such as protocols and regulations (see Andreetta and 
Borrelli 2024), a limit was necessary to design and operationalize the model. Further-
more, it was a deliberate decision not to include a parameter on the AI-based tech-
nology (e.g. DIAS) itself, especially because there was a lack of information on its 
use in the different stages (registration and hearing) and to what extent this influences 
the final decision.3 

The main sources for designing the ABM (as well as the narratives in Sect. Narra-
tives: Understanding Critical Junctures in Decision-Making (Micro-Perspective) and 
Exploring Implications of AI Use with Stakeholders.) were qualitative interviews 
with refugees and participatory modelling sessions (Quimby and Beresford 2022) 
with nine “experts”. Experts are here defined as professionals working in organiza-
tions, such as welfare organizations and refugee councils, who provide support and 
counselling to migrants and refugees (e.g. legal advice; counselling and information 
on supporting organizations and infrastructures). In four small focus groups, in a 
gamification setting, the experts were asked to imagine the path from registration at 
the BAMF branch until a major (bureaucratic) milestone, such as being econom-
ically independent or even naturalization (the final stage/goals were defined by 
experts themselves). The expert groups were randomly assigned one of two fictional 
refugee profiles. Creating a gamification setting to inform the ABM was based on the 
idea of involving experts to “co-construct an abstract representation of a real-world 
system” and gaining an insider and local knowledge to widen the understanding” 
(cf. Type 1, Game → ABM, Szczepanska et al. 2022), i.e. of the asylum system 
in Germany. The gamification approach centred around thinking about scenarios 
regarding barriers (“what can go wrong”) and opportunities, for instance, ways how 
to come to terms with these barriers. 

While the complete ABM (see Fig. 4.1) also captures processes after the asylum 
procedure (e.g. having a job/no job/good job; hardship commission; cf. Station “post-
decision”), the following description (including results and discussion, respectively) 
will only focus on the asylum application procedure: registration, hearing, decision 
and court appeal.

Agents 

Each applicant is initialized with a range of attributes4 that impact their progression 
through the asylum and appeals processes:

3 Based on an inquiry by Ozkul (2025), the BAMF stated that “there were no statistics on this 
matter” (ibid.). 
4 As stated before, more parameters, i.e. attributes could have been chosen. The following attributes 
ascribed to the agents can be considered as “dominant” in the empirical data as well as in the 
literature, among other studies: “federal state receiving the application” (Riedel and Schneider 
2017); “administrator/organisational bias” (Affolter 2021; Dahlvik 2018; Gundacker et al. 2025; 
Schittenhelm and Schneider 2017); “health/vulnerability status” (e.g. Boettcher and Neuner 2022;
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Fig. 4.1 German asylum application procedure; Applicants are colour coded (white: “no decision 
yet”; green: “asylum”; blue: “tolerance”; red: “rejected”)

• Country of origin: Applicants from certain countries have a higher chance of 
receiving asylum status than others. [“lower priority country of origin”; “higher 
priority country of origin”]. 

• Documents: Applicants may have full, partial, or no documentary evidence of 
their identity and education. [“all”; “some”; “none”]. 

• Interpreter: Deemed “good” if there is a positive match between the applicant 
and interpreter’s genders, ethnicities and spoken languages. This determines the 
effectiveness of communication during the hearing stage, which increases an 
applicant’s chances of progressing to the next stage of the application process. 
[“good”; “bad”; “none”]. 

• Supporter: The support of a lawyer, volunteer or migration counsellor from a 
welfare organization. Having a supporter improves an applicant’s chances of a 
positive, i.e. fair decision outcome. [“yes”; “no”]. 

• Health status: May influence an applicant’s vulnerability and support needs. 
[“0= high vulnerability”; “5 = lo w vulnerability”].

• Federal state (bias): The federal state where the application is received and 
processed. [8 federal states with “high bias”; 8 federal states with “low bias”]. 

• Administrator (bias): The administrator is (here) the person who is responsible 
for the decision. The outcome of the decision is co-determined by the organiza-
tional bias/culture (represented by the federal state bias) as well as the adminis-
trative workload (if it is higher than a defined workload threshold) [“high bias”; 
“low bias”]. 

• Status decision (outcome): “waiting”, “asylum”, “tolerance”, “rejection”. 
• Number of years in Germany: 0–3 years.

Bradby et al. 2015; Mulcaire et al. 2024; Schock et al. 2015); role of social and human capital 
co-impacting other attributes, such as supporting infrastructures (Kosyakova and Brücker 2020)
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Environment and Interactions over Time 

Applicants are positioned at one of four “stations”: registration, hearing, decision, 
and court appeal. 

Registration: A given number of applicants begin at the registration station, which 
marks the beginning of their pathway through the asylum application procedure in 
Germany. At the beginning of each round, further new applicants enter the system 
here. Each applicant at the registration station automatically progresses to the hearing 
station in the following round. 

Hearing: Applicants are randomly assigned an interpreter for the hearing stage 
at initialization: good, bad or none. If the interpreter is “good”, indicating a posi-
tive match between the applicant and interpreter’s genders, ethnicities and spoken 
languages, then there is a 90% chance that the applicant will proceed to the decision 
station for the following round. If the interpreter is “bad”, indicating a less successful 
match, then the chance of progressing to the next station in the next round is only 
30%. If the applicant was not assigned an interpreter, then they only have a 10% 
chance of progressing to the next station in the next round. Applicants who are not 
successful remain at the hearing station and will have another chance to progress in 
each successive round. 

Decision: Applicants at the decision station wait for the opportunity to have their 
application assessed by an administrator who will award them one of three statuses: 
rejection, tolerance status or full asylum status. Applicants may have to wait multiple 
rounds to be seen. 

Applicants are more likely to be seen and receive full asylum status if they have 
complete documents (proof of identity and education, etc.), a supporter such as a 
lawyer, voluntary worker or counsellor from a welfare organization, and are from 
a high priority country of origin. Applicants are less likely to be seen or receive 
asylum status if there are missing documents or if their federal state’s caseload (the 
number of applicants in that state in the registration, hearing or decision stages) is 
high. Depending on the status awarded, the applicant will receive permission to work 
or right to remain in Germany accordingly (see Table 4.1). 

Court appeal: Applicants file an appeal if they want their application to be 
reconsidered by the courts. They may do so because they feel that they have expe-
rienced discrimination, or that their case has been treated unfairly or poorly (e.g. 
administrative errors).

Table 4.1 Interrelation between status and refugees’ right-to-remain and -work 

Status awarded Work permission Right to remain 

Rejection No No 

Tolerance No Yes (but may be subject to change) 

Asylum Yes Yes 
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Eligibility 

Applicants who have received full refugee status do not appeal their status. For 
everyone else, if the applicant’s administrator had a workload higher than a given 
threshold then there is a 70% chance that the applicant will file an appeal. This is 
based on the assumption that the higher the workload, the greater the chance that 
an administrative error may have taken place. Similarly, if there was a high level of 
organizational bias then there is another 30% chance that the applicant will file an 
appeal. 

Success Criteria 

The same criteria above are applied again to decide which applicants are successful in 
their appeal. Those who had an administrator with a high workload have a 70% chance 
of being successful in their appeal, and those who had a high level of organizational 
bias, co-influenced by the federal state bias, have a further 30% chance. 

Only a certain number of appeals can be heard by the courts each round. Appeals 
are processed until the appeals quota is reached for that round. Other applicants 
remain at the station to have their appeal heard at the next available opportunity in 
the following rounds. 

If applicants are successful in their appeal, then their status improves to the next 
best decision outcome only (rejection is changed to tolerance; tolerance is changed 
to full asylum status). 

Methodology, Results and Discussion 

Parameter Sensitivity Analysis: Understanding the Link 
between BAMF’S Workload and Number of (Successful) 
Appeals (Macro-Perspective) 

As analysed by Bogumil and Kuhlmann (2022), there is a correlation between work-
force, the number of asylum applications being processed, and the quality of decisions 
made by the BAMF, which in turn impact the volume and success rate of appeals. 
To “trace” this correlation in the ABM and to understand the macro-level context of 
asylum procedure decision-making, a parameter sensitivity analysis, a standard tool 
for understanding the dynamics and emergent patterns of agent-based simulation, 
has been conducted. Parameter sensitivity analysis consists of a systematic varia-
tion of key parameters of a model and a subsequent analysis of the corresponding 
variation in the simulation results. This enables an investigation of the impact of the 
parameter values on the model output and dynamics. A key question is whether the 
model dynamics is highly sensitive to the values of the parameter which is varied
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(i.e. whether it has a high causal influence) or whether the dynamics is quite robust 
with regard to this parameter (Borgonovo et al. 2022). Here, a parameter sensitivity 
analysis was conducted to explore the sensitivity of appeal outcomes in relation to 
the “workload threshold” of the BAMF, as the courts represent a pivotal role (cf. 
Thränhardt 2023). This threshold indicates the threshold at which the administration 
is overwhelmed by the workload, i.e. a high workload threshold represents a well-
equipped administration, whereas a low workload threshold stands for an adminis-
tration that will be rather overwhelmed. The workload threshold was varied between 
5, 10, 15, and 20, while all other parameters were held constant. The static analysis 
reflects aggregated patterns with 1000 simulation runs per parameter constellation. 

The results of the sensitivity analysis show that the overall number of appeals 
remains consistently high at around 2/3 of all applicants until the workload threshold 
reaches 20, its highest level, i.e. indicating a “better-equipped administration” (see 
Fig. 4.2). However, even more significant than the quantity, i.e. number of staff, is 
the quality of the decision, which is displayed by the relation between all appeals and 
successful appeals (see Table 4.2): while more than half of all appeals are successful 
when the workload threshold ranges from 5 to 15, the number of successful appeals is 
halved at the highest workload threshold level. The proportion of successful appeals 
serves as an indicator of the asylum system’s legitimacy from the perspective of the 
(bureaucratic) system itself: an appeal is successful when the court detects a mistake 
in the original decision-making process. Conversely, when the workload threshold 
is 20, the proportion of successful appeals drops significantly (by more than 5%) as 
fewer errors occur when the administration is not over-stretched. 

Whereas this sensitivity analysis provides insights into how the number and 
success rate of appeals shift with changes in the workload threshold and can thereby

Fig. 4.2 Parameter sensitivity analysis based on parameter “workload-threshold”
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Table 4.2 Impact of parameter “workload-threshold” on number of (successful) appeals 

Workload-threshold Quotient all-appeals/successful-appeals Decrease 

5 56.04% 

10 55.82% 0.22% 

15 54.86% 0.95% 

20 49.74% 5.12%

only give an indication on the relation between appeals and successful appeals (at 
least in this analysis), the following narratives give some insights into possiblecausal 
pathways, i.e. the motivations behind or reasons for certain behaviours. This can be 
achieved by following selected agents through the simulation run (Squazzoni 2008). 

Narratives: Understanding Critical Junctures 
in Decision-Making (Micro-Perspective) and Exploring 
Implications of AI Use with Stakeholders 

To exemplify the experiences of refugees as they navigate their way through the 
asylum system, two agents (from 135 agents in 25 simulation rounds) were selected. 
These agents were mainly selected, on the one hand, to display a longer timespan via 
narratives (as these agents “enter” rather at the beginning of the simulation run), and 
on the other hand, because these agents file an appeal so that these scenarios could 
thereby be discussed in relation to possible AI implications. Their way is illustrated 
by Tables 4.3 and 4.4, followed by a narrative explaining the parameters that had an 
impact on the model’s output (“critical junctures”), i. e. an agent’s pathway. These 
narratives were synthetically constructed by combining the history of the agent with 
qualitative data from interviews (with refugees) and participatory modelling sessions, 
and interpreted via fictional narratives (Neumann and Lotzmann 2017), including 
fictional refugee names. The selection of individual pathways represents a form of 
selective, theoretical sampling (Corbin and Strauss 2008) from the simulation outputs 
to cover a spectrum of possible pathways a refugee can take through the asylum 
system. In contrast to traditional approaches to the analysis of simulation outputs, 
which focus on aggregated patterns at the macro level at the final stage of a simu-
lation, the analysis of narratives delves into the micro level of the possible causal 
pathway of agents within the simulation run. A narrative-based approach is valu-
able because multiple perspectives can be considered simultaneously. In doing so, it 
offers insights into bureaucratic processes, forms of legitimization, and perceptions 
of relevant stakeholders. The following narratives will then be set into the context of 
exploring possible implications of AI use with stakeholders.
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Table 4.3 Pathway Agent 7 (rejection) 

Table 4.4 Pathway Agent 12 (rejection -> tolerance) 

Narrative of Agent 7: Nadim B. From Syria (Status Decision 
Outcome: Rejection) 

Nadim B. comes from Syria (for the purposes of the model, a country of origin with 
“higher priority” status) but has only some of his documents. During his flight, Nadim 
met someone who tells him it is better to say to have lost some documents. “(…) 
unfortunately, they are being given bad advice, (…) by others, word of mouth advice 
(Supporter/Refugee from Afghanistan, Interview, R1)“; “(…) somebody told them 
that’s better to say you don’t have any papers, and then you have like a long time 
because they have to find out who you are” (Expert 1, Participatory modelling, Group 
1). After some waiting time, Nadim receives a rejection because his identity cannot 
be clarified. He becomes desperate and, after some time, he reaches out to a lawyer 
who helps him file an appeal (see box 1). However, the appeal is not successful, 
and Nadim’s (mental and physical) health begin to deteriorate (see box 2). “But my 
lawyer did and I waited again, after two months, a letter came back again, (…) I’m 
stressed all the time (...), and I can’t sleep properly because I’m so sad (…). I’ve left 
my family, my town’s broken too and that’s all behind me, that’s broken too, what 
should I do?” (Refugee from Syria, Interview, R2). 

Having only “some” documents, it could have been the case that the DIAS might 
be used to identify Nadim’s country of origin, possibly leading to rejection. As 
already highlighted in the literature (see Ozkul 2025), one expert mentioned that it is 
not possible to apply an “objective standard” in determining the identity of someone 
based on their language or dialect spoken: 

If the person is rejected (…) because there is doubt about this, then it is essential to appeal 
against this decision, because there is no objective standard for determining this, mainly 
based on dialects or something like that. Because Syria alone is a multi-ethnic state, there
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are a thousand different dialects. And they also like to speak their own languages when in 
doubt. It’s not that simple. (…) In any case, I would always appeal against such a decision 
by artificial intelligence (…) because it cannot be that the impression a program has in legal 
proceedings carries more weight than the statement of the person concerned. I would find 
that quite disreputable if that were the case (Expert 8, Participatory modelling, Group 2). 

Research participants in the focus groups and participatory modelling sessions 
emphasized the crucial importance of having an independent asylum procedure 
counselling beforehand, providing refugees with adequate support and guidance 
concerning all information relevant to the asylum procedure, thereby also addressing 
what was labelled as “misleading information”. Additionally, the relationship 
between lengthy procedures, lack of perspective and their consequences for both 
health and the motivation to continue, partly due to limited options and a long waiting 
time, was considered. There was broad agreement that AI could facilitate access to 
information on supporting infrastructures (e.g. health services, activities, and legal 
support). The (final) quote, furthermore, raises an essential concern, namely whether 
AI might be more trusted or given more weight than individuals’ testimonials in 
decision-making within the BAMF as well as by the courts. 

Narrative of Agent 12: Meral F. From Iran (Status Decision Outcome: 
Rejection -> Tolerance) 

Meral F. comes from Iran (for the purposes of the model, a country of origin with 
“lower priority” status) and could not take all the important documents with her. 
“(…) that was difficult our way, because, without a passport, leaving home, (…). I 
was afraid of getting into prison, many many bad things happen, and especially for 
women, yes. Because, normally, rape, (…), it is the first consequence.” (Refugee from 
Iran, Interview, R3). During the hearing, Meral explains that she has been persecuted 
by state officials due to her active involvement in supporting women’s rights in 
Iran. Although she reports receiving threats in her daily life, she does not feel safe 
sharing all details. Overall, the interviewer finds the report of the asylum seeker rather 
inconsistent and unclear; although she reported threats, the interviewer could not find 
sufficient evidence to support her statements. Based on the case report, the lack of 
documents, and the internal, rather restrictive guidelines within this specific BAMF 
branch, Meral receives a rejection after a while (see box 1). “And every institution/ 
organization has a certain corporate culture, which doesn’t necessarily have to 
be formalized or written down. But perhaps a department manager says, yes, you 
should take a particularly close look at the people (…), you take a particularly hard 
line.” (Expert 4, Participatory modelling, Group 2). Following her rejection, friends 
and some family members in Iran manage to send Meral some of her documents. 
Furthermore, she receives legal advice from an organization specialized in refugee 
law in Germany. This support helps her to formulate her arguments and empowers 
her to talk about her experiences with violence, and her fear (see box 2a/b). “So the 
woman cannot, (…) she didn’t say anything about the rape because she didn’t want 
to say it to herself, didn’t dare or so. Then she is rejected, then she appeals against
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this rejection in court (…). Then the judge is asking, “did you present/say that? And 
then she says, no, I didn’t dare to do that.” (Expert 8, Participatory modelling, Group 
4). 

This case (“high administrator bias”) could point to two different scenarios. On 
the one hand, according to the experts’ perspectives, the tension (as in Meral’s case) 
between what is said, what is not said and “what should have been said” is likely 
to evolve, among many other reasons, due to traumatic experiences, lack of support 
beforehand, and/or a “bad interpreter”. In a context where there is a “high admin-
istrator bias”, and possibly an AI-generated output rather supporting this bias, this 
may further exacerbate the problem that refugees’ testimonial is based on how well 
they “perform” (see also van der Kist 2025), instead of providing them space to give 
a comprehensive account of past experiences and well-founded fear of persecution, 
which lies at the core of the hearing. Furthermore, experts expressed the concern 
that this “missing information” in the data set could again create further bias, which 
might be relevant for more complex systems, such as “case-matching” AI-based 
technologies (Ozkul 2023). On the other hand, one expert raised the concern that, 
even if an “optimally functioning AI” would be used, it remains unclear whether the 
AI’s output can “overrule” this (administrator) bias: 

So AI should not have any political instrumentalization intentions (…), but hierarchies do 
that, they do that and that’s really interesting. (…) Politically instrumentalized hierarchies are 
actually significant power factors, it doesn’t mean that everything is right in every individual 
case, but the framework conditions describe it in such a way that it is extremely difficult for 
those affected to succeed in the system, as we can see from the recognition rates. Where there 
are heaps of positive recognition in the asylum procedure, for certain countries of origin, this 
is preceded by a political decision. (…) Quite independently of the individual narratives that 
are fed into the asylum applications in detail. But otherwise, if the assessment in the asylum 
procedure is only based on the individual narratives, then it is usually negative. Then the 
quotas are and that is due to these political guidelines. And I would like to see the authority 
that forgoes these political guidelines in favour of an optimally functioning AI. (Expert 8, 
focus group on possible AI integration) 

The quote indicates that the potentials, or hopes, associated with AI, e.g. more objec-
tivity, do not materialize automatically, given the (political) forces in play. This 
scenario puts into question a more general issue: to what extent are hierarchies 
reflected in the interpretation of AI-generated results, in how far street-level bureau-
crats evaluate, or are trained to evaluate, these data and “weighing” them against 
their own perspective. 

Both narratives illustrate (quite radically) that the interplay of conditions further 
deepens the power—and information asymmetry among refugees, decision-makers 
and, ultimately policymakers. Current and future (AI-based) assessment practices 
are likely to further undermine refugees’ agency, especially due to the existing 
kafkaesque bureaucracy, and potentially further impact the asylum system’s legit-
imacy by delegating responsibility to technology, neglecting the structural issues 
exacerbated through AI use. 

From an “outsider perspective”, it is hard to understand the processes as well as the 
assessment criteria. Refugees’ agency has already been constrained and undermined 
in different ways through being confronted with vulnerabilities over a long-time span:
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dealing with border controls, physical and mental violence as well as managing the 
economic implications. Past experiences, such as prior negative encounters with 
the officials in state institutions and current challenges, i.e. uncertainty regarding 
their future, waiting time and trauma, further influence individual decision-making 
and behaviour. It is not only crucial to take these vulnerabilities into account, but 
also the very structures simultaneously having a constraining, and disempowering 
impact. Participants considered support, possibly facilitated with AI technology, as 
very important regarding how refugees navigate through the asylum system. Related 
to this, transparency of decision-making processes was seen as fundamental, particu-
larly with regard to knowing whether, and to what extent, an AI system had influenced 
the final decision, in order to enable intervention—for example, to clarify misunder-
standings or to pursue legal action. When it comes to possibly appealing against the 
decision (cf. Nadim’s case), this would of course require additional legal support. 

The “insider perspective” that is, the standpoint of decision-makers and users of 
AI-based technologies—along with the persistent tension between asylum law, and 
the political objectives (Thränhardt 2023), are key factors to consider. Yet it remains 
unclear how exactly AI-generated results or recommendations influence decisions, 
particularly when organizational or political pressures favour different outcomes. 
Current approaches by political actors, implemented through street-level bureau-
crats, tend to use AI primarily for legitimization (Späth 2025), invoking bureau-
cratic values such as efficiency, rationality, and objectivity (cf. “digital Weberian-
ism”, Muellerleile and Robertson 2018). This top-down mode of implementation 
disperses accountability among multiple actors being tasked with “making sense” of 
AI outputs, possibly of systems whose validity, or “meaningfulness” (e.g. systems 
like the DIAS), is highly contested. In the end, it remains highly questionable whether 
workload issues for street-level bureaucrats can be reduced, without compromising 
the quality of decision-making. Additionally, it is uncertain how far courts trust 
AI-assisted decisions made by the BAMF. 

The asylum system (cf. Eule et al. 2020) as well as AI systems (cf. Cobbe et al. 
2023) can be characterized as being operationalized by “many hands” (see also algo-
rithmic value-chain model, Silva and Kenney 2018). Consequently, the prevailing 
implications cannot be seen from an “isolated” perspective, such as high workload 
within the BAMF or a controversial AI-based technology such as the DIAS, but 
in their intertwinement in the different processes. Importantly, AI-based technolo-
gies in this context should be understood as “epistemic technologies” (Alvarado 
2023) because they co-shape both the epistemic content as well as the epistemic 
operation (ibid.), i.e. the assessment process, and thereby pre-structure decision-
making for street-level bureaucrats. This occurs in a context in which “luck” can 
be considered a dominant, structural problem for refugees (Marshall 2025), and in 
which refugees’ testimonial should be taken as the primary reference point. It is essen-
tial that the “promises” of AI, such as speeding up decision-making and reducing 
workload within the BAMF, should be weighed against the risk of creating additional 
forms of injustice towards vulnerable people, possibly further obscuring the decision-
making processes, especially in case structural issues (e.g. different institutional prac-
tices across federal states, see Gundacker et al. 2025) remain untackled. Through the
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research participants’ input, it has become clear that early stakeholder inclusion, espe-
cially considering “insider” as well as “outsider” perspectives of asylum bureaucracy, 
and a comprehensive technology assessment (Grunwald 2009, 2025), before any AI-
based technology is implemented, are crucial. Striving for legitimacy is essential in 
this context, as AI use in asylum procedures directly affects fundamental rights and 
thus demands, next to participation, strong justification, transparency and oversight 
mechanisms. (Popovski and Turner 2012;  Stewar  t 2024). Establishing those struc-
tures that foster dialogue, alongside legal safeguards, is a necessary step to address 
the complex challenges posed by the increasing use of AI in decision-making, and 
constitutes a core task of governance (Grimmelikhuijsen and Meijer 2022). 

Conclusion 

AI integration, as Dignum (2023) emphasizes, must be examined in relation to the 
structures of power, participation, and access to technology that determine who influ-
ences decisions, which data and knowledge are used, and how interactions between 
decision-makers and those affected are structured and maintained. Designing and 
applying the ABM—through both the parameter sensitivity analysis and narratives— 
illustrate what one expert described as how “everything is somehow connected to 
one another” (Expert 4, Participatory modelling, Group 2). This refers not only 
to the formal sequence of processes but also to their quality, including: the role 
of documents, support and information infrastructures for refugees, their agency 
being influenced by personal resources and health status, organizational challenges 
characteristic of asylum bureaucracy (e.g. the role of the interpreter and the federal 
state) and legitimization practices. Currently, AI development and implementation 
is designed only by a narrow set of stakeholders, relying on “technological fixes”, 
while accountability becomes dispersed across institutional structures. The combina-
tion of structural issues, controversial AI applications, such as the DIAS, and a lack 
of transparency in how these are embedded in the (final) decision-making process 
affect not only individual refugee agency, but also refugee collectives (those with 
similar backgrounds and “pathways”) and the system level. Given AI’s direct impact 
on fundamental rights, addressing its normative and institutional challenges is a core 
governance task, requiring participation, transparency, oversight, and thus support 
for early stakeholder engagement and technology assessment. 

Taking the perspective of the affected person by following their “pathways” 
before, during, and after the asylum procedure as well as of those working closely 
with refugees has proved valuable for approaching the possible implications of AI 
use in this highly sensitive domain. The ABM’s design—its structure and compo-
nents—aimed to be close to the narratives of those with experiential knowledge, indi-
cating different aspects of refugee agency (cf. de Haas 2024). Participatory research 
with professionals from various disciplines has also demonstrated the value of recog-
nizing the interplay between subsystems and the overall process across different 
organizational levels.
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Notably, an important limitation of the analysis is that the primary source of 
the “insider perspective” of bureaucracy, the perspectives of administrative staff, 
is missing. These perspectives are crucial to learn about how the interaction with 
technology evolves, and to what extent training about intercultural competence, for 
example, plays a role. Another important limitation is that for reasons of space, only 
two narratives (from the 135 that were simulated) could be discussed. 

It should be emphasized that the model is flexible and open to incorporating 
additional and especially more refined parameters. Future work could detail the 
processes of entering the job market or filing an appeal to the hardship commission. 
A further step could be to analyse the relative likelihood of the pathways followed 
by individual agents studied in the qualitative analysis (Neumann et al. 2023), for 
example, under what conditions “critical junctures” occur, which may be particularly 
useful for guiding targeted support or policy actions. 
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Chapter 5 
Gamifying Fairness: Exploring 
Algorithmic Decision-Making 
in Estonia’s Welfare System 

Maris Männiste, Triin Vihalemm, and Avo Trumm 

Abstract Artificial intelligence and algorithmic systems are increasingly used to 
help make decisions about public service provision and state benefits for citizens. 
Delegating decision-making to machines raises ethical and social concerns and 
important questions about responsibility, accountability, transparency, and the quality 
of such decision-making (see, for example, Allhutter et al. 2020). Countries also 
have different policy contexts where these systems are situated, which can impact 
the attitudes towards AI-supported decision-making and understanding of fairness 
in particular contexts. By using a “serious games” approach, we aimed to under-
stand how a selected automated assessment system might be reviewed and improved 
with real-world stakeholders to incorporate concerns of fairness into it. For this 
purpose, we conducted half-day-long workshops with master students (n = 18) from 
different social science-focused curriculums who, by taking the roles of consul-
tants or clients in an unemployment insurance fund, played out the various possible 
scenarios for clients when an algorithm is used to assess the needs of the clients. The 
chapter analyzes the workshop results with master students as real-life stakeholders 
inspired by the serious games approach and discusses further opportunities for better 
integration of AI-based tools into social service provision in Estonia.
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Introduction 

Artificial intelligence (AI) and automated decision-making (ADM) are increasingly 
shaping public service provision and the allocation of state benefits and services 
(Dencik and Kaun 2020; Algorithm Watch 2019; AI Watch 2020; Lighthouse Reports 
2024). These technologies are often assumed to enhance efficiency, consistency, 
and scalability in decision-making processes (Veale and Brass 2019) and primarily 
adopted to meet the organizational goals of cost-efficiency and administrative stream-
lining (Valli Buttow and Weerts 2022; Dencik and Kaun 2020). However, delegating 
decision-making to AI is not without challenges, raising ethical and social concerns 
related to algorithmic bias, responsibility, accountability, transparency, and decision-
making quality, particularly in the social welfare domain (Alston 2019; Eubanks 
2018; Allhutter et al. 2020; Whiteford 2021; Rinta-Kahila et al. 2024; Lighthouse 
Reports 2024; Akhtar and Frank Jørgensen 2024; Amnesty International 2024). 

One of the central concerns in mitigating the risks associated with algorithmic 
systems is fairness (Starke et al. 2022), a fundamental principle in trustworthy AI 
frameworks (OECD 2019). Algorithmic fairness is generally defined as ensuring 
that automated decisions do not produce unjust, discriminatory, or disparate conse-
quences (Shin and Park 2019; Mitchell et al. 2021). However, fairness is context-
dependent, shaped by national policy frameworks and societal attitudes, which influ-
ence perceptions of fairness and trust across different settings (Starke et al. 2022). 
The context of utilization of AI or algorithmic solutions shapes citizen perception 
towards algorithmic technologies and trust towards state institutions (Kaun et al. 
2024; Steedman et al. 2020; Kaun and Masso 2025). Therefore, depending on the 
domain, there are also specific factors that influence the perception of citizens who 
are being subjected to AI or algorithmic assessment what is considered to be fair 
in particular situations. Previous research suggests that opportunities for appeal and 
control over algorithmic decisions are critical for mitigating algorithmic discrimi-
nation (Sun and Tang 2021), and explanations of algorithmic decisions can enhance 
public understanding of fairness in benefits and services distribution (Starke et al. 
2022). Furthermore, the extent to which algorithms account for qualitative informa-
tion and context appears to be a crucial factor in shaping fairness perceptions, further 
underscoring the complexity and subjectivity of algorithmic fairness and the need 
for context-sensitive approaches when implementing AI-driven decision-making in 
public services. Thus, as Ahrweiler et al. (2024) note, there is no approach that would 
be perceived fair everywhere. 

This chapter will investigate the stakeholders’, who are represented by social 
science master students’ perspectives on fairness in algorithmic decision-making in 
unemployment career counseling services by employing a gamification approach 
and more concretely by using serious games. The algorithm used in the serious game 
was loosely based on our previous research regarding the decision support tool OTT 
used by the Estonian Unemployment Insurance Fund (see for more detailed overview 
Vihalemm et al. 2025; Weitz et al. 2024). In a workshop with University of Tartu 
master students from social science-focused curriculums, participants adopted the
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roles of consultants or clients to simulate scenarios involving an automated assess-
ment system. Through this approach, we aimed to uncover actionable insights into 
how concerns about fairness can be integrated into the design and implementation 
of AI-supported assessment systems for social services. The whole process of the 
study is schematically drawn in Fig. 5.1.

The chapter is structured as follows: In Sect. “Introduction”, we will give a short 
overview of the case-specific game design and agent-based modelling (further ABM) 
approach. Sect. “Estonian ABM and Serious Game for Improving Social Assess-
ment Practices” will introduce the main results from the serious game. The chapter 
ends with a summary that highlights the main findings from using the serious game 
approach. 

Estonian ABM and Serious Game for Improving Social 
Assessment Practices 

The next chapters will give an overview of the ABM that was created to simulate 
the assessment and support process of the Estonian Unemployment Insurance Fund 
(further EUIF) and the serious game conducted with Estonian master students from 
social science-focused curriculums. The game was developed by Martha Bicket from 
Surrey University and was also accompanied by the ABM model that in the AI 
FORA project aims to be “of a theorem-checking device for the ruleset derived 
from the one in place in the empirical system under investigation” (Ahrweiler et al. 
2024). The purpose of the agent-based model used in this case study was to simulate 
and explore the dynamic effects of algorithm-based support level assessments on 
consultant-client interactions, under varying fairness logics. The utilization of ABM 
approach was already pre-planned by the general project design. The use of method 
was chosen because it suited well for the inclusion of students and integration with 
the academic seminars. 

The Estonian Model Description 

The ABM was specifically designed to model the career counselling services 
provided to job-seekers by the EUIF. The chapter presents the key elements of the 
ABM following the framework proposed by Dilaver and Gilbert (2023), which has 
also been applied to other AI FORA case studies (see Ahrweiler et al. 2024).
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Table 5.1 Attributes used in Estonian decision system 

Work experience Number of years of previous work experience 

Fluency—Estonian Yes/no 

Fluency—other Number of additional languages client is fluent in 

Driving license Yes/no 

Education The client’s highest level of completed education 

Dependents Number of people who rely on the client as a primary source of 
income or for care 

Health Presence and severity of health conditions that may affect the client’s 
ability to work 

Time-since-employment The number of months since the clients last employment 

The Agents 

The agents in the Estonian ABM simulation were jobseekers (“clients”) applying for 
career counselling support, and consultants who assess and assist them. The consul-
tants’ objective was to allocate resources effectively to maximize client employment 
outcomes. Clients were initialized with the attributes described in Table 5.1.  The  
attributes included work experience, Estonian language fluency, fluency in other 
languages, driving license, the highest level of completed education, number of 
dependents (including children as well as elderly people a person may need to 
care for), health status and time passed since the last employment. These attributes 
reflected some of the attributes also considered in the decision-system OTT but also 
included attributes like health status that is not considered in the real-life model 
because of the data protection re gulations.

Consultants could then draw on these applicant attributes to calculate an assess-
ment result that granted the client access to several counselling sessions and/or 
additional training. 

Environment 

The environment consisted of locations where applicants can go to in every round: 
at home, at work, or waiting in a queue to meet with a consultant. The number of 
consultant desks available was defined at the start of the simulation based on the 
chosen number of consultants. 

The global attributes that defined the simulation environment and the dynamics 
between consultants and clients included round number, number of clients, number 
on consultants, number of new clients, and job threshold.
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Actions and Interactions 

At the start of the simulation and at the beginning of each new round, a new group 
of applicants was initialized at home. Clients were randomly assigned to consultants 
for an initial meeting, during which their support needs were assessed. 

Consultants assess clients using an algorithm that applies a set of rules based on 
the client attributes. While an initial ruleset is provided, the simulation framework 
allows for adjustments such as modifying the scoring algorithm, changing input 
attributes, or redefining assessment thresholds. 

At the end of each round, clients may have an opportunity to secure employment. 

Scoring Algorithm 

The probability of finding a job is positively influenced by the following factors: 
higher number of years of work experience, completion of training courses, greater 
number of career counselling sessions attended, possession of a driving license, 
higher educational attainment, fewer dependents, shorter periods of unemployment, 
clients remain with the same consultant until they find employment. The simulation 
concludes once the maximum number of rounds, defined at setup, is reached. 

At the end of each round, clients had the opportunity to get a job. A client’s 
chances of getting a job were positively influenced by the following factors: Number 
of years of work experience, attended a training course, number of career counselling 
meetings attended, driving license, higher education levels, fewer dependents, and 
less time spent unemployed. Applicants stayed with the same consultant until they 
find a job. The run ended when the maximum number of rounds defined at setup had 
elapsed. 

The Goal and Design of the Serious Game 

The role of the Estonian ABM model in the AI FORA project was to act as a tool for 
checking whether the rules used in the assessing system make sense and lead to the 
expected results. In our case, this involved testing the rules behind how job seekers 
are assessed by an algorithm, loosely based on the OTT decision-support system used 
by the Estonian Unemployment Insurance Fund. However, these rules may not reflect 
how things work in practice, they may seem unfair or may not lead to the desired 
outcomes. For the purpose to improve the rules, it is important to involve the people 
who are affected by or work with the system. Thus, the gamification workshop, 
using a serious game, was designed in cooperation with Martha Bicket from Surrey 
University and held in Tartu October 2024 to explore the perception of fairness and 
possible improvements for the systems. The serious game lasted altogether 4 hours.
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Participants in this serious game’s session covered a range of expertise, skills, 
and experiences based on their previous work experience and the specific master 
curriculum. The group of participating master’s students was heterogeneous by age. 
The youngest was 28 and the oldest 52 years old. 9 female and 9 male students 
participated. The participation in the research was part of an elective master’s 
course, “Artificial Intelligence and Social Justice: A Special Gamified Seminar” 
(SVUH.00.287), and their participation was voluntary. They all had prior knowledge 
about potential problems related to artificial intelligence and automated decision-
making in the public sector context. All participants were inexperienced with using 
any kind of unemployment insurance fund services and had not worked in a specific 
public sector organization. Participants’ backgrounds varied and included specialist 
working in public sector institutions (e.g., analysts, managers) as well as in private 
sector organization (e.g., journalists, analysts). 

Participants taking part in the workshop played either the role of jobseekers 
(“clients”) or EUIF consultants. All participants part of the clients group were 
divided into three profiles (Natalja, Mattias, Andres) that presented different kinds 
of vulnerabilities (young jobseeker, jobseeker with serious health issues, jobseeker 
with multiple dependents) that are not assessed or were considered difficult to assess 
through the decision-support system based on our previous research (Vihalemm et al. 
2025) and thus may impact the length of unemployment as well as the needs in rela-
tion to the work. The division of the profiles in the groups was not done evenly. 
Those playing clients (n = 15) received information about the profile of the char-
acter they are playing, and consultants (n = 3) were given information about what 
data to collect, what to do with it, and the result of the assessment, which determines 
how much support the client will get. During the 1-on-1 assessment meetings with 
employment consultants, students playing clients answered the consultants’ ques-
tions based on the prewritten profiles. All the clients received the result (written 
descriptions what happens next with their profile) based on the scores calculated. The 
result of the assessment was calculated by the “notetaker” whose role was played 
by the researchers. The clients did not recieve the calculated score itself, only the 
description based on the score. 

The students who played real-life stakeholders were supported by three 
researchers who had dual roles during the serious game: 1) they supported the players 
who had adopted the consultant role as “note-takers” and calculated during the game 
the algorithm scores based on the information provided by the clients and gave out 
the decisions based on the scores on the consultants meeting notes, and 2) they facili-
tated three rounds of smaller focus group discussions as well as the decision-making 
regarding any choices in the algorithm. All the decisions on if and how to change 
the algorithm in rounds 2 and 3 were made in the bigger group discussions and had 
to be agreed by all participants. 

The social assessment simulation was repeated in three iterations. During each 
iteration, certain factors were changed based on the agreements during the bigger 
group discussion. During the first iteration, participants had no knowledge about the 
algorithm (Table 5.2) used to calculate the scores, and the algorithm was revealed 
and explained to them during the first focus group session.
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Table 5.2 Initial algorithm and result categories 

Scoring system Example Example 
score 

Work 
experience 

Number of years of 
previous work experience 

E.g. if the client has 1.5 years of work 
experience, they get 1.5 points 

1.5 

Language 3 points for fluency in 
Estonian +1 point for 
fluency in each additional 
language 

E.g. if the client’s native language is 
Estonian and they speak some English, 
they get 3 points for fluent Estonian 

3 

Driving 
license 

3 points for a driving 
license 

E.g. if the client has no driving 
license, they get 0 points here 

0 

Education Score based on the client’s 
highest level of completed 
education only: 
Master’s degree or higher = 
5 points 
Bachelor’s degree = 3 
points 
Completed school only = 1 
point 

E.g. if the client has a master’s degree 
they get 5 points 

5 

Total score 9.5 

Result categories for the initial algorithm: 

Total points > 20 Green 

10 < total points < 20 Yellow 

Total points < 10 Red 

For the second and third rounds, participants could suggest changes in the algo-
rithm. The changes for the second and third rounds were chosen from the premade 
list (see Table 5.3) of the possible changes in the algorithm. During the second 
round, they could choose a maximum of two changes, and for the third round they 
could, if they chose to, apply all the possible changes. Most of the added variables 
had preassigned scores, and one, health, was subjectively decided by the consultant 
during the assessment process. This also led to the fact that participants with the 
same profile could have different results in some groups based on the consultant’s 
subjective assessment.

The data collection from the serious game was based on participants’ diaries (filled 
out after each iteration by both, the clients and consultants), three rounds of focus 
group discussions, and group discussions after each round.
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Table 5.3 Premade list of changes to the algorithm 

Suggested change Scoring 

Work experience (a) If previous experience is less than 1 year -> 
0 points. 

(b) If experience is more than 1 but less than 
3 years -> 1 point. 

(c) If experience is more than 3 but less than 
10 years -> 3 points. 

(d) If the client has more than 10 years of work 
experience -> 5 points. 

N.B. If the work experience scoring is changed, 
then the category thresholds will need to be 
updated to the following: 

Total points > 10 Green 

5 < total points < 10 Yellow 

Total points < 5 Red 

Caring responsibilities −3 points per child or adult being cared for by 
the client. 

Health Assign a score on a scale of 0 to −10 where 0 
indicates no health problems and −10 indicates 
severe health issues which are a significant 
impediment to finding work. 

Time elapsed since last employment −0.5 points per month

In analyzing the discussion transcripts and diaries, we used qualitative thematic 
analysis about what was said in discussions about fairness perceptions, trust, and the 
effects of algorithm design changes, and also observations from participant interac-
tions in the game. No quantitative outputs were tracked, the study was exploratory 
and qualitative by its nature. No statistical analysis was conducted based on the 
collected data. 

Conclusions 

The serious game workshops provided a unique opportunity to explore how students 
as stakeholders perceive algorithm-based social assessment tools and what kind of 
changes they propose. Throughout the sessions, participants—taking on the roles 
of consultants and clients—engaged in multiple scenarios reflecting real-world 
challenges in decision-making based and supported by the assessment algorithm. 

One of the key findings from the workshop was that while adding more vari-
ables—such as health conditions and caring responsibilities—improved the algo-
rithm’s ability to assess needs more accurately, it also shifted participants’ focus on 
individual circumstances rather than the fair allocation of resources. As the algorithm 
became more nuanced in recognizing vulnerabilities, participants playing the role of
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clients engaged more deeply with their profiles, emphasizing their specific needs over 
broader systemic fairness. This suggests that while increasing the number of variables 
may lead to more precise assessments, it can also encourage a more individualistic 
approach rather than a collective perspective on welfare distribution. 

Additionally, when variables such as health conditions were introduced, the same 
profile could receive vastly different results depending on how the consultant assessed 
the case. This highlighted a crucial challenge in algorithmic fairness: certain criteria 
are inherently difficult to evaluate objectively, as they depend on multiple, inter-
related factors. Participants noted that the final assessment was not only shaped 
by the algorithm’s design but also by how much information a client was willing 
to disclose—particularly regarding personal aspects like health status, caregiving 
responsibilities or motivation, as our previous research has shown (Vihalemm et al. 
2025) This underscores a key limitation in algorithmic social assessments: not all 
essential factors can be quantified or fairly compared across different cases. 

Participants emphasized the need for an agile and adaptable model that allows 
for real-time adjustments during consultant-client interactions. Rather than relying 
solely on a predefined set of variables, they suggested that consultants should have the 
ability to add additional factors based on the meeting, ensuring that the assessment 
captures individual circumstances more accurately. This would enable the scoring 
system to update dynamically, reflecting new information and preventing rigid or 
incomplete evaluations. As one participant reflected during the focus group session: 

“The job market is changing fast, and if the person is considered to find a new 
job fast mainly because he/she has worked a long time in the same position, then it 
does not go with the current policies which say that you should learn new things, be 
agile.” 

Participants highlighted that ensuring fairness in the assessment process requires 
a more job-specific approach rather than a generalized evaluation of employability. 
They noted that formal education is not a critical factor in some professions and prior-
itizing it in assessments could create unnecessary barriers for qualified candidates. 
Instead, they advocated for a skills-based matching system, where individuals are 
connected to job opportunities based on their actual competencies rather than tradi-
tional qualifications. This approach was seen to increase fairness by recognizing 
diverse career pathways and ensuring that job seekers are evaluated on relevant 
criteria for the roles they pursue. 

During the third round, where the algorithm accounted for all possible variables, 
participants reflected on the limitations of merely expanding the dataset. Instead of 
continuously adding new variables, they proposed a decision-tree model, where new 
questions emerge dynamically based on prior responses. This approach, they argued, 
would allow for more context-sensitive assessments while preventing an overly rigid 
or exhaustive system. Their feedback highlights an important consideration for algo-
rithmic tools: rather than relying solely on static pre-defined criteria, adaptive models 
that evolve based on case complexity may provide a more responsive and fair assess-
ment framework. Moreover, their responses reflected that in social assessment situ-
ations, algorithms are seen as supportive tools for the consultant rather than separate 
individual actors in the process.
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The results highlighted the role of consultant subjectivity in assigning resources, 
particularly in evaluating family-related factors and health conditions. Participants 
noted that similar client profiles received different scores depending on how indi-
vidual consultants interpreted and weighted these factors. This variability led to 
inconsistencies in resource allocation, as some consultants assigned higher impor-
tance to caregiving responsibilities or health limitations while others prioritized 
different aspects of employability. Such discrepancies underscore the challenges of 
standardizing fairness in algorithmic assessments and highlight the need for clearer 
guidelines or support mechanisms to ensure greater consistency in decision-making 
across different consultants. 

Participants also raised concerns about institutional capacity in evaluating 
complex social factors. They pointed out that certain criteria, such as health or 
caregiving responsibilities, require domain-specific knowledge that a single public 
institution may lack. A fair and reliable assessment requires cross-sector collabora-
tion, where different institutions contribute their expertise to ensure well-informed 
decisions. 

Participants expressed concerns about an overreliance on the algorithm, empha-
sizing the need for human-machine collaboration rather than automated decision-
making. They pointed out that while the system provides valuable insights, consul-
tants should not blindly follow its recommendations but instead use it as a supportive 
tool. The ability to ask additional questions and interpret contextual factors beyond 
what the machine suggests was seen as crucial for ensuring fair and accurate 
assessments. This highlights the importance of consultants’ expertise and judgment, 
ensuring that algorithmic evaluations remain aiding rather than replacing human 
decision-making in unemployment services. 

“It’s also a question about whether the consultant just takes into account what 
the machine says or really asks additional questions to understand the other factors 
affecting the job search.” 

Finally, discussions revealed a potential risk in making algorithmic decision-
making fully transparent to citizens. While participants acknowledged the importance 
of algorithmic explainability in social assessments, they also noted that more digitally 
literate users might learn how to “trick” the system. This raises questions about the 
balance between transparency and system integrity, particularly in contexts where 
access to benefits depends on algorithmic evaluations. These insights suggest that 
designing AI-driven tools requires technical refinement and careful consideration of 
human behavior and ethical implications. 

Summary 

This chapter investigated how perceptions of fairness in algorithmic decision-making 
are shaped in the context of unemployment services, using a serious game method-
ology accompanying the ABM, involving master’s students from different social
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science-focused curriculums as possible stakeholders. Literature on algorithmic fair-
ness emphasizes its importance in building trustworthy AI, particularly in welfare 
domains where decisions affect citizens’ access to benefits and services (Alston 
2019; OECD 2019). Fairness, however, is not a fixed or universal concept—it is 
shaped by cultural, institutional, and situational contexts (Starke et al. 2022). This 
chapter contributes to the literature by offering empirical insights into how fair-
ness is understood and evaluated when participants actively engage with simulated 
decision-making processes in a controlled but dynamic setting. 

The serious game workshop allowed participants to take on the roles of consul-
tants or clients within an unemployment service scenario. Through multiple rounds, 
adjustments were made to the algorithm, such as adding variables like health status 
and caregiving responsibilities, which revealed how participants engaged with fair-
ness not as a fixed outcome, but as a process of negotiation and interpretation. A key 
observation was that increasing the number of variables (e.g., adding health vari-
ables or caring responsibilities) helped tailor decisions to individual needs but also 
led to a shift in focus from system-wide equity to personal justification. This reflects 
a tension between individualized fairness and collective justice, echoing concerns 
in the literature that expanding data inputs may not always lead to greater fairness, 
especially if structural inequalities remain unaddressed (Allhutter et al. 2020; Mann 
2020). In addition, the importance of human judgment emerged strongly. Students 
viewed algorithms as tools to assist and not replace the consultants. They stressed 
the need for discretion, especially when dealing with sensitive or ambiguous criteria. 
Concerns about full transparency were also raised, as some feared it could allow users 
to manipulate the system, highlighting the delicate balance between accountability 
and system integrity (Akhtar and Frank Jørgensen 2024). Thus, flexibility and adapt-
ability emerged as crucial values. Participants proposed the use of dynamic models, 
such as decision trees, that would allow new questions to appear based on previous 
answers—better capturing the nuance of real-world interactions. This suggestion 
aligns with calls in the literature for AI systems that are responsive and situated, 
rather than rigid or overly reductionist (Shin and Park 2019). Furthermore, partici-
pants emphasized that algorithms should act as support tools rather than decision-
makers, reinforcing the idea that human judgment, discretion, and empathy remain 
vital in welfare assessments. 

Our research indicates that the use of a serious game was not just valuable in 
understanding how stakeholders perceive data and can also improve people’s digital 
literacy and understanding about the algorithms, especially in a context where algo-
rithms often remain black-boxed (Pasquale 2015) and invisible for the people subject 
to the assessments and decision-making. In an educational context, serious games 
provide an interactive and immersive learning experience that goes beyond theoretical 
instruction, enabling students to apply concepts in simulated real-world scenarios, 
experiment with decision-making, and immediately observe the potential conse-
quences of their choices. This experiential approach can foster deeper engagement, 
enhance critical thinking skills, and support the long-term understanding of complex 
ideas.
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To sum up, this case study demonstrates that serious games offer a promising 
participatory method for exploring fairness in ADM systems. The modelling experi-
ence highlighted the importance of transparency, contextual fairness, and interaction 
design. Future iterations should involve real service users and frontline workers 
and explore institutional embedding of such participatory models in policy develop-
ment. Also, the future experimentation could include testing the sensitivity of client 
outcomes to different weightings in the support score or simulating longer-term 
trajectories under more complex advisor-client dynamics. 
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Chapter 6 
Targeted Subsidies Plan: 
An Agent-Based Modeling Approach 

Hassan Bashiri 

Abstract This chapter reports on an agent-based modeling project to simulate the 
implementation of a targeted subsidies plan (TSP) in Iran, which was conducted 
as one of the case studies in the Artificial Intelligence for Assessment (AI-FORA) 
research project. The model aims to examine the dynamics of the targeted subsidies 
plan and assess the effectiveness of related policies, such as paying subsidies to the 
lower deciles of households, and their impact on income inequality and improving 
the welfare of low-income households. In this model, households are considered 
the key agents. Based on the targeted subsidies plan, households are divided into 
different income deciles according to various parameters such as income, assets, 
number of household members, foreign trips, and bank transactions (a total of 260 
information fields). Each year, a budget is allocated by the government for the TSP, 
and subsidies are paid to low-income deciles (in this simulation, to the 4 low-income 
deciles). In the early years of the plan’s implementation, equal subsidies were paid 
to different deciles, but in the past few years, the plan has purposefully calculated 
a different subsidy to be paid to each decile. Additionally, in this simulation, the 
dynamic behaviors of households, including income generation, consumption, and 
savings, as well as sudden income jumps or bankruptcy, are considered to be closer to 
the reality of society. Finally, the impact of the policy on income distribution, poverty 
reduction, and household welfare is analyzed. In future work, in this research, we 
will try to examine the relationships between households and add the effects of 
macroeconomic parameters, such as inflation, in the simulation. 

Problem Statement 

The Targeted Subsidy Plan (TSP), implemented by the Iranian government since late 
2010, is one of the largest economic projects in the country’s history. The plan was 
announced to reform the subsidy system and reduce socio-economic inequalities.
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By eliminating indirect subsidies of goods and services and distributing direct cash 
subsidies to low-income households, the plan aimed to optimize resource alloca-
tion and support vulnerable groups (Bashiri 2025). However, challenges on a macro 
scale, such as economic instability, inflation, devaluation of the national currency, 
sanctions, and problems related to the accurate identification of eligible households 
at the implementation level, have created obstacles to the realization of the plan’s 
goals. 

At the implementation level, artificial intelligence, as a tool in data analysis and 
data-driven decision-making, plays an important role in improving the processes of 
identifying eligible households carried out in the Ministry of Cooperatives, Labor 
and Social Welfare, The Iranian Welfare Database (IWDB), launched in 2014, has 
enabled more accurate household decile classification by collecting comprehensive 
information from more than 60 data sources, including government organizations 
and the Central Bank (Bashiri 2025). However, the complexity of socio-economic 
interactions and the variability of household behavior require the use of advanced 
modeling approaches that can analyze and simulate the long-term effects of subsidy 
policies. Agent-based modeling has been chosen as an appropriate approach for 
analyzing such policies due to its ability to represent heterogeneous behaviors, inter-
agent interactions, and systematic dynamics. 

Research Literature 

In the past decade, agent-based modeling as a computational approach has gained 
attention as a tool for modeling complex systems, especially in social and economic 
science research. Unlike traditional modeling methods that mainly work on the 
assumption of homogeneity of agents and equilibrium at the macro level, this 
modeling style allows the simulation of complex systems, where interactions between 
heterogeneous agents with simple behavioral rules and dynamics are important. This 
feature has made agent-based modeling an efficient tool for analyzing phenomena in 
which heterogeneity, nonlinear interactions, and evolutionary dynamics play a key 
role (Bonabeau 2002). For these reasons, agent-based modeling has increasingly 
been used in the field of economic and social policy analysis. 

One application of agent-based modeling is to examine the dynamics of income 
distribution and economic inequality. Scholars have used this approach to explore 
how various policy instruments, ranging from taxation to direct transfers and welfare 
initiatives, affect the allocation of income within a population (Tesfatsion and Judd 
2006). These simulations typically represent households, firms, and governmental 
bodies as autonomous agents whose interactions, such as market exchanges, tax 
payments, and subsidy receipts, evolve over time. Within the sphere of subsidy inter-
ventions, Happe et al. (2006) applied agent-based modeling to assess the implica-
tions of agricultural subsidies in developing nations. Their findings suggest that while 
well-targeted subsidies can contribute to narrowing income disparities, the overall
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impact is strongly mediated by broader economic conditions, including inflationary 
pressures and the structural characteristics of markets. 

In the Iranian context, Bakhshodeh (2013) explored statistical techniques for iden-
tifying deserving households and likewise underscored the importance of precise 
data. Although this study did not utilize agent-based modeling, it provided a foun-
dational framework for data-driven analyses that could inform and strengthen future 
agent-based simulations. 

Also, a study by Doshmangir et al. (2015) examined the effects of subsidy poli-
cies on the health behaviors of Iranian households and showed that cash subsi-
dies can change consumption behaviors, but their long-term effects depend on 
macroeconomic factors (Doshmangir et al. 2015). 

Recently, with the advancement of artificial intelligence technologies, combining 
agent-based modeling with machine learning algorithms has attracted attention to 
improve economic simulations. For example, Zhang and his team in 2020 used agent-
based modeling and machine learning to map out how food subsidies were distributed 
in China, and it made their predictions more accurate (Tian et al. 2021). Collectively, 
these types of achievements demonstrate the high potential of agent-based modeling 
when trying to explain complex policies, such as the targeted subsidies plan in Iran. 

Purpose of the Model in the Case Study 

The purpose of modeling in this study is to examine the dynamics of the targeted 
subsidies plan and assess the effectiveness of related policies, such as paying subsi-
dies to the lower deciles, and their impact on income inequality and improving the 
welfare of low-income households. The following subjects were considered in the 
modeling:

• Household heterogeneity: Households are the most important factor in this 
modeling, and various characteristics, including income, assets, household size, 
and consumption patterns, reflecting the socio-economic diversity in Iran, are 
considered for households.

• Targeted subsidies: The allocation of cash subsidies to four low-income groups, 
with variable amounts based on income level and household size, is the most 
important government measure, which is paid monthly and based on the credit 
or budget allocated for the targeted subsidies plan. In practice, 260 indicators are 
used for calculating deciles. In this modeling, several key indicators were included 
in the model.

• Economic dynamics: examining the dynamic behavior of households, including 
income generation, consumption and savings patterns, sudden income jumps or 
bankruptcies, and the impact of subsidy policies on economic mobility.
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• Policy evaluation: analyzing the impact of the targeted subsidies plan on income 
distribution, poverty reduction, and overall household well-being, by moving 
households between deciles. Household deciles are reclassified each year based 
on the data collected. Therefore, households may move between income deciles. 

The model was developed as part of the international project “Artificial Intelligence 
for Assessment (AI-FORA)” and aims to help policymakers design more effective 
subsidy programs by simulating different scenarios. The model source code and 
details are published in the CoMSES Model Repository (Bashiri 2023). 

Model Description 

Model Design 

The agent-based model is implemented using NetLogo software, and the basic model 
includes adjustable n households as agents, by default 230 households, representing 
23 million Iranian households, and it is showable on the computer screen. This scale 
was chosen to maintain computational efficiency while reflecting the diversity of 
households. The key features of the model are as follows:

• Agents (households): Each household has characteristics such as income, assets, 
household size, and monthly expenses. We analyzed 2% of the household records 
from the Iranian Welfare Database (IWDB), which is publicly available to 
researchers, and based on the analyzed information, income and assets were 
assigned to households as a power-law distribution to match the distributions 
found in the Iranian Welfare Database. Household size was also modeled based 
on a normal distribution with a mean of 4. Fig. 1 presents the characteristics of 
the household agent and the distribution of income in households. The model was 
defined in such a way that the power distribution was maintained in the income 
distribution. In our model, as shown in the code description provided in Fig. 2, 
75% of households have an income of 0–3000 dollars, and only 25% have an 
income of 3000–10,000 dollars. 

• Household grouping: Households are classified into 10 groups (deciles) based 
on income and wealth, with group 1 comprising the lowest-income households

Fig. 1 Characteristics of the household agent
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Fig. 2 Implementation of income distribution 

and group 10 comprising the highest-income households. The grouping method is 
shown  in  Fi  g. 3. For simplicity, we considered assets in the form of a single number 
called a deposit. In the IWDB, each household’s assets, including property, car, 
shop, company, or business unit, are calculated, and a portion is considered as 
living necessities for each family.

• Subsidy allocation: Cash subsidies are distributed to the first four groups (low-
income). Group 1 ($200 per person), Group 2 ($150), Group 3 ($100), and Group 
4 ($50). These amounts are distributed monthly. In practice, the subsidy distribu-
tion is done in the country’s current currency, the Rial, but to create a common 
understanding, these numbers were defined hypothetically and in dollars. In the 
simulation settings section, all these values can be changed to better characterize

Fig. 3 Grouping households into 10 deciles based on income and assets
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the effect of the income distribution policy. The declared values are considered 
default.

• Time: The model is run over 10 years, with a monthly distribution of subsidies 
and an annual assessment of households to review the grouping. 

Model Workflow 

The workflow of the model includes the following steps: 

1 Initiation: In the initial step, income, assets, and household size are assigned to 
each household based on the distributions extracted from 2% of the actual data 
published by the Ministry of Cooperatives, Labor, and Social Welfare. 

2 Grouping: Households are divided into 10 income and asset groups based on 
decile indicators. In the modeling, each income decile is displayed in a different 
color. 

3 Subsidy distribution: This step, which is repeated every month, allocates cash 
subsidies to four low-income groups. With the explanation that the amount of cash 
subsidy for each income decile is different, and each family receives a subsidy 
based on the decile in which it is contracted, and the household size. In Fig. 4, 
we show how household size affects the amount of subsidy received. Based on 
the value that the user sets in the model for the subsidy per decile in the UI and 
the household size, the subsidy per household is calculated. 

4 Consumption and savings: Part of the dynamics is modeled in this step. 
Households consume their subsidies and income for expenses and savings. 

5 Annual review: At the end of each year, households are assessed based on new 
income and assets, and their grouping is updated. 

6 Display of changes: Changes in household grouping are publicly displayed.

Fig. 4 How do we calculate the subsidy for the first 4 groups of households 
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Model Implementation 

The model is implemented using NetLogo 6.4.0 and includes global variables (such 
as subsidy budget, year, and month) and household-specific characteristics (such as 
income, assets, expenses, and subsidy group). Key functions include:

• Setup society: Initialize households and distributions.
• Go: Execute monthly operations and pay subsidies.
• Enrichment rate: Percentage of households that become rich one time due to 

factors such as inflation, rent, investment, or inheritance.
• Bankruptcy rate: Percentage of households that become bankrupt due to factors 

such as capital loss, fraud, economic failure, or misinvestment. 

Input Data 

The model data behavior is derived from a 2% random sample of the Iranian Welfare 
Database, which includes the distribution of household size, income, and assets. The 
data is analyzed using Python libraries such as Pandas, NumPy, and Matplotlib to 
reflect real-world patterns in the model. The details of the analysis of these data are 
detailed in Bashiri (2025). 

Figure 5 shows the user interface of the agent-based modeling for the targeted 
subsidies plan within the framework of the AI-FORA research project. The inter-
face consists of a central panel in which 230 households (as the default number 
of households) are displayed in various colors, each color representing an income 
decile (from black for the lowest income decile 1 to blue for the highest income 
decile 10). By running the model, applying household deciles, allocating subsidies 
to low-income deciles, spending, saving, and possible bankruptcy of households, as 
well as household income jumps, the dynamics of the social and economic system 
are modeled. The outputs include analytical graphs such as income distribution and 
household size distribution based on input data and derived from real society data, 
as well as subsidy distribution, wealth distribution, and dynamic decile graphs that 
visually present dynamic data with histograms and time series, respectively.

Also, in the NetLogo environment, it is possible to set parameters such as the 
number of households, subsidy amount, and subsidy group size, which allows poli-
cymakers to examine the impact of different scenarios. The graphs show the heteroge-
neous distribution of income and wealth, which is consistent with the actual data from 
the Iranian Welfare Database, and the time series of subsidy distribution highlights 
the impact of targeted policies on low-income groups. Due to the screen limitation in 
displaying the model, the UI of the simulation environment is provided in NetLogo. 
Figure 5 shows the overall view of the model. 

As can be seen in Fig. 6, the number of households, which is selected as a default of 
230 households, can be adjusted at the beginning of the modeling. The user also sets 
the subsidy amount to the first four income deciles and selects the rate of enrichment
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Fig. 5 The user interface of the NetLogo model of the Targeted Subsidies Plan

or bankruptcy of households in the community, which is usually a low number, and 
finally starts running the model. In Fig. 7, the household size distribution (middle 
right) is roughly normal or Poisson in shape, with a greater concentration around 
the median values (4–6 members). The income distribution (top left) is long-tailed, 
meaning that most households have relatively low incomes, but a small number of 
households have very high incomes. The wealth or asset distribution (bottom left) 
shows even more skewness than income, indicating that wealth is concentrated in the 
hands of a small group of households. The logarithmic distributions of income and 
wealth (bottom right and bottom middle) show a more linear pattern in the upper-
middle portions after logarithmic transformation, consistent with the properties of 
power-law distributions.

The Grouping plot (bottom left) shows the distribution of households by grouping 
defined in the model. 

Model Results and Findings 

Running the model over 10 years provides several analyses into the impact of the 
targeted subsidies plan:

• Economic mobility: The model showed that subsidy policies lead to limited 
economic mobility among households. Especially in recent years, with rising 
inflation and limited subsidy growth, and the devaluation of the national currency, 
subsidies have had a very small impact on household welfare. According to data 
published by the Statistical Center of Iran, in March 2018, the inflation difference 
between the first and tenth deciles was zero, but in February 2024, inflation was 
45% for the tenth decile and 55% for the first decile.
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Fig. 6 View of the simulation environment and input parameters to the model 

Fig. 7 Distributions and output
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• Impact on low-income groups: Households in groups 1 to 4 receive cash subsi-
dies in proportion to the number of household members, which, in the early years 
before inflationary concerns and devaluation of the national currency, reduced 
financial pressures on these households and led to improved welfare. Despite 
the implementation of the TSP, a substantial income gap persists between the 
lower-income deciles and the higher-income groups of deciles.

• Income distribution: While the income distribution graphs indicate a modest 
reduction in inequality, this improvement appears marginal and has been 
constrained by exogenous factors beyond the scope of the TSP—most notably, 
inflationary pressures, international sanctions, and the ongoing depreciation of 
the national currency.

• Household dynamics: The annual review of household mobility across income 
deciles reveals that the subsidy policy has contributed to a degree of economic 
stabilization for low-income groups. However, it has fallen short of addressing 
the deeper, structural dimensions of inequality that underpin long-term income 
disparities. 

The model’s visual outputs—including income distribution histograms and time-
series graphs depicting subsidy allocations—offer a nuanced lens through which to 
examine the multifaceted effects of the policy over time. These tools enable a more 
granular understanding of both the program’s immediate impacts and its broader 
socioeconomic implications. 

Model Results to Policies 

The model’s findings for policymaking in the targeted subsidies plan can be 
summarized under the following headings:

• Improving targeting: The model shows that allocating subsidies to low-income 
groups is effective. This is the goal pursued by the targeted subsidies plan. At 
the same time, identifying eligible households is the bottleneck of this plan. The 
most important value that the TSP has created is the data that is aggregated in 
the Iranian Welfare Database and collected from more than 60 organizations in 
the form of 260 information fields. This data is the fuel for artificial intelligence 
models. Cleaning the data, pre-processing it, and ultimately using it to classify 
households is very essential. Recording and maintaining this data can be the 
input for artificial intelligence and machine learning models for the purposes of 
predicting income behavior, bankruptcy, tax evasion, the impact of household 
deciles on student success, and the like.

• Resistance to externalities: The limited impact of subsidies on reducing income 
inequality indicates the need for complementary policies to combat inflation and 
economic sanctions. In other words, any change in the macroeconomic envi-
ronment directly affects the subsidy rates of target groups, the prices of energy 
carriers, and the number of households in each income decile.
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• Transparency and public trust: The implementation of the targeted subsidies 
plan has been implemented with high success in terms of acceptance, public trust, 
and transparency. We have discussed this claim in Bashiri (2025). The reason for 
this trust is the data that is collected every year. Annual review and public display 
of grouping changes have increased public trust in the subsidy system.

• Model extension: The model has the potential to be extended to test alterna-
tive policies, such as non-cash subsidies or educational programs, which could 
increase the overall effectiveness of the scheme. 

By providing a dynamic simulation environment, this model allows policymakers to 
test different scenarios and predict the long-term effects of subsidy policies. 

Conclusion 

In this chapter, we present a framework based on agent-based modeling for simu-
lating the targeted subsidies plan in Iran. In modeling issues such as household hetero-
geneity, the subsidy allocation process and household dynamics were simulated based 
on the targeted subsidies plan, and recommendations were made to strengthen this 
plan, which is referred to as the Iranian economic surgery. The findings show that 
targeted cash subsidies, rather than indirect subsidies, have a positive impact on 
the welfare of low-income groups. At the same time, limitations caused by external 
factors such as inflation, sanctions, and devaluation of the national currency have 
made the targeted subsidies plan less effective. Also, in this research, considering 
the high potential that the Iranian Welfare Database has created as a valuable source 
of data used in household decile classification, we suggest integrating technologies 
such as artificial intelligence and agent-based modeling in policymaking as the next 
steps of this research. 
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Chapter 7 
Agent-Based Modelling of the Indian 
Public Distribution System in AI FORA 

Ashly Ann Jo, Ebin Deni Raj, and Sumathi Srinivasalu 

Abstract The Public Distribution System (PDS) in India is one of the world’s largest 
food security programs, serving over 800 million citizens. Yet, the system continues 
to face critical challenges, including corruption, leakage, and inequitable service 
delivery. This chapter presents an Agent-Based Model (ABM), developed under 
the AI FORA (Artificial Intelligence for Fair, Open, and Responsible Automation) 
initiative, to simulate the complex behavioural and logistical dynamics of the PDS. 
Implemented in NetLogo, the model incorporates beneficiaries, ration shop opera-
tors, suppliers, trucks, and inspectors within a spatially embedded district-level envi-
ronment. By embedding Responsible AI metrics, the simulation evaluates fairness, 
transparency, and accountability under varying operational conditions. Scenario-
based experiments examine the effects of inspection frequency, corruption propen-
sity, and supply delays on both system efficiency and ethical performance. Findings 
highlight pathways for digital governance and demonstrate the value of AI-driven 
simulation as a testbed for designing equitable, accountable, and effective welfare 
policies. 

Introduction 

The Public Distribution System (PDS) is one of India’s most ambitious social welfare 
programs, ensuring food security for millions of low-income households by providing 
essential commodities—such as rice, wheat, sugar, and kerosene—at subsidized rates 
through a vast network of Fair Price Shops (FPS) (Khera, 2011). Administered jointly
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by central and state governments, the PDS covers all states and union territories and 
reaches more than 800 million people. Despite its expansive reach, the system faces 
chronic challenges that compromise effectiveness. Stock diversion, ghost beneficia-
ries, pilferage, ration denial, and bureaucratic opacity continue to undermine the 
goals of equitable and efficient distribution (Dreze & Khera, 2015; Khera, 2011). 

The core complexity of the PDS lies in its decentralized, multi-actor structure, 
where decisions and behaviours at the micro level—by ration dealers, suppliers, bene-
ficiaries, and inspectors—aggregate to influence macro outcomes such as coverage, 
corruption levels, and public trust. Traditional analytical methods fall short in 
capturing this layered interactivity and nonlinear dynamics (Bonabeau, 2002). To 
explore these intricacies, we employ an Agent-Based Modelling (ABM) approach, 
which allows for the representation of individual agents, their behaviours, interac-
tions, and emergent patterns in a simulated environment. ABM is particularly suited 
to systems where heterogeneity, local decision-making, and adaptive behaviour are 
central—as in the Indian PDS (Epstein & Axtell, 1996). 

In the AI FORA (Artificial Intelligence for Assessment) project, we apply ABM to 
simulate and evaluate the Indian PDS using NetLogo (Wilensky & Rand, 2015). The 
model represents key actors—beneficiaries, ration shop employees, suppliers, trucks 
for logistical movement, and government officials responsible for inspections. Each 
agent follows simple decision rules, yet their collective behaviour yields insights 
into systemic outcomes such as fairness in ration allocation, transparency in opera-
tions, and accountability through effective governance. The simulation environment 
mirrors real-world processes, including stock delivery, corruption risk at shops, and 
random inspections, enabling a realistic and dynamic assessment of the system (see 
Fig. 7.1). 

The objectives of this agent-based simulation are threefold. First, it seeks to ensure 
fairness, defined as equitable ration distribution to all eligible beneficiaries. This 
is crucial in a country as socio-economically diverse as India, where procedural 
delays or corrupt practices disproportionately affect marginalized groups. Second, 
the model promotes transparency through inspection mechanisms and information 
visibility, modelled by tracking whether ration shops are inspected and whether 
their activities align with protocol. Third, it evaluates accountability by linking 
agent behaviour (e.g., corruption or inefficiency) to consequences via inspection,

Fig. 7.1 NetLogo interface showing agents and interactions, including beneficiaries (blue), FPS 
(red/pink), suppliers (orange), officials (green triangles), and trucks (yellow) 
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reporting, and feedback loops. Together, these three pillars—fairness, transparency, 
and accountability—form the foundation of a Responsible AI framework tailored to 
public sector governance (Jobin et al., 2019, Mittelstadt et al., 2016). 

The Indian case study in AI FORA models a representative district-level PDS 
network, abstracting real-world configurations while preserving essential behaviours 
and structures. It does not explicitly simulate policy interactions (such as community 
engagement or workshops), which are covered in a separate chapter. Instead, the focus 
here is on modelling logic, simulation dynamics, and insights from experimental 
runs. Embedding AI principles within a simulation-based governance framework 
illustrates how digital tools can support not only efficiency but also ethical and 
equitable service delivery. 

In summary, this chapter provides a modelling-driven perspective on rethinking 
India’s PDS. It offers a testbed for exploring how algorithmic interventions, moni-
toring protocols, and logistical efficiencies can shape outcomes, and it gener-
ates insights that can guide data-informed policy experimentation and AI-driven 
optimization in large-scale welfare systems. 

Purpose of the Agent-Based Model in the Indian Case Study 

The decision to use an Agent-Based Model (ABM) for India’s Public Distribu-
tion System (PDS) arises from the system’s intrinsic complexity and behavioural 
heterogeneity. Unlike equation-based or system dynamics models, ABMs provide 
a bottom-up framework to simulate decentralized decision-making, individual-level 
interactions, and emergent outcomes in complex adaptive systems. The PDS involves 
a distributed network of stakeholders—beneficiaries, ration dealers, suppliers, logis-
tics providers, and inspectors—each with distinct motivations, constraints, and 
behavioural tendencies. ABM allows these actors to be modelled explicitly as 
autonomous entities with individual rules, while still capturing the system-level 
phenomena emerging from their interactions. 

A key advantage of ABM over traditional approaches is its ability to incorpo-
rate corruption as a behavioural attribute rather than a static input. Corruption in the 
PDS is neither uniform nor constant; it varies across shops, regions, and individuals. 
ABM enables corruption risk to be represented probabilistically, dynamically influ-
enced by factors such as inspection frequency, stock replenishment, and perceived 
enforcement. This nuanced representation is difficult to achieve in aggregate-level 
models. 

The model is designed to address several critical questions:

• How do localized corruption incidents at ration shops impact overall fairness in 
distribution?

• What is the effect of inspection frequency and targeting strategy on transparency 
and accountability?
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• How does coordination between suppliers and ration shops influence stock 
availability and beneficiary satisfaction?

• Under what conditions does the system show resilience versus breakdown (e.g., 
due to widespread diversion or logistical bottlenecks)? 

The simulation also integrates Responsible AI metrics—fairness, transparency, and 
accountability—as real-time performance indicators. These metrics are not retro-
spective analytics but evolve as the simulation progresses and are embedded in agent 
behaviour. This enables the model to serve as a testbed for ethical and operational 
interventions, including AI-driven inspection schedules or predictive analytics to 
identify high-risk shops. 

Beyond academic insights, the purpose of this ABM is to inform governance. It 
provides a risk-free environment to explore policy alternatives, understand failure 
modes, and identify leverage points for intervention. The long-term vision is to incor-
porate such models into digital policy sandboxes, where AI tools are evaluated for 
technical performance and alignment with public values and institutional constraints. 
In this way, the model advances AIFORA’s broader objective: designing and eval-
uating AI systems that are fair, open, and responsible in domains directly affecting 
human well-being. 

Agents 

Agent-Based Modelling (ABM) enables the simulation of complex systems 
by defining discrete, autonomous entities—called agents—each with its own 
behavioural logic, goals, and interactions. In the AI FORA case study of the Indian 
Public Distribution System (PDS), we construct a simulation that captures the decen-
tralized and interdependent behaviours of five key agent types: beneficiaries, ration 
shop operators, suppliers, trucks, and officials. Additionally, a sixth class—admin-
istrative or policy agents—is proposed for future versions to introduce adaptive and 
AI-driven oversight mechanisms. Each agent type plays a crucial role in determining 
the emergent performance of the food distribution ecosystem in terms of fairness, 
transparency, and accountability (see Fig. 7.2).

Beneficiaries 

Beneficiaries represent ration cardholders entitled to subsidized food. Their actions 
and outcomes form the foundation of fairness assessment.

• Location Assignment: Each beneficiary is placed at a fixed home location on 
the simulation grid, enabling proximity-based routing and load balancing across 
shops.
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Fig. 7.2 PDS Workflow Diagram: The supply chain and AI-driven monitoring process for public 
ration distribution, involving suppliers, trucks, shops, officials, beneficiaries, and metric tracking

• Movement Behaviour: They periodically travel to the nearest FPS to collect 
rations, with configurable frequency (e.g., monthly).

• Eligibility Quota: Each is entitled to a fixed ration (e.g., 5 kg of foodgrain), which 
must be fully delivered to count as successful.

• System Perception: Failed or incomplete transactions reduce fairness and trans-
parency scores. 

Beneficiaries do not directly influence others but act as sensitive indicators of system 
integrity. Fairness outcomes emerge from their interactions with suppliers, FPS 
operators, and officials. 

Ration Shop Operators (FPS) 

Ration shops serve as distribution hubs and are central to both service delivery and 
corruption risk.

• Inventory Management: Each FPS begins with stock that depletes with distribu-
tion; when below a threshold, it requests replenishment from a supplier.

• Corruption Risk: Each FPS has a corruption risk value between 0.0 (honest) and 
1.0 (fully corrupt). During transactions, the shop probabilistically diverts part or 
all of a ration.

• Diversion Behaviour: Diversion reduces beneficiary entitlement, even when 
recorded inventory suggests adequacy.

• Service Capacity: Each shop has a limited throughput, serving only a set number 
of beneficiaries per tick. 

FPS agents drive systemic performance. Their stochastic corruption behaviour 
creates patterns of leakage and accountability lapses observable across scenarios.
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Suppliers 

Suppliers act as institutional agents managing central stocks and dispatching to FPS.

• Fulfilment of Requests: On resupply requests, suppliers generate truck agents 
carrying fixed quantities.

• Stock Adequacy Assumption: In the base model, suppliers hold infinite or “ade-
quate” stock, keeping focus on FPS and logistics. Future versions may introduce 
shortages or delays. 

Suppliers resemble government depots or warehouses, affecting performance mainly 
through logistics and dispatch timing. 

Trucks (Mobile Logistics Agents) 

Trucks model foodgrain transportation from suppliers to FPS.

• Dynamic Instantiation: Created by suppliers in response to FPS requests.
• Shortest-Path Routing: Travel to shops via grid-based shortest paths.
• Fixed Capacity: Each carries a fixed load (e.g., 100 units); large shortfalls may 

require multiple trips.
• Lifecycle: Removed from the system after completing delivery. 

Modelling trucks enables analysis of delivery bottlenecks, capacity constraints, and 
the benefits of route optimization or AI-assisted dispatch. 

Officials 

Officials audit FPS operations and enforce compliance.

• Mobility Strategy: Officials patrol randomly or according to rules, prioritizing 
historically high-risk shops.

• Inspection Protocol: They check for discrepancies between reported inventory 
and actual transactions.

• Corruption Detection: Misalignments (e.g., recorded distribution without actual 
delivery) are flagged.

• Transparency Impact: Shops inspected during beneficiary interactions contribute 
positively to transparency scores. 

Officials introduce governance feedback. Their frequency and targeting directly 
influence credibility, oversight, and potential AI-driven auditing extensions.
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Optional: Administrative/Policy Agents 

Proposed for future versions, these agents simulate higher-level policy and AI-
enabled oversight.

• Policy Modulation: Adjust system parameters such as inspection frequency or 
supply reallocation dynamically.

• AI-Based Targeting: Use historical corruption scores to optimize inspections and 
surveillance.

• Adaptive Behaviour: Learn from prior runs to evolve governance strategies over 
time. 

Incorporating these agents would create a multi-level governance simulation, linking 
citizen, operational, and policy layers—aligned with AI FORA’s vision of adaptive, 
ethical digital governance. 

Environment and Global Attributes 

The simulation operates within a two-dimensional grid-based environment designed 
to represent a stylized administrative district in India. This environment is not 
geographically accurate but captures key structural characteristics necessary for 
modelling the Public Distribution System (PDS). The grid provides a spatial substrate 
on which agents interact, move, and make decisions based on proximity and avail-
ability. The spatial layout plays a crucial role in influencing access to services, 
frequency of interactions, and the efficiency of operations. It also enables the capture 
of spatial disparities in access to rations, a key equity concern in large and diverse 
countries like India. 

Spatial Elements 

The spatial environment consists of several fixed and dynamic entities, each 
contributing to the realism and operational logic of the model.

• Households: Each beneficiary agent is assigned a unique, fixed location on the 
grid. This spatial anchoring reflects the geographic dispersion of ration card 
holders across a district. The distance from each household to nearby Fair Price 
Shops (FPS) directly affects travel time and access. In remote or underserved areas, 
increased travel distance may discourage collection and lead to underutilization.

• FPS Locations: Ration shops are strategically positioned to ensure geographic 
coverage and manageable service loads. Their placement is designed to simu-
late a realistic mix of urban density (with multiple beneficiaries per shop) and 
rural dispersion (with fewer shops and higher travel distances). The positioning
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of FPS also influences congestion levels, stock depletion rates, and inspection 
effectiveness.

• Supplier Nodes: These represent central warehouses or depots and are typically 
positioned along the edges or corners of the simulation grid to reflect logistical 
remoteness. Suppliers serve as static nodes that respond to stock requests from 
FPS locations. Their positioning affects delivery time, frequency of resupply, and 
overall system responsiveness.

• Paths: Agent movement follows the shortest-path logic, typically based on grid-
based or Euclidean distance algorithms. Beneficiaries walk to their nearest FPS, 
while trucks and officials move along optimal routes to minimize travel time. 
Travel time impacts not only individual experience but also system performance— 
particularly when trucks are delayed, or officials must travel long distances to 
reach high-risk shops. 

The spatial configuration allows the model to simulate and test various geographic 
scenarios, such as:

• Urban Concentration: High-density neighbourhoods with many beneficiaries per 
shop, leading to congestion, long queues, rapid stock depletion, and increased 
pressure on FPS staff. This can degrade service quality and amplify the impact of 
corruption.

• Rural Sparsity: Scenarios where a single FPS must serve a dispersed rural popula-
tion, increasing beneficiary travel time and affecting fairness. Sparse distribution 
of FPS can result in logistical delays, underutilization of entitlements, and lower 
inspection coverage. 

These configurations help evaluate the resilience and responsiveness of the PDS 
under diverse conditions. The flexible spatial structure allows for policy experimen-
tation, such as testing the impact of adding new FPS locations or optimizing official 
movement. 

Global Attributes 

Global attributes are overarching indicators that track the evolving state of the simu-
lation over time. These attributes are updated at each tick (simulation time step) 
and provide quantitative feedback on system performance, agent behaviour, and 
emerging trends. They are essential for monitoring the impact of dynamic decisions 
and environmental factors on key outcomes.

• Total beneficiaries served: Cumulative count of beneficiaries who have success-
fully collected their full ration entitlement. This metric provides a baseline for 
evaluating system reach and delivery efficiency. It serves as a key proxy for fairness 
and access.
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• Stock levels: Real-time inventory values are maintained for each FPS. These 
values influence service availability and help determine when restocking is neces-
sary. Low stock levels may trigger restock requests or result in partial service, 
directly affecting beneficiary outcomes.

• Corruption incidents: Number of verified corruption cases detected through 
inspections. These incidents are logged when officials find discrepancies between 
reported and observed stock or transaction records. The frequency and geographic 
spread of incidents help identify high-risk zones.

• Inspection count: Total number of inspections conducted by officials. This reflects 
the system’s monitoring effort and is correlated with the transparency metric. 
A higher number of inspections may signal stronger enforcement, but it also 
consumes operational resources.

• Responsible AI Metrics: 
– fairness score: Measures the proportion of beneficiaries who received their 

full entitlement. It is sensitive to stock availability, corruption, and access. 
– transparency score: Tracks whether FPS locations have been inspected during 

beneficiary interactions. It reflects visibility and oversight. 
– accountability score: Assesses the proportion of transactions occurring at 

low-risk FPS locations (corruption risk <0.2). It indicates the system’s success in 
steering distribution toward trusted nodes. 

Tracking these global attributes allows real-time visualization and scenario anal-
ysis. They serve as key performance indicators for policymakers, modellers, and AI 
system designers aiming to optimize the fairness, efficiency, and governance of the 
PDS. When plotted over time, these metrics provide diagnostic signals for system 
improvement, risk management, and adaptive policy interventions. 

Actions and Interactions 

The simulation proceeds through discrete time steps, or “ticks,” during which 
agents perform specific actions that contribute to the evolving state of the system. 
These actions and interactions are designed to reflect the real-world dynamics of a 
functioning PDS network. The following sequence outlines the operational loop: 

1. Beneficiaries move to the nearest shop to collect rations: Each eligible benefi-
ciary travels from their home to the closest Fair Price Shop. This movement is 
determined using the shortest-path algorithm. Travel success and ration access 
depend on whether the shop has sufficient inventory. If the shop is out of stock or 
corrupt, the beneficiary may return home without receiving their full entitlement. 

2. Ration shops distribute or request new stock: FPS agents serve arriving bene-
ficiaries, reducing their stock accordingly. If a shop’s inventory falls below a 
threshold, it triggers a resupply request to the nearest supplier. If the shop is 
flagged as corrupt, there is a probability that the agent may divert some or all of 
the stock instead of distributing it fairly.
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3. Trucks transport goods between suppliers and shops: Upon receiving a resupply 
request, supplier nodes dispatch truck agents to carry stock to the respective FPS. 
These trucks move through the grid and complete deliveries, after which they are 
removed from the simulation. Delivery delays may occur due to grid congestion 
or distance. 

4. Officials conduct random inspections: Inspector agents move through the grid 
and conduct checks at selected FPS locations. Their visits help verify the integrity 
of distribution records. If discrepancies are found between reported and actual 
distributions, the system logs a corruption incident. Inspected shops contribute 
to higher transparency scores. 

5. Metrics update at each tick: Following all agent actions, the system updates global 
attributes and performance metrics. These updates include stock levels, number of 
beneficiaries served, corruption incidents, and Responsible AI metrics (fairness, 
transparency, accountability). This continuous feedback loop helps model the 
evolving impact of agent behaviour on the system. 

This cycle repeats across the simulation’s run duration, enabling detailed analysis 
of temporal patterns, system bottlenecks, and the effect of policy interventions or 
behavioural assumptions. 

Scoring Algorithm 

To evaluate AI FORA-aligned performance, the model calculates three Responsible 
AI metrics: fairness, transparency, and accountability. These metrics are computed 
dynamically based on agent behaviour, transaction outcomes, and inspection events. 
They serve as ethical performance indicators, providing insights into whether the 
system is achieving its intended social and governance objectives. 

Fairness 

Fairness measures whether beneficiaries receive their full ration entitlement during 
each interaction with a Fair Price Shop. The metric captures the extent to which the 
system succeeds in delivering promised services without bias, denial, or loss. 

For each beneficiary i: 
Fairness _ i = 1 if full ration received; 0 if partial or none received. 
The system-wide fairness score at each tick is computed as the average across all 

N beneficiaries: 
Fairness Score = (1/N) (Fairness _ i) from i = 1  to  N  .
This score is sensitive to factors such as FPS stock availability, corruption, and 

system congestion. A declining fairness score may indicate systemic bottlenecks, 
diversion of stock, or undersupply in specific areas.
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Transparency 

Transparency assesses whether transactions are conducted in an environment subject 
to oversight and verification. It reflects whether officials are actively inspecting FPS 
during beneficiary interactions, thus ensuring visibility and discouraging corrupt 
behaviour. For each beneficiary i: 

Transparency _ i = 1 if FPS serving i was inspected; 0 otherwise. 
The system-wide transparency score is computed as: 
Transparency Score = (1/N) (Transparency _ i) from i = 1  to  N  .
This metric reveals whether monitoring mechanisms are functioning effectively. A 

low transparency score suggests that FPS are operating without sufficient oversight, 
increasing the risk of undetected malpractice. 

Accountability 

Accountability captures the extent to which the system channels transactions through 
low-risk (trustworthy) ration shops. It reflects the system’s ability to minimize the 
influence of high corruption-risk FPS on the ration distribution process. 

For each beneficiary i: 
Accountability _ i = 1 if FPS corruption risk < 0.2; 0 otherwise. 
The overall accountability score is then: 
Accountability Score = (1/N) (Accountability _ i) from i = 1  to  N  .
High accountability implies that beneficiaries are primarily served by shops with 

low corruption risk. A declining accountability score could signal growing reliance 
on high-risk FPS or ineffective targeting and enforcement by officials. 

Together, these three metrics enable a quantitative assessment of ethical and oper-
ational performance in the model. They also provide feedback loops for dynamic 
policy experimentation, allowing researchers and decision-makers to test inter-
ventions—such as increasing inspection frequency or reallocating supply—while 
monitoring their impact on fairness, transparency, and accountability. 

Simulation Experiments and Results 

Experimental Design 

To evaluate the model under different operational and governance conditions, a series 
of simulation experiments were conducted. These experiments aim to examine how 
variations in key parameters affect system performance in terms of fairness, trans-
parency, and accountability. The main experimental parameters include corruption 
probability levels, the number and frequency of inspections, and stock replenishment
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delays. FPS agents are initialized with varying levels of corruption risk, ranging from 
0.0 (fully honest) to 1.0 (fully corrupt). Experiments explore how the system behaves 
when the average corruption level across all shops is low, medium, or high, thereby 
testing the model’s resilience to systemic dishonesty. Officials may inspect FPS on 
a regular, random, or risk-targeted basis. By varying the frequency and strategy 
of inspections, the model simulates the effect of increased oversight on corruption 
detection and metric improvements. The time taken by trucks to deliver stock after 
an FPS raises a request is also varied to simulate logistical efficiency. Delays may 
occur due to distance, congestion, or truck availability. Scenarios with both prompt 
and delayed replenishment are evaluated to assess their impact on ration availability 
and beneficiary satisfaction. 

Each simulation scenario is run for a fixed number of ticks (e.g., 500–1000) to 
allow enough time for patterns to emerge. All key metrics are recorded at each tick 
to track the temporal evolution of system behaviour. 

Results Overview 

The simulation experiments produced three key findings regarding the ethical and 
operational performance of the PDS system under varying conditions. 

Regular Inspections Reduce Corruption Incidents In scenarios where officials 
inspected FPS frequently and in a targeted manner, the number of recorded corruption 
incidents decreased significantly. In high-inspection environments, corruption events 
were reduced by up to 50% compared to low-inspection baselines, and the trans-
parency score improved steadily over time. These results demonstrate the importance 
of proactive oversight mechanisms to suppress unethical behaviours. 

Improved Stock Logistics Enhance Fairness Simulations with minimal stock 
delivery delays showed consistently high fairness scores. Beneficiaries received their 
full entitlements more reliably, with fairness scores above 0.85. When delays were 
introduced, fairness dropped by 20–30%, revealing the sensitivity of the system to 
logistical performance. Efficient replenishment of FPS inventory is thus essential for 
maintaining equitable access. 

Metric Trends Reflect System Health Visualization of metric data over simula-
tion ticks offers insight into the system’s dynamic state. Fairness trends show how 
service quality evolves in response to operational stress. Transparency increases 
with inspection coverage. Accountability improves as high-risk shops are identi-
fied and circumvented. These metrics provide valuable diagnostic signals for policy 
adaptation and system resilience. 

These findings affirm the model’s ability to represent the complexities of the PDS 
and underscore the potential of agent-based simulations as tools for policy design 
and evaluation.
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Summary and Learnings 

The Agent-Based Model of the Indian Public Distribution System (PDS) devel-
oped under the AI FORA initiative offers substantial insights into the inner work-
ings of welfare distribution networks and their responsiveness to policy interven-
tions. The simulation has shown that even minor changes in operational parame-
ters—such as increasing the frequency of inspections or reducing stock replenish-
ment delays—can lead to significant improvements in key Responsible AI metrics: 
fairness, transparency, and accountability. 

In particular, the model underscores the systemic impact of behavioural patterns 
among frontline agents, such as ration shop operators, and the critical role of 
enforcement agents in curbing corrupt practices. It has revealed how corruption, 
when left unchecked, can cascade through the system and severely degrade service 
delivery. Conversely, strategically deploying officials for inspection can generate 
self-correcting feedback loops, gradually improving system performance. 

Moreover, the simulation has helped identify bottlenecks, such as logistical delays 
in stock movement and the unequal distribution of FPS locations, which dispropor-
tionately affect beneficiaries in remote areas. These findings support the case for 
integrating digital monitoring tools and real-time data into the PDS to detect anoma-
lies early and deploy corrective measures proactively. Ultimately, this model serves 
as a foundational prototype for using computational simulations to analyse ethical 
dimensions in public sector service delivery. 

Outlook and Future Work 

The current model provides a simplified but powerful representation of the PDS, 
and several promising directions exist for extending its capabilities in subsequent 
research phases. Future enhancements may include: 

Integration with Real-Time PDS Datasets: By linking the simulation with actual 
administrative data (such as FPS-level ration allotments, beneficiary transaction logs, 
or mobile POS systems), the model can be calibrated and validated against real-world 
conditions. This will enhance predictive accuracy and support scenario planning for 
specific districts. 

Dynamic Learning Agents: Future versions could introduce adaptive behaviours, 
such as ration shopkeepers who learn to evade inspections or change their strategies 
based on past enforcement. Similarly, beneficiaries could develop preferences or trust 
scores, altering how they engage with the system. These additions would reflect a 
more realistic decision-making landscape. 

Scaling to Pan-India Simulations: With appropriate optimization and parallel 
processing, the model could be scaled to simulate state-level or national PDS 
networks. This would allow policy experiments that compare region-specific
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outcomes and test interventions at scale, incorporating geographic, socio-economic, 
and infrastructural heterogeneity. 

Coupling with Policy Dashboards or Digital Twins: The model can be 
embedded within decision support systems that offer visual dashboards to poli-
cymakers. Alternatively, it could be linked to a digital twin of the PDS to enable 
real-time simulations, policy stress tests, and AI-assisted recommendations. 

These directions would not only increase the technical sophistication of the model 
but also deepen its utility as a tool for ethical, data-driven, and context-sensitive 
governance of public distribution systems. 
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Chapter 8 
Policy Learnings and Policy Change 
for AI-Based Social Services 

Albert Sabater, Beatriz López, and Roger Campdepadrós 

Abstract This chapter examines the development and application of AI in social 
services through stakeholder engagement within the AI FORA project, drawing on 
meetings held in May 2022 and 2023 with diverse participants, including marginal-
ized communities, social workers, policymakers, technologists, and academics. 
Focusing on Spain as a case study, we identify key challenges and opportunities 
in AI-driven social service provision, emphasizing the importance of compositional 
(demographic and socioeconomic factors), contextual (local systems and biases), 
and collective (community trust and participation) dimensions. Our findings reveal 
that AI risks exacerbating inequities when these factors are overlooked. However, 
stakeholders pointed out that context-aware AI applications, designed with adapt-
ability, transparency, and participatory oversight can mitigate these risks. The chapter 
highlights three key policy lessons: (1) AI systems must evolve through continuous 
auditing and community input, (2) predictive tools should account for local realities 
to avoid bias, and (3) participatory governance is essential to ensure equity. 

Introduction 

In this chapter, we explain how we have engaged with several stakeholders that are 
related to various AI-based social services to understand common policy views and 
assess whether the development and application of AI in social services is guided by 
policy learnings and policy change. As part of the AI FORA1 project, two separate
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meetings on May 6, 2022, and May 4, 2023, with various stakeholders are taken 
as the main sources of information and deliberation. The stakeholders that came to 
the meetings represented various segments of the population: (1) marginalized or 
vulnerable groups (community organizations of migrants and advocacy groups for 
workers); (2) professionals who administer social services and have firsthand expe-
rience with the practicalities and challenges of integrating AI into their work (social 
workers and service providers); (3) government officials responsible for the imple-
mentation of AI in social services (policy makers); (4) engineers, data scientists, 
and AI specialists who design and build AI systems (AI technologists and devel-
opers, mostly academics); and (5) scholars who study the social, ethical, and legal 
implications of AI (social scientists). 

All these stakeholders were able to provide a comprehensive picture of the advan-
tages and disadvantages of using AI in social services for our Spanish case study. 
The two meetings employed a mixed-method approach with gamification techniques, 
focus groups, and simulation to facilitate productive dialogue between stakeholders. 
The participant pool was stratified into distinct breakout groups such as social 
workers, service providers, and policymakers to discuss practical implementation 
hurdles, and another one with technical and social scientists to debate frameworks 
for AI-based social assessment that were mostly (active) observers before and after 
meetings and working sessions to integrate multiple perspectives in the research. 
Gamification and focus groups included discussions guided by scenario-based situ-
ations to elicit specific reactions (e.g., coronavirus game, unemployment game, and 
self-sufficiency game), which allowed not only the actual improvement of initial 
AI specifications of rulesets, but were also useful to break down disciplinary silos, 
translate technical concepts into practical consequences, and ground abstract ethical 
principles in the lived realities of service delivery. 

This chapter provides further detail about these issues dealth with by stakeholders, 
and is purposively organized as follows: first, we provide an overview of three key 
challenges for AI implementation in social services: the compositional, contextual, 
and collective factors. Second, we stress that one size does not fit all when it comes 
to using AI for social services. And, third, we look at some of the main obstacles 
and ways forward. 

Compositional, Contextual and Collective Factors 

The use of AI in social services in Spain and elsewhere, from housing and employ-
ment to migration assistance or integration, generally lies in a common expecta-
tion, namely that it will enhance precision, efficiency, and scalability in the social 
provision (Criado et al., 2025). However, its success depends on three fundamental 
challenges, namely that social service provision is inherently place-specific, shaped 
by who lives there (compositional factors), local systems and resources (contex-
tual factors), and community trust and collaboration (collective factors). Hence, our
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case study has revealed that the risks posed by AI in social services are signifi-
cant, particularly when compositional, contextual, and collective factors are over-
looked (Tangi et al., 2023). Compositional factors such as the demographic and 
socioeconomic makeup of affected communities determine how AI systems inter-
pret and act upon real-world needs, often with consequences that diverge sharply 
from intended outcomes. Contextual elements, including entrenched institutional 
biases and infrastructural limitations, further complicate deployment, while collec-
tive dynamics, such as community trust and power imbalances, mediate whether AI 
entrenches or alleviates existing inequities. 

Without deliberate safeguards, algorithmic discrimination, privacy violations, and 
an over-reliance on automated decision-making (ADM) risk compounding harm, 
thus eroding trust in social services, especially among vulnerable populations already 
subject to most systemic exclusion. In other words, the implementation of AI applica-
tions for social service delivery that ignore these factors risk exacerbating inequities 
rather than resolving them. These issues were central to our discussions among 
policymakers, academics, and civil society organizations. For example, biased risk-
assessment tools were seen by many as a way to disproportionately flag low-income 
families for punitive interventions, while opaque data-sharing practices were looked 
at to expose sensitive personal information (Eubanks, 2018). These were only a few 
examples that reflected a disconnect between AI’s current design and the complex 
realities of the communities it serves. 

Therefore, the first lesson from the policy workshops was that the path forward 
demands context-aware AI applications that harmonize innovation with adaptability, 
transparency, and participatory oversight. Most stakeholders viewed that this requires 
systems capable of evolving in response to unintended consequences, with mecha-
nisms for continuous auditing and recalibration as social needs shift. In this sense, 
transparency must extend beyond technical explainability to meaningful account-
ability, thus ensuring that affected communities understand how decisions are made 
and how to challenge them. The second lesson from stakeholders was that while AI-
driven tools such as predictive analytics for early intervention or data-driven resource 
allocation offer powerful ways to optimize social services, their design and deploy-
ment must address place-based realities. For instance, AI may help target services to 
high-need populations, but without safeguards, it may replicate biases embedded in 
historical data or overlook marginalized groups for which data availability is limited. 
The third lesson was that decision-support systems must integrate grassroots insights 
to ensure that AI applications complement rather than replace human judgment and 
community expertise. Stakeholders clearly pointed out that participatory oversight 
must be embedded in AI governance from the outset as a way to transform passive 
stakeholders into active co-designers of technological solutions. 

Further, a key problem identified by most stakeholders was that attempting to 
mitigate one factor without the others can be ineffective or counterproductive. For 
example, creating a technically “unbiased” algorithm for a compositionally diverse 
community (compositional factor) will fail if deployed without the trust of that 
community (collective factor) or within a biased institutional context (contextual
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factor). Therefore, any solution requires an approach where progress in one dimen-
sion actively enables and strengthens progress in the others, thereby creating a 
positive feedback loop that leads to equitable outcomes. The meetings with stake-
holders clearly demonstrated that an important way to accomplish this is by imple-
menting a participatory oversight (collective factor), which ensures that context-
aware AI (contextual factor) is designed with and for the specific community it serves 
(compositional factor). Since the compositional, contextual, and collective factors 
are deeply intertwined and measures to mitigate risks in one area almost invariably 
create mutually reinforcing effects in the others, it is crucial to have transparency and 
accountability (contextual/collective) that not only allow communities to understand 
and challenge decisions, but also build trust (collective) and ensure that the system 
evolves to meet real-world needs (compositional). 

Beyond the Algorithm: A Participatory Framework 

The Interdependent Triad 

Policymakers often treat AI as a singular, ready-made solution for improving 
precision, efficiency, and scalability in social services (Dowding & Taylor, 2024). 
However, addressing complex social challenges requires far more than generic algo-
rithmic tools. For AI to produce meaningful results, it must be grounded not only 
in a far greater understanding of compositional factors (who is affected, including 
demographics and vulnerabilities), contextual factors (local systems, data infras-
tructure, and service gaps), and collective factors (community trust and participatory 
norms), but also for AI to meaningfully improve social services, its deployment 
must be place-specific and consciously adapted across key functional areas such as 
data-driven targeting and resource allocation, predictive analytics and early interven-
tion, decision-support systems for policy development, and evaluation for continuous 
improvement. 

How AI Can Improve Resource Allocation 

AI applications can improve resource allocation when its deployment adapts to local 
ecosystems, but effective targeting demands more than algorithmic processing of 
datasets. It requires a multidimensional understanding of who needs services (compo-
sitional), what local capacity exists (contextual), and how communities define equi-
table distribution (collective). Compositionally, algorithms can be tuned to recog-
nize varying needs across demographic groups, for instance, by adjusting housing 
assistance models for migrant and non-migrant communities with distinct kinship 
structures. Contextually, resource allocation systems must integrate with existing
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service infrastructures, whether well-funded urban social services or under-resourced 
rural ones. Collectively, communities should be able to co-design delivery metrics in 
order to ensure that AI-based social services prioritize their definitions of “effective” 
service rather than top-down efficiency benchmarks. This also means that public 
administrations must work with academics to design targeting models that weight 
sociodemographic variables differently across contexts. 

Contextualizing AI-Based Social Service 

Needless to say, civil society plays a crucial role in contextualizing these models 
through ground-level knowledge about which vulnerable groups are systemati-
cally excluded from official datasets. Therefore, the so-called data-driven poli-
cymaking gains value when evidence incorporates place-based knowledge. For 
instance, compositionally speaking, dashboards should disaggregate data by sociode-
mographic and other relevant factors to expose inequities. Contextually, models must 
account for local variations such as how fairness or prejudice manifests differently 
across localities. The collective dimension can also emerge when participatory data 
collection (e.g. community-led surveys) supplements administrative datasets. 

Understanding Compositional Vulnerabilities 

It is understood that AI models, including predictive ones, are useful and achieve 
greater preventive potential only when they account for compositional vulnerabilities 
(e.g., housing availability for migrants), contextual data ecosystems (e.g., integration 
of migrant records where legally permitted), and collective early warning systems 
(e.g., community worker insights). Academics can help address compositional blind 
spots by developing subpopulation-specific risk indicators, while civil society orga-
nizations can provide contextual insights about which informal support networks 
already exist in neighborhoods to name one example. Importantly, the collective 
factor becomes operational when AI models incorporate community feedback loops 
to continuously adjust risk thresholds based on lived experience from the potential 
recipients of social services. This interdependence is key: the collective factor of 
community worker input provides the contextual grounding that makes the compo-
sitional prediction actionable. In turn, this actionability builds trust (collective), 
ensuring the system evolves to meet the real-world needs of the specific populations 
(compositional) it was designed to protect.
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Decision-Support Systems to Maintain Legitimacy 

It is clear that policy AI tools such as agent-based models (ABM) can be used to 
balance compositional complexity (representing needs of diverse groups), contex-
tual constraints (matching recommendations to local service delivery capacities), and 
collective governance (maintaining public legitimacy). For instance, in our gamifica-
tion and simulation that aimed to maximize individual and aggregate well-being by 
allocating limited social service resources among applicants, stakeholders demon-
strated that by playing and interacting with the simulation, they gained awareness 
of historical biases and discriminatory practices in social service allocation within 
their national context and actively sought to mitigate such risks. These observa-
tions suggested that collaborative decision-making processes also foster consensus 
on evaluation standards and promote more consistent implementation of the assess-
ment tool. In other words, compositionally, policy teams have the capacity to audit 
training data for representation gaps like including informal settlement residents in 
housing-need assessments. 

Contextually, the metrics used can reflect local priorities, whether geographic 
deprivation indices or community-defined inclusion benchmarks. Collectively, the 
impacted groups may have a veto power over algorithmic criteria affecting them to 
make sure that participation is effective and not against them. Although academics 
have shown that disaggregated metrics for social assessment that capture compo-
sitional disparities in service outcomes are useful, they need to be complemented 
by civil society organizations, which provide contextual grounding by monitoring 
unintended consequences that quantitative metrics might miss or might be unable to 
capture with only observational data. Thus, the collective element is a crucial step 
toward participatory evaluation methods that complement AI-driven analytics with 
community scorecards and narrative feedback. This creates a reinforcing dynamic 
where collective oversight strengthens contextual fit, which in turn ensures compo-
sitional fairness, thus building the public trust essential for the tool’s viability and 
legitimacy. 

Continuous Evaluation 

A continuous evaluation is necessary as AI feedback loops become transformative 
only when they capture the collective dimension over time and a bridge is built 
between AI models and observable measurements on compositional and contextual 
realities, using previous literature and theoretical justification. Participatory methods, 
where communities adjust algorithmic weights (collective), directly tie compo-
sitional outcomes to contextual constraints. This process builds trust (collective) 
through transparency, ensures the system meets real-world needs (compositional), 
and adapts to local realities (contextual). As shown in the AI FORA approach, within 
the sphere of social service provision, the evaluation of algorithmic systems must be
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redesigned as a dialogic process of organizational learning, rather than a summative 
audit of performance indicators. Conventional metrics, such as caseload processing 
times or aggregate expenditure data, constitute a superficial engagement with compo-
sitional outcomes, while remaining agnostic to the contextual determinants of service 
delivery. 

In order to overcome this, a paradigm of participatory evaluation is paramount. 
This approach institutionalizes collective oversight by integrating mechanisms such 
as community review panels and co-design workshops for algorithmic weight cali-
bration. Such deliberation allows for the formal incorporation of tacit, place-based 
knowledge, ensuring that quantitative models are dynamically adjusted to reflect 
nuanced compositional realities (e.g., the specific vulnerabilities of transient popu-
lations) and are constrained by the operational limits of the local service ecology 
(contextual). This recursive feedback loop between the system and its stakeholders 
fosters the production of more granular and valid data, enhances the contextual 
parameters of the model, and, crucially, builds institutional legitimacy (collective). 
Only after the participative component is completed, and measurements are justi-
fied and defined, do policymakers and researchers proceed to the next step where 
data and AI models are deployed publicly to establish a positive feedback loop 
wherein algorithmic refinement, institutional adaptation, and enhanced community 
trust are mutually constitutive, thereby orienting continuous improvement toward 
the normative goal of equitable social outcomes (Sabater et al., 2025). 

Overcoming Obstacles 

Since the AI FORA approach involved multiple groups with diverse backgrounds 
and perspectives, balancing the discussions was challenging. Nonetheless, there were 
no major conflicts or difficulties in finding common ground. Generally, the approach 
succeeded in finding common ground precisely because it institutionalized structured 
deliberation mechanisms from the outset. Rather than treating diversity of perspec-
tives as an obstacle, the process leveraged it as a diagnostic tool. An example is 
when technologists or academic proposals for scoring metrics were tested against 
social workers. This created what participants termed as “constructive friction”, 
where apparent disagreements were useful to detect blind spots in the system design 
as well as hybrid approaches that incorporated both clear rules and discretionary 
override provisions (for instance, for exceptional cases validated by frontline staff). 
Because policy workshops, like real-world scenarios, always entailed translation 
work happening behind the scenes, social workers also acted as facilitators in their 
crucial role as “contextual interpreters”, while simultaneously helping non-technical 
participants articulate their needs in ways that could inform model design. 

However, the workshops revealed that technical complexity was not merely a 
communication challenge, but, more generally, a systemic barrier requiring struc-
tural solutions (Birhane, 2021). Generally, concepts were presented at three levels: 
technical specifications, policy implications, and real-world analogies for community
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representatives. For instance, algorithmic bias was simultaneously explained as (1) 
a statistical skew in training data, (2) a potential source of service inequities, and (3) 
being like a library that only stocks books about certain neighborhoods or localities. 
This approach allowed participants to engage at their comfort level while gradually 
building shared understanding. Most importantly, the explanations given were not 
unidirectional as social workers also gave feedback on how to interpret qualitative 
indicators like housing instability signals that never appear in structured datasets. It 
is clear that as participants’ technical literacy grew, the nature of discussions evolved 
from passive reception to active co-design in a way that clearly highlighted that we 
must create pathways for non-technical stakeholders to reshape technical systems. 

In summary, the policy workshops within the two separate meetings on May 6, 
2022, and May 4, 2023, with various stakeholders proved to be extremely useful 
to analyze the extent to which developing context-aware AI systems requires insti-
tutionalizing three working principles: First, deliberative prototyping means testing 
models through scenario-based discussions and simulations with mixed stakeholder 
groups before any AI implementation. Second, contextualize outputs among stake-
holders to discuss and further improve prototypes. Third, participatory stress-testing 
to evaluate AI systems against (un)usual cases, sometimes only identified by frontline 
social workers. Since there was always the very real possibility of power imbalance 
between those developing and deploying AI systems in practice, and the communities 
that are subject to them, the analysis of the compositional, contextual, and collective 
dimensions are not theoretical ideals, but practical necessities that emerge through 
structured engagement processes. The challenge moving forward is scaling these into 
standard practice, thus ensuring AI systems remain as adaptable as the complex social 
realities they aim to serve with multidisciplinary teams of researchers, practitioners, 
policy makers, and citizens alike. 
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Chapter 9 
Policy Perspectives on AI Use 
for Asylum-Related Assessment 
Processes in Germany 

Elisabeth Späth, David Wurster, Blanca Luque Capellas, 
and Petra Ahrweiler 

Abstract This chapter examines the use of artificial intelligence (AI) in asylum-
related assessment processes in Germany, focusing on the interaction between 
research, policy, and frontline administration. Germany has a well-established frame-
work for integrating scientific expertise into policymaking, yet the dissemination of 
findings to practitioners, particularly public administrators, remains underdeveloped. 
Drawing on insights from the AI FORA project, the chapter reports on an interac-
tive policy workshop with policymakers, migration experts, and refugee council 
representatives. Key themes discussed during the workshop include fairness, effi-
ciency, and data quality in asylum-related assessment processes, alongside concerns 
about power asymmetries and fragmented governance. While participants saw poten-
tial in AI for reducing bureaucracy, facilitating translations, and supporting labour 
market integration, they cautioned that its use could intensify existing challenges 
related to justice and equity, highlighting the need for careful oversight. The chapter 
argues that “better AI” must go hand in hand with “better governance”, requiring 
legal safeguards, inclusive participation, and stronger refugee agency. The participa-
tory dissemination approach adopted here demonstrates how collaborative engage-
ment could enhance policy relevance, point out ethical dilemmas, and guide future 
frameworks for responsible AI use in sensitive contexts such as asylum governance.
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Introduction 

In Germany, policymakers engage with scientific expertise both through formal 
requests and unsolicited contributions. National and regional laws require the inclu-
sion of experts—such as scientists, business leaders, and NGO representatives— 
when drafting legislation. This involvement typically takes the form of parlia-
mentary hearings, commissioned evaluation reports, and expert discussions organ-
ised by ministries. Scientific advisory boards and enquiry commissions, often 
composed of academics and former politicians, provide comprehensive assessments 
of emerging policy challenges. Many ministries also operate research institutes 
employing large numbers of scientists, such as the Federal Environment Agency. 
Within this formal framework, scientific organisations proactively provide exper-
tise. For example, the Max Planck and Helmholtz societies regularly publish policy 
briefs and host events for knowledge exchange (Heinze, 2013; Weingart, 2001). 
This reflects Germany’s well-established institutional infrastructure for integrating 
science into policymaking. 

University researchers frequently contribute to expert bodies and commissioned 
studies, though they less often produce targeted policy briefs. New formats are 
emerging to bridge this gap, such as pairing schemes and lab visits that connect 
researchers directly with policymakers. In addition, policy-relevant research projects 
at universities increasingly address practitioner audiences outside formal institu-
tional pathways. The AI FORA project engages directly with public servants in 
social service agencies and policymakers. Research findings in such settings can 
inform institutional practices and support fair and transparent decision-making. 
Involving public administrators and ground-level decision makers is essential for 
several reasons. First, these actors implement policies. While high-level politicians 
design laws and frameworks, it is administrators who interpret, apply, and enforce 
them in daily practice (Ewert & Evers, 2014). Their decisions have direct conse-
quences for asylum seekers, often involving discretion in complex or ambiguous 
cases. Understanding how AI tools could function in their workflows is crucial for 
assessing feasibility, risks, and practical outcomes. Second, frontline workers are the 
first to interact with new technologies: if AI systems are introduced into asylum proce-
dures, they will be the ones operating, trusting, or questioning these tools (Kersing 
et al., 2022). Finally, policy feedback loops often start from below. Administrators, 
ideally, feed information upward, influencing internal guidelines, policy adjustments, 
and even future legislation. Their experiences shape what works and what requires 
reform, making their engagement vital for adaptive, evidence-informed governance 
(Bovens & Zouridis, 2002). As the use of AI-based technology in the context at hand 
is gaining increasing relevance and importance (Ozkul, 2023), it is of crucial impor-
tance that policymakers understand the ethical as well as practical implications of 
using AI in asylum-related assessment processes. Bridging the gap between refugees’ 
lived experiences, technical and organisational capabilities, as well as expectations 
of public administration and those of policymakers becomes essential.
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Dissemination of Research Findings to the Policy 
Community in Germany 

The dissemination of findings from the German case study in AI FORA (Späth, 
2025)1 sought to bridge two gaps: first, incorporating policy perspectives into the 
research data and, second, presenting results in a form that could be discussed and 
potentially transferred across the policy arena, across different federal states and 
institutions. A key aim was to understand how challenges, such as bureaucratic 
inertia, and federal–local hierarchies could shape the engagement with, or adoption 
of, AI-based technologies. 

To this end, an interactive policy workshop was organised.2 Invitations were 
extended to national and regional policymakers, domain experts, and researchers 
specialising in migration and asylum governance as well as digitalisation. Ten partic-
ipants attended the workshop: policymakers from the regional and federal levels, 
representatives from refugee councils, an organization focused on education and 
integration, as well as academic experts on migration policy. Dissemination was 
achieved through the co-design of a simplified model of the asylum system, charting 
the journey from “arrival in Germany” to “economic independence/naturalisation”. 
This exercise employed Participatory Systems Mapping (Barbrook-Johnson & Penn, 
2022) visualising processes before, during, and after the asylum procedure. Collab-
orative modelling with policymakers has proven to be important not only to confirm 
the quality and availability of data, but also to gain a broader as well as deeper 
understanding of the complexities of policy domains (Ahrweiler et al., 2019; Gilbert 
et al., 2018). In a first step, participants were asked to evaluate different stages of 
assessment processes using three suggested guiding criteria: fairness, data quality, 
and efficiency. In a second step, they were asked to reflect upon possible implications 
as well as potentials of AI-based technologies. In the following, some reflections are 
presented briefly. 

Fairness, Data Quality, and Efficiency 

Fairness was linked not only to the availability of information but also to refugees’ 
ability to access, comprehend, and share relevant data with authorities and supporting 
organisations. Suggestions included creating low-barrier participation opportunities 
to counteract excessive bureaucracy and limited digitalisation. One major proposal 
was an AI-driven guidance tool that could inform refugees about processes and

1 Empirical research zooming into the micro-scene of AI-based decision-making in the asylum 
procedure as well as post-asylum procedure assessment processes was conducted based on document 
analysis, qualitative interviews, focus groups, as well as participatory modelling with refugees, 
voluntary supporters, and professionals working in the field. 
2 The workshop took place 2–3 July 2024 at Johannes Gutenberg University Mainz as a satellite to 
the European Workshop on Algorithmic Fairness (EWAF’24). 
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connect them to relevant organisations based on their needs, ideally offering imme-
diate placement—a “digital guidance and counselling package” covering the entire 
process. Another recurring theme in the discussion was that refugees’ legal status 
outcome are often shaped by “luck”, depending on the federal state in which the 
asylum procedure takes place. Participants also noted limited political momentum 
to address this situation. 

Concern was expressed about the arrival and distribution of refugees across 
federal states. Participants called for a more targeted distribution, balancing local 
demands with refugees’ individual backgrounds.3 Participants also emphasised the 
need for greater involvement of migrants, particularly those with refugee back-
grounds, in public administration. Besides, they noted that the margin of discretion 
present in many post-asylum procedure assessment processes, such as in foreigners’ 
offices, heightens the risk of unfair treatment. There were divergent opinions, 
however, as to what extent digitalisation and AI-based technology could mitigate 
these issues. 

On data quality, participants highlighted the need for accurate personal data (age, 
gender, documents, etc.) and the importance of proper management, protection, and 
evaluation. Fragmented data collection across governmental levels—state, federal, 
and municipal—was seen as both inefficient and error-prone. Divergent organisa-
tional structures, privacy rules, and security standards exacerbate these problems. 
As a result, poor data quality could undermine fairness, for example, in respect 
to accessing integration courses. Furthermore, workshop participants emphasised 
that stakeholders (e.g. hardship commissions, NGOs or foreigner offices) evaluate 
data quality differently, i.e. some actors are more sceptical towards assessments or 
reports, often due to intransparent decision-making beforehand. 

The participants identified efficiency as the overarching problem, as asylum-
related assessment processes are lengthy and overly complex from the 
outset, involving a high number of different actors as well as regulations, and differ-
ences in respect to technical infrastructures. While recognition of educational and 
professional qualifications as well as work permits was described as inefficient and 
opaque, participants saw opportunities for AI to support faster recognition of quali-
fications and more effective career counselling, thereby facilitating earlier access to 
the labour market. 

Overall, participants viewed AI as potentially helpful in reducing bureaucracy and 
offering translations in multiple contexts, from document processing to communica-
tion with authorities. Translation was directly linked to all three evaluation criteria: 
efficiency, data quality, and fairness.

3 This has been realised by the Match’In project by the Universities of Hildesheim and Erlangen-
Nuremberg, 2021–2025 (see Policy paper by Reinhold et al., 2025). 
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Policy Reflections on “Better AI” and “Better Governance” 

A central message from the workshop was that it would be ethically unacceptable to 
use technology merely to “optimize an unfair system”, thereby intensifying issues 
related to justice and equity. While some AI tools already in use are classified as 
“high-risk” technologies under the EU AI Act (Brouwer, 2024;  PICUM  , 2024) 
and require special scrutiny, many other potential applications that could support 
refugees and administration staff demand consideration as well as critical evaluation. 
As Discussions underscored that focusing solely on technical optimisation or ethical 
principles is insufficient, especially when these principles lack enforcement (cf. 
Hagendorff, 2020; Maclure & Morin-Martel, 2025). Related to this, addressing legal 
aspects necessitates a critical reflection on cultural and structural factors impacting 
decision-making processes, such as hierarchical and federalist organisation. From 
these reflections, several governance lessons emerge: 

Institutionalised Dialogue Multi-stakeholder engagement is essential to move 
beyond “legal loopholes”, build legitimacy and establish corresponding legal safe-
guards (Grimmelikhuijsen & Meijer, 2022; Popovski & Turner, 2012). Dialogue 
should occur early and continuously, protecting democratic values and human rights. 

Inclusive Participation Involvement must extend beyond policymakers, legal 
experts, and technology providers. Refugees and migrants—through councils and 
self-organised groups—need to be included. Their lived experience offers indispens-
able expertise for ensuring transparency, bias prevention as well as efficiency, such 
as in terms of improving information infrastructures. 

Strengthening Refugee Agency Refugees should have access not only to infor-
mation and support, but also to transparent decision-making processes. Low-barrier 
pathways to participation are necessary for equitable treatment, regardless of origin 
or legal status. Improving access to employment and healthcare was emphasised as 
fundamental by policymakers, professionals, volunteers, and refugees alike. Building 
digital infrastructures offering immediate placement as well as AI applications that 
facilitate communication and information-sharing, such as translation tools, should 
be prioritised. 

Conclusion 

The joint evaluation of AI FORA findings with the policy community demonstrated 
the importance of acknowledging complexity and interdependence in asylum-related 
assessment processes. Policymaking must address not only individual processes but 
also the tensions and recurring issues that cut across domains. Participants suggested 
that future collaborative modelling should combine a broad “zooming out” perspec-
tive on systemic interrelations with a “zooming in” focus on specific barriers, such as 
access to employment. This dual approach could help design policies where AI appli-
cations complement fair and transparent governance. The participatory approach
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adopted by AI FORA, bringing together diverse stakeholders and addressing both 
risks and opportunities, enabled to explore some of the challenges and trade-offs 
regarding AI in asylum governance. Dissemination of scientific findings in this way 
can foster critical reflection and connects research with practice, pointing out rele-
vant ethical dilemmas. Ultimately, future policies on AI in the asylum context should 
aim to create frameworks that uphold democratic values, protect human rights, and 
strengthen refugee agency. 
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Chapter 10 
Bridging Data and Policy: Disseminating 
Scientific Insights in Estonia’s AI-Driven 
Welfare Governance 

Avo Trumm, Maris Männiste, and Triin Vihalemm 

Abstract This chapter gives an overview of the results of a multi-stakeholder policy 
workshop held in Estonia in December 2024. The participants were experts from 
the National Statistical Board, Research Council, Social Insurance Board, Fore-
sight Centre of the Estonian Parliament, Health Board, Tartu City Government, and 
Centre of IT Impact Studies (University of Tartu). The workshop was inspired by 
the Estonian case study of an AI-based decision-support system applied in the Esto-
nian Unemployment Insurance Fund which illustrates the complexity of integrating 
AI into public welfare systems. While Estonia’s digital infrastructure provides a 
strong foundation, the success of AI-driven decision-making depends on robust 
data ecosystems and interoperable standards, ethical and participatory governance 
models, ongoing education, and stakeholder engagement. Future research should 
explore longitudinal impacts of AI tools on welfare outcomes, develop standardized 
frameworks for bias assessment, and expand participatory design practices. Estonia’s 
experience offers valuable lessons for other countries navigating the intersection of 
data, AI, and social policy. 

Introduction 

In the evolving landscape of digital governance, the dissemination of scientific find-
ings to policymakers will play a pivotal role in shaping responsive, ethical, and 
effective public policies. In Estonia, a country renowned for its digital innovation, 
this process is particularly significant in the context of welfare provision.
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The dissemination of scientific findings to policymakers in Estonia involves a 
multi-layered and evolving system. First, institutions such as the Estonian Research 
Council, Enterprise Estonia, and various ministries—such as the Ministry of Educa-
tion and Research and the Ministry of Economic Affairs and Communications—form 
the core framework connecting key actors. 

Second, a ministerial network of science advisers helps bridge the gap between 
researchers and policymakers. These advisers interpret and translate scientific 
evidence into formats that are relevant and accessible for policy development. In addi-
tion, several policy advisory networks are active, integrating scientific insights into 
policymaking through advisory bodies and expert panels, often involving researchers 
from universities and think tanks. 

As a result, the Estonian government actively collaborates with local tech compa-
nies and research institutions to develop and implement AI solutions. These partner-
ships frequently involve the direct sharing of scientific findings with policymakers 
through joint projects and pilot programmes. 

Finally, the Estonian Research Council plays a key role in promoting commu-
nication and dialogue among politicians, entrepreneurs, and researchers. It also 
coordinates and strengthens cooperation among stakeholders involved in scientific 
communication (Estonian Research Council, 2020). 

The Artificial Intelligence for Assessment (further AI FORA) project aims to 
foster participatory and fair AI applications in public social services. In Estonia, the 
project culminated in a policy workshop that brought together experts from diverse 
fields to discuss the implications of data-driven decision-making in welfare services, 
and this chapter explores how scientific insights from the Estonian case study of the 
AI FORA project were responded to the stakeholders and policymakers. 

The workshop brought together eight experts from various public and R&D 
institutions, including:

• The Estonian Statistical Board.
• The Estonian Research Council.
• The Social Insurance Board.
• The Foresight Centre of the Estonian Parliament.
• The Estonian Health Board.
• The Tartu City Government.
• The Centre of IT Impact Studies. 

The workshop was structured around moderated discussions and practical exer-
cises, with participants engaging in three rounds of dialogue focused on: a) prin-
ciples of data-driven decision-making in social protection, b) roles and competen-
cies of professionals working with AI, and c) contextual and ethical considerations 
in algorithmic decision-making. The example of decision-support tool OTT of the 
Estonian Unemployment Insurance Fund (further EUIF) as the focus of the Estonian 
AI FORA case study was used as a central reference point of discussions. However, 
the participants were asked to expand their thoughts beyond this case.
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Main Results 

The following section highlights the main ideas discussed during the workshop in 
the chronological order in which they emerged during the discussions and interprets 
them in a wider academic and political context. 

Data as the Foundation of Policy Innovation 

A central theme of the workshop was the quality and governance of data. Participants 
unanimously identified data-related challenges as the primary barrier to effective AI-
supported decision-making. Lack of comprehensive data and limited access across 
institutions, inconsistent classifications and metadata, complicating integration and 
analysis, as well as insufficient data integrity and outdated datasets were highlighted. 
These concerns echo findings from the Estonian Foresight Centre, which emphasized 
the need for a national data strategy that aligns technical infrastructure with societal 
goals (Õunapuu et al., 2022; Keskus, 2022). 

Ethical and Legal Considerations in a Datafied Society 

The workshop highlighted the tension between privacy and the right to information 
and all kinds of ethical considerations were intensively discussed. 

Estonia has made strides in developing tools like the consent service and data 
tracker, which enhance transparency and user control (Gstrein & Beaulieu, 2022). 
However, strict privacy regulations can hinder the personalization of public services. 
Participants also stressed the need for a balanced approach that respects both indi-
vidual autonomy and the collective benefits of data use. ‘If the right to privacy is a 
fundamental right, so is the right to information’ declares the report about the future 
of the data society, and introducing a weighing obligation into the Public Information 
Act could help reconcile these rights. The Data Protection Inspectorate’s dual role— 
protecting privacy while promoting data access—also needs clarification (Keskus, 
2022). The simulation game conducted with university students (see Männiste et al., 
in this book for details) illustrated that individuals are more willing to share data 
when it leads to tangible benefits, such as increased access to services. 

Human-Centric AI and Stakeholder Involvement 

Human-centricity was a key term highlighted by the experts. On the one hand, it 
involves the issues of privacy and data protection described above, and on the other
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hand, it opens multiple aspects related with the use of algorithms and automated 
decision-making. 

The workshop participants emphasized that the algorithms underlying the 
decision-making ‘machine’ should not only be transparent and understandable but 
also offer opportunities for stakeholder involvement in their development. This 
collaborative approach leads to more effective and ethical solutions as it harnesses 
diverse perspectives and expertise. Moreover, human-centred AI fosters trust and 
acceptance among users. When people understand and see the value of AI systems, 
they are more likely to adopt and support these technologies (Interaction Design 
Foundation, 2024). The interviews with the employment consultants of EUIF, 
carried out in the frames of the Estonian case study, clearly approved this argument 
(Vihalemm et al., 2025). 

Algorithmic and Human Biases: Dual Challenges 

The workshop addressed both algorithmic and human biases in welfare decision-
making. Algorithmic bias arises from poor data quality, flawed design, or misin-
terpreted causal relationships (Kordzadeh & Ghasemaghaei, 2021; Williams et al., 
2018). The Bias Network Approach (Arriagada-Bruneau et al., 2025) was cited as a 
promising method for identifying and mitigating such biases. 

Human bias, including selective adherence to algorithmic advice and reliance 
on stereotypes, was considered an even greater risk in complex welfare decisions 
(Alon-Barkat & Busuioc, 2023). The hybrid model used by EUIF—where algorithms 
provide initial assessments and human specialists make final decisions—was seen 
as a pragmatic compromise that leverages the strengths of both systems. 

Contextual Use of Algorithms in Welfare Provision 

Participants discussed when and how to use AI tools effectively. The conceptual 
model of AI use in social services, developed within AI FORA Estonian case study 
(see Vihalemm et al., 2025), served as a framework for this discussion. The discussion 
concluded that full automation is suitable for routine, binary decisions (e.g., traffic 
fines, birth grants), but hybrid models are preferable for complex or ambiguous cases, 
where human discretion is essential. 

It is also relevant to evaluate cost-efficiency: while AI systems require signifi-
cant investment, they can reduce long-term operational costs and improve service 
delivery (Alhosani & Alhashmi, 2024; Vatamanu & Tofan, 2025). However, partic-
ipants cautioned that not all decisions benefit from automation, especially when the 
impact on individual well-being is marginal or when the cost of implementation 
outweighs the benefits.
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Education and Capacity Building 

A major barrier to effective AI use is the lack of data and algorithm literacy among 
both public servants and citizens. The White Book of Data and Artificial Intelligence 
(2024–2030) notes that over 30 per cent of data-related positions in the public sector 
remain unfilled (Ministry of Economic Affairs and Communications; Ministry of 
Justice; Ministry of Education and Research; Government Office, 2024). Workshop 
participants emphasized the need for interdisciplinary training that bridges tech-
nical, ethical, and policy domains, the importance of public education to build trust 
and understanding of data governance, and the value of cross-sector collaboration 
between developers, policymakers, and service providers. 

Conclusions 

The workshop about data-driven decision-making was inspired by the Estonian case 
study of AI-based decision-support system applied in the Estonian Unemployment 
Insurance Fund but raised a wider set of issues related to use of data and algorithms in 
welfare provision. The high-level expertise of the eight participants of the workshop 
covered multiple competences related to collecting and processing data, ethics and 
data protection, e-governance, welfare policy design, and provision of social benefits 
and services. The invited experts engaged actively and constructively throughout 
the workshop, contributing a wide range of valuable ideas during the co-creation 
process. Given that all participants represented key institutions involved in the design 
and implementation of AI-driven welfare policies, it is reasonable to anticipate that 
the insights and proposals shared during the discussions will inform and influence 
real-world policy development. 

The Estonian AI FORA case study illustrates the complexity of integrating AI into 
public welfare systems. While Estonia’s digital infrastructure provides a strong foun-
dation, the success of AI-driven decision-making depends on robust data ecosystems 
and interoperable standards, ethical and participatory governance models, ongoing 
education, and stakeholder engagement. 

Future research should explore longitudinal impacts of AI tools on welfare 
outcomes, develop standardized frameworks for bias assessment, and expand partic-
ipatory design practices. Estonia’s experience offers valuable lessons for other 
countries navigating the intersection of data, AI, and social policy. 

In AI FORA, dissemination was not a peripheral activity but a core component 
of the project’s methodology. The project aimed to ensure that the development and 
application of AI tools in welfare services were informed by ethical, social, and 
technical considerations. Dissemination contributed for raising awareness among 
stakeholders about the capabilities and limitations of AI in welfare provision, facil-
itating dialogue between data scientists, ethicists, and public administrators, trans-
lating complex findings from agent-based modelling simulations into actionable



124 A. Trumm et al.

policy recommendations, and encouraging participatory governance by involving 
stakeholders in the design and evaluation of AI tools. 
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Chapter 11 
Translating Evidence 
to Practice—A Trojan Horse Approach 

David Wurster, Blanca Luque Capellas, Izabel Sabino De Sousa, 
and Erik W. Johnston 

Abstract The gap between evidence discovery and using evidence-based decision-
making is widened when those roles are filled by different groups. To bridge this 
gap and to more regularly translate evidence to practice we found that authenti-
cally including policymakers and other relevant stakeholders directly in the model 
building process, through events like policy modelling workshops, is a promising 
intervention we have coined as a trojan horse approach. Repeatedly, we have found 
that people are more likely to act on something if they discovered it themselves. 
Participatory co-modelling is thus a powerful intervention to reduce the discovery/ 
usage gap. The 2024 Annual Modeling and Simulation Conference (ANNSIM) 
Workshop on Policy Modeling for Social Good, framed within the AI FORA US 
case study, brought together an interdisciplinary cohort of researchers, practitioners, 
and policymakers to explore how participatory modelling can inform public policy 
in domains such as healthcare, climate change, and social equity. This chapter 
synthesizes the workshop’s core themes, discussions, and takeaways, emphasizing 
methodological advances, institutional enablers and barriers, and ethical imperatives. 
This paper contributes to the growing literature on computational social science 
and evidence-based decision-making. The integration of modelling and simulation 
(M&S) into policymaking presents transformative potential for addressing complex 
social challenges and responding to complex demands by various stakeholders.
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Introduction 

Contemporary policymaking increasingly requires tools that can grapple with 
complexity, uncertainty, and the rapid pace of social, technological, and environ-
mental change. Modelling and simulation (M&S), long established in engineering 
and physical sciences, are now permeating social policy domains where decisions 
must account for human behaviour, structural inequities, and systemic feedback loops 
(Gilbert, 2005; Süsser et al., 2021; Malbon & Parkhurst, 2023). The 2024 Annual 
Modeling and Simulation Conference (ANNSIM) Workshop on Policy Modeling for 
Social Good,1 framed within the AI FORA US case study and held in conjunction 
with the Annual Modeling and Simulation Conference, brought together practitioners 
and modellers to learn how M&S can better support policymakers and public interest 
outcomes. 

As part of the AI FORA research project, the US case study leaders, together with 
other German and US researchers with expertise on policy modelling, were among 
the workshop organizers. The scientific findings dissemination carried out within 
the AI FORA US case study took place as a parallel workshop within the 2024 
ANNSIM Conference. The workshop preparation involved reaching out to policy-
makers with substantive expertise in policy modelling. This served two primary 
purposes: first, to enhance the effectiveness and relevance of dissemination prac-
tices by integrating practitioner insights, and second, to complement the scientific 
perspective. Also, an intentional effort was made in contacting experts in policy 
modelling with researchers attending the entire ANNSIM conference to get them 
involved in the workshop. At the end, the workshop convened approximately 30 
participants, representing a diverse intersection of policy practitioners and academic 
researchers from multiple disciplines—including computer science, public health, 
environmental studies, political science, and ethics—to discuss challenges and best 
practices in using M&S for policymaking. 

The workshop lasted a full day and combined both lecture-based and interactive 
formats. The presentations included inputs from the organizers on policy modelling 
concepts developed, as well as talks from various participants showcasing several 
policy modelling examples. Interactive formats comprised systematic feedback from 
policymakers at the end of each session, a world café session discussing on the use 
of artificial intelligence for automated decision-making in policy domains (such as 
terrorism recidivism, unmanned drones, or granting asylum), as well as how simu-
lation could support on this purpose. A closing panel was held at the final part of the 
workshop. 

This chapter distils insights from the workshop, focusing on two key themes: 
(1) institutional practices and stakeholder engagement and (2) ethical and episte-
mological concerns. These themes collectively underscore the workshop’s ambi-
tion to not only advance technical modelling practices but also reshape how these 
models interact with real-world decisions and how the inclusion of practitioners in

1 The workshop summary can be downloaded from the AI FORA website: https://www.ai-fora.de/ 
wp-content/uploads/Summary_Policy-Modeling-Workshop_ANNSIM-final.pdf. 

https://www.ai-fora.de/wp-content/uploads/Summary_Policy-Modeling-Workshop_ANNSIM-final.pdf
https://www.ai-fora.de/wp-content/uploads/Summary_Policy-Modeling-Workshop_ANNSIM-final.pdf
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the discovery process is a type of trojan horse intervention to translate evidence to 
practice. 

Institutional Practices and Stakeholder Dynamics 

Modelling does not occur in a vacuum, and it also should not occur in a silo. The 
effectiveness of M&S for social good depends on considering the systems asso-
ciated with evidence-based decision-making including institutional arrangements, 
stakeholder relationships, and governance structures that mediate how models are 
developed and used. 

Interdisciplinary Collaboration 

The workshop underscored the importance of cross-sector collaboration between 
modellers, domain experts (working on the fields such as healthcare, climate change, 
or social equity), and policymakers. Successful policy modelling initiatives often 
involve iterative engagement between these actors. For instance, a talk on pandemic 
response modelling demonstrated how early engagement with public health depart-
ments shaped model assumptions and outputs to be more actionable (Tolk et al., 
2022). 

However, conversations throughout the workshop respected that the potential of 
M&S approaches was tempered by increasingly visible challenges. Differences in 
epistemological orientation, language, and incentives can hinder effective commu-
nication. When practitioners could not be directly involved, one proposed solution 
involved establishing “boundary spanners” or knowledge brokers who can translate 
between technical and policy communities (Bednarek et al., 2018). These roles are 
crucial for embedding models within decision-making processes rather than treating 
them as isolated analytical tools. 

Institutional Incentives and Barriers 

A recurring theme was the misalignment between timing, accountabilities, and 
incentives between academics and practitioners. Academic researchers often prior-
itize novelty and publication, while policymakers seek timely and interpretable 
insights. This tension can disincentivize modellers from engaging deeply with policy 
processes. 

Participants suggested institutional innovations such as dedicated translational 
research centres, joint appointments between universities and government agencies, 
and funding mechanisms that support long-term partnerships. These structures could
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bridge the gap between model development and policy implementation, enhancing 
the real-world utility of M&S. 

Additional barriers arise from administrative rigidity and fragmented knowledge 
practice. Even when models address urgent policy needs, uptake may be delayed 
by weak institutional embedding or resistance to iterative learning. A case presented 
during the workshop on transport modelling in Colombia illustrated this well: despite 
strong technical design, the model struggled to gain traction due to limited data and 
weak engagement from local authorities (Salazar-Serna et al., 2024). The experience 
underscored how failures in anticipation, narrow problem framing, institutional reluc-
tance, and lack of continuity, the four stages outlined in Johnston et al., (2011) frame-
work, can converge to obstruct the integration of evidence into practice (Johnston 
et al., 2011). 

Ethical and Epistemological Considerations 

Modelling for social good is not merely a technical endeavour—it is deeply political 
and ethical. The workshop encouraged critical reflection on whose perspectives are 
represented in models, what values they encode, and how their outputs influence 
decisions. 

Value-Laden Assumptions 

Every model entails simplifications and assumptions. Participants warned that these 
choices are not neutral; they reflect value judgments about what matters and what 
does not. For example, modelling housing policy based solely on economic efficiency 
may neglect concerns about displacement or cultural heritage (Saltelli et al., 2020). 
As such, transparency about model assumptions and limitations is paramount. 

One recommendation involved the use of model provenance documentation, 
detailing the development process, assumptions, and stakeholder inputs. Such prac-
tices enhance accountability and allow users to scrutinize the ethical dimensions of 
modelling choices. 

Power and Participation 

Equitable participation in the modelling process was another ethical imperative. 
Models developed without input from affected communities risk reinforcing existing 
power imbalances. Conversely, inclusive modelling practices can empower marginal-
ized voices and democratize policy analysis. The workshop featured several case 
studies where community-engaged modelling led to more nuanced and just policy
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recommendations. In one instance, indigenous communities co-developed a land-
use model that incorporated traditional ecological knowledge alongside scientific 
data (Gordon (Iñupiaq) et al., 2023). This approach not only improved model accu-
racy but also strengthened community agency in policy dialogues. In contexts where 
institutional data may be scarce or biased, participatory modelling offers pathways 
to refine simulations and co-create context-sensitive insights, making models more 
meaningful and trustworthy (Moallemi et al., 2021). 

Curiosity, Inclusion, and Empathy 

Participatory modelling does more than respond to predefined questions—they chal-
lenge the assumptions that shape how problems are framed. By inviting the formu-
lation of new questions, they redistribute agenda setting, enabling diverse actors 
to explore possibilities, visualize consequences, and surface alternatives excluded 
from traditional policy frames. The model thus becomes a shared space of inquiry. 
Agent-based modelling, as Johnston et al., (2007) observe, often leads to unintended 
discoveries—not only through (emerging) outputs but through the process itself— 
turning model design into an active site of knowledge production (Johnston et al., 
2007). 

Ensuring meaningful and low-barrier participation opportunities requires method-
ological choices that recognize multiple forms of knowledge and expression. This 
includes accessible language, visual tools, collaborative practices, and openness 
to non-technical and experiential insights. Participatory modelling is most effec-
tive when it engages diverse perspectives, fosters explicit knowledge exchange, 
and remains alert to institutional and power asymmetries (Hinrichs & Johnston, 
2020; Voinov et al., 2016). The idea of focus stacking,2 discussed during the work-
shop, supports the integration of multiple scales and viewpoints, reducing the risk of 
reductive models. 

Equally important is the modelling process’s capacity to foster trust and mutual 
recognition by enabling shifts in perspective. Participatory simulations, serious 
games, role-playing, and situated narratives—methods highlighted in the work-
shop—encourage participants to engage across differences and build relational 
understanding (Ahrweiler et al., 2025). This aligns with Krishnamurthy et al.’s (2013) 
notion of synthetic empathy: a designed capacity to recognize and legitimize others’ 
positions within complex systems. While disagreement remains, the process gener-
ates a shared vocabulary and emotional grounding through which tensions can be 
navigated more constructively (Krishnamurthy et al., 2013).

2 Focus stacking refers to building/examining the model through multiple levels of analysis (e.g., 
micro-level agent behaviours, meso-level interactions, macro-level system outcomes), often in a 
layered or sequential manner, to avoid missing dynamics that only appear at certain scales. 
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Policy Reflections on Participatory Modelling 
for Policymaking 

What the participants valued the most was the opportunity of sharing perspectives 
between scientists and policymakers, underlining the fact that these communities 
historically have worked separately. The invited practitioners brought expertise in 
areas such as border security, defence operations, and science and technology policy. 
Their contributions emphasized the importance of designing models that reflect real-
world complexity, use suitable levels of abstraction, and clearly communicate both 
insights and limitations. They also highlighted how interactive, engaging models 
can help users explore assumptions, understand outcomes, and provide feedback. 
Related to the policy demands arising from the workshop discussion, participants 
agreed that models need to be able to:

• support informed decision-making,
• prepare us/society for better future,
• simulate various scenarios evaluating the effectiveness of different policy inter-

ventions (especially to manage possible risks/threats),
• emphasize on ontology to better represent the real-world context of the model,
• reflect real world to see possible bias/ambiguities and handle/work with real-world 

data, while having the right level of abstraction,
• work with accurate data (data quality) as well as transparent, interpretable, and 

understandable (it is clear what the model shows and what it is not),
• visualize outcome, meaning (of the outcome), and usage of the model,
• be interactive to ensure inclusion/engagement with wider public (the public 

understands complex issues, and the policy people receive feedback from 
citizens),

• be interoperable. 

Future Directions and Recommendations 

Building on workshop discussions, several forward-looking recommendations 
emerged:

• Enhance Interdisciplinarity: Encourage curricula and research that bridge 
computational, social, and policy sciences.

• Invest in Participatory Modelling: Fund processes that meaningfully involve 
stakeholders, especially from underrepresented communities.

• Standardize Documentation and Transparency: Promote norms for ethical 
modelling, including reproducibility, model provenance, and open-source tools.

• Align Incentives: Reform academic and funding structures to reward translational 
impact and sustained policy engagement.

• Build Capacity: Support training programmes for both modellers and policy-
makers to better understand each other’s worlds.
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• Foster a Modelling Culture: Encourage institutional openness and long-term 
engagement with modelling as a tool for collective learning and informed 
decision-making. 

Conclusion 

The 2024 ANNSIM Workshop on Policy Modeling for Social Good, complementing 
the AI FORA US case study, illuminated the multifaceted role of modelling in shaping 
a more just and effective policy landscape. While technical sophistication is essen-
tial, the true power of M&S lies in its capacity to integrate diverse perspectives, fore-
ground ethical concerns, build trusting relationships, establish a common language, 
and support collaborative problem-solving. By advancing interdisciplinary method-
ologies, fostering institutional innovation, and committing to inclusive practice, the 
modelling community can play a critical role in advancing social good. 

This workshop marks a vital step towards institutionalizing modelling as a core 
component of realizing the potential evidence-based policymaking. Policy modelling 
represents an approach that moves beyond the outdated model of speaking truth to 
power by leveraging the trojan horse approach to include those with power directly 
into the processes of discovery. As global challenges become ever more intercon-
nected and urgent, the imperative for thoughtful, ethical, and participatory modelling 
has never been clearer. 
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Chapter 12 
Better AI for Public Good: Participatory 
Modelling and Simulation in Social 
Services 

Mahesh Sasikumar, Ashly Ann Jo, and Ebin Deni Raj 

Abstract Exploring the future of Artificial Intelligence (AI) in public social 
services, this chapter outlines a vision for “Better AI”—systems that go beyond tech-
nological performance to embody ethical integrity, transparency, equity, and human-
centred design. Drawing on the AI FORA initiative’s participatory modelling and 
simulation practices, this work emphasizes deep stakeholder involvement throughout 
the AI lifecycle. We argue that integrating technical insights with collaborative 
methodologies is essential for aligning AI development with the public good. This 
chapter contributes the following: (1) a conceptual framework for “Better AI” 
grounded in participatory principles, (2) technical strategies including Inverse Gener-
ative Social Science (IGSS) and simulation-based foresight, and (3) a discussion of 
challenges and future research directions for ethically robust AI in social services. 
These contributions are positioned to inform both policy and technical communities 
striving for responsible AI innovation. 

Introduction 

The integration of Artificial Intelligence (AI) into public social services offers trans-
formative potential—ranging from optimizing resource allocation and tailoring indi-
vidual support to enhancing the reach and efficiency of essential public programmes 
(Kalasampath et al., 2025). Yet, as these technologies advance and proliferate, they 
bring with them a host of societal risks, including fairness concerns, opacity in
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decision-making, accountability gaps, and the potential reinforcement of systemic 
inequities (Taylor et al., 2024). In sectors as sensitive and high-impact as public 
social services, the need for a more thoughtful and ethically grounded approach to 
AI is not merely aspirational—it is imperative. 

This chapter contributes to the Looking to the Future section by advancing a 
vision of “Better AI”: a form of AI development and deployment that goes beyond 
performance metrics to embed values such as human-centricity, transparency, equity, 
and adaptability. Drawing from the AI FORA initiative, we argue that participa-
tory modelling and simulation are essential methodological pillars for realizing 
this vision. Through continuous stakeholder engagement—including service users, 
social workers, policymakers, and community members—AI FORA emphasizes 
the co-creation of AI systems that are context-aware, ethically robust, and socially 
responsive. 

Our central argument is that achieving “Better AI” requires a shift in both mindset 
and methodology. Rather than treating ethical considerations as secondary, they must 
be built into the AI lifecycle from the outset. Participatory modelling and simulation 
offer a structured and iterative way to do so, enabling collaborative identification of 
biases, testing of interventions in simulated environments, and integration of diverse 
forms of knowledge—quantitative and qualitative alike. 

To guide this exploration, the chapter is structured as follows:

• Section 2 introduces the conceptual foundations of “Better AI” within the 
AI FORA framework, emphasizing principles such as co-design, transparency, 
fairness, and adaptability.

• We then present technical and methodological strategies, including agent-based 
and inverse generative modelling, simulation for ethical foresight, and hybrid 
approaches that combine stakeholder insight with data-driven techniques.

• Next, we discuss the practical challenges and opportunities of applying these 
strategies to public social services, illustrated through real-world examples.

• Section 5 concludes with reflections on the implications of “Better AI” for future 
research, policy, and system design. 

Ultimately, we aim to offer a forward-thinking yet grounded perspective—one that 
encourages a transition from AI systems that are merely intelligent to those that are 
also wise, just, and aligned with public interest. 

Discussion 

The journey towards “Better AI” in public social services demands a paradigm shift— 
from technology-centred development to a more holistic, ethically-grounded, and 
human-centred approach. AI FORA’s focus on participatory modelling and simula-
tion offers a structured methodology for navigating this multifaceted challenge. In 
this section, we articulate the foundational principles that define “Better AI” within
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the AI FORA framework and examine the technical and methodological strategies 
necessary to bring this vision to life. 

“Better AI” is not merely an academic concern but a practical imperative for public 
systems that impact vulnerable populations. Moving beyond abstract metrics of accu-
racy or efficiency, it calls for AI systems that are transparent, inclusive, adaptive, and 
accountable (Dignum, 2019). This includes the co-design of models with stake-
holders, proactive identification of ethical risks, and iterative refinement grounded 
in real-world feedback. 

The discussion proceeds as follows: we first unpack the conceptual foundations 
of “Better AI,” emphasizing its human-centric ethos. We then explore modelling and 
simulation strategies that support ethical foresight, equity assessments, and context-
sensitive decision-making. These approaches are further illustrated through examples 
from public welfare domains—including food security programmes like the Public 
Distribution System (Kumar et al., 2021)—where participatory AI can help reconcile 
complex trade-offs between efficiency and inclusion. 

Conceptual Foundations of “Better AI” in the AI FORA 
Context 

At its heart, “Better AI,” as promoted by AI FORA, is characterized by several 
interconnected principles: 

Human-Centricity and Co-design: AI systems must be designed with and for 
the people they are intended to serve. Participatory modelling, a cornerstone of 
AI FORA, ensures that diverse voices—including service users, social workers, 
policymakers, and community representatives—are integral to the design, devel-
opment, and validation process (Kalasampath et al., 2025). This mitigates the risk 
of developing solutions that are technically sound but practically unworkable or 
misaligned with user needs and values. However, co-design also presents chal-
lenges: when stakeholders have conflicting priorities—for example, policymakers 
prioritizing efficiency while community members emphasize inclusivity—facil-
itators must mediate trade-offs transparently and ensure that consensus does not 
dilute critical ethical safeguards (Mittelstadt et al., 2016). 
Transparency and Explainability (XAI): For AI to be trusted, especially in 
high stakes public service decisions (e.g., benefit eligibility, risk assessment), its 
reasoning processes must be understandable to the extent possible. AI FORA 
advocates for the development and integration of XAI techniques tailored to 
different stakeholder groups, moving beyond “black box” models (Al-Muwawi 
et al., 2023). Simulation can play a role here by allowing users to explore how 
different inputs affect AI outputs, fostering understanding. The evaluation of XAI 
methods is crucial to ensure their effectiveness and trustworthiness. This involves 
assessing various conceptual properties such as compactness, correctness, fidelity, 
robustness, and comprehensibility (Mishra et al., 2024). Evaluation can be done
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through formal methods (algorithmic metrics) or empirical approaches (user-
centred studies) (Poursabzi-Sangdeh et al., 2024). Key evaluation metrics for 
XAI also include the degree of interpretability, the quality of explanations, and 
their impact on user understanding and trust [6, 4]. These evaluations are partic-
ularly important in sensitive domains like cybersecurity, where XAI explains 
firewall systems’ decisions (Al-Muwawi et al., 2023). However, a persistent chal-
lenge in XAI is the trade-off between accuracy and explainability: highly accu-
rate models such as deep neural networks often sacrifice interpretability, while 
simpler, more interpretable models may offer reduced predictive performance. 
Navigating this trade-off requires careful contextual judgement about when and 
where transparency should take precedence. 
Fairness, Accountability, and Ethical Robustness: “Better AI” must actively 
promote fairness and equity, guarding against the perpetuation or amplification 
of existing societal biases (Veale et al., 2018). The AI FORA approach involves 
using simulation to proactively assess potential fairness implications of AI models 
under various scenarios and demographic assumptions (Binns, 2018; Peters & 
Carman, 2024). It also stresses the importance of clear accountability frameworks, 
defining who is responsible when AI systems lead to adverse outcomes. Real-
world scenarios can pose intricate accountability challenges—particularly when 
AI tools are deployed across multiple agencies (Anderson & Anderson, 2015). For 
example, in welfare fraud detection systems jointly managed by social security and 
law enforcement departments, it can be unclear whether responsibility lies with the 
algorithm developers, the implementing agency, or the officials making decisions 
based on AI recommendations (Eubanks et al., 2018). Such cases highlight the 
need for predefined accountability protocols, transparent documentation, and legal 
safeguards to ensure recourse for affected individuals (Whittlestone et al., 2019). 
Adaptive and Iterative Development: Public social services operate in dynamic 
and evolving contexts. “Better AI” systems must therefore be designed not as fixed 
solutions but as adaptable frameworks, capable of continuous monitoring, evalua-
tion, and improvement. This requires embedding structured feedback mechanisms 
into the AI lifecycle—where participatory inputs from stakeholders are regu-
larly incorporated through iterative modelling, scenario testing, and simulation-
based refinement. Such adaptability ensures that AI systems remain responsive 
to real-world changes, evolving needs, and emerging ethical considerations.

Technical Reflections: Modelling and Simulation Strategies 

Realizing the principles outlined above requires specific technical and methodolog-
ical commitments. AI FORA’s approach offers concrete strategies.



12 Better AI for Public Good: Participatory Modelling and Simulation … 141

Stakeholder

Engagement

Data Collection

(Quantitative

)Qualitative+ 

Participatory

Modelling

ABM+IGSS )(

Simulation-

Based Foresight 

Explainable

AI Layer

(XAI Techniques) 

Ethical Evalu-

ation Metrics

(Fairness,

Transparency) 

Policy Feedback

&Adaptation 

Fig. 12.1 Better AI system architecture for public services

Advanced Participatory Modelling Techniques 

Conventional AI development frequently takes place in isolated technical environ-
ments, with minimal input from the communities the systems are meant to serve. AI 
FORA champions techniques such as agent-based modelling (ABM) combined with 
group model building sessions. These approaches enable stakeholders to collabora-
tively construct models of the social service system, embedding their tacit knowledge 
and diverse perspectives into the simulation framework. A powerful extension of 
this is Inverse Generative Social Science (IGSS). While traditional generative social 
science designs agents to produce macroscopic target patterns (the “forward prob-
lem”) (Epstein, 2006), IGSS reverses this logic by starting with observed societal 
outcomes and evolving micro-level agent rules that could plausibly generate them 
(Epstein, 2023). Instead of manually designing agent behaviours, IGSS searches 
for families of agents that emerge through evolutionary processes. These agents are 
derived from basic building blocks of behaviour and interaction rules (Epstein, 2023).

This “backward problem” can be tackled using techniques from evolutionary 
computing—specifically, multi-objective genetic programming (MOGP) (Vu et al., 
2019). MOGP is a method that evolves a population of candidate solutions (in 
this case, agent behaviour rules) over many generations. Each candidate is evalu-
ated based on multiple objectives—such as how well it reproduces observed data 
patterns, minimizes bias, or aligns with policy goals. Unlike single-objective opti-
mization, MOGP maintains a balance between competing priorities (e.g., accuracy 
versus interpretability) and seeks a diverse set of solutions along what is known as 
a Pareto front. In the IGSS context, this enables the discovery of multiple plausible
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Table 12.1 Contrasting inverse generative social science (IGSS) and Traditional agent-based 
modelling (ABM) 

Traditional ABM (Forward modelling) Inverse generative social science 
(IGSS) 

Begins with predefined agent rules to simulate 
social outcomes 

Starts with real-world social outcomes and 
infers possible agent rules 

Agent behaviours are manually coded by 
researchers 

Agent behaviours evolve using algorithmic 
search (e.g., genetic programming) 

Focuses on verifying hypotheses or theories Aims to discover plausible micro-level 
mechanisms behind observed phenomena 

Useful for scenario analysis and validation of 
known patterns 

Useful for uncovering unknown causal 
structures and testing counterfactuals

behavioural strategies that could generate the same observed social patterns, offering 
rich insight into policy implications and alternative futures. 

A practical example of this can be found in UK public health research, where 
IGSS was used to reverse-engineer individual drinking behaviours from population-
level alcohol consumption trends. The resulting models were then used to simulate the 
potential effects of alternative alcohol pricing policies (Vu et al., 2019). This approach 
provides a novel and participatory way to understand complex social dynamics and 
co-design AI systems that aim to achieve specific public policy goals. 

Technical Implementation Details of IGSS and XAI 

Inverse Generative Social Science (IGSS) 

The implementation of IGSS in our framework utilizes MOGP to reverse-engineer 
plausible agent behaviours from aggregate social outcomes. Specifically, we adopt 
the DEAP (Distributed Evolutionary Algorithms in Python) library to evolve agent 
rules using a population-based approach. 

Each agent’s decision policy is encoded as a tree-based expression of primitive 
functions (e.g., decision thresholds, weighted scoring rules) and terminal variables 
(e.g., household income, caregiving load). The MOGP algorithm simultaneously 
optimizes across three primary objectives:

• Behavioural Fidelity: How closely the macro-outcomes generated by the agent 
population match real-world data.

• Ethical Alignment: Reduction in bias across sensitive attributes (e.g., gender, 
caste).

• Model Parsimony: Simpler agent rules are preferred to enhance interpretability 
and reduce overfitting.
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We run simulations for 100–200 generations with a population size of 500–1000, 
employing tournament selection, subtree crossover, and mutation. The evolved Pareto 
front yields diverse agent rule sets that are then tested in domain-specific scenarios, 
such as welfare eligibility refinement in urban India. 

Explainable AI (XAI) 

To support transparency and user trust, we integrate post-hoc explainability methods 
tailored for both technical auditors and non-technical users (Ghosh et al., 2025). Two 
primary techniques are employed:

• SHAP (SHapley Additive exPlanations): Used to quantify the marginal contri-
bution of each input feature to a model’s prediction. In our simulation case 
studies, SHAP was applied to logistic regression and tree-based eligibility models, 
highlighting which sociodemographic attributes most influence decisions.

• Counterfactual Explanations: These are scenario-based explanations that 
answer “what-if” questions, such as: “Had the applicant reported fewer depen-
dents, would they have qualified for benefits?” This form of explanation is intu-
itive for end-users and aligns with the right to explanation principles in GDPR 
and India’s DPDP Act. 

To evaluate these XAI methods (Coroama & Groza, 2022a, 2022b; Nauta et al., 
2023), we apply both formal and human-centred metrics:

• Compactness and Fidelity: Quantitative checks ensure the explanation aligns 
with model behaviour.

• Comprehensibility and Trust: We conducted pilot usability sessions (n = 24) to 
measure perceived clarity (on a 5-point Likert scale) and changes in trust scores 
( U =  +0.27) after exposure to e xplanations.

This dual-layer XAI design—combining statistical interpretability with participa-
tory usability testing—ensures that explainability is not only theoretically sound but 
practically meaningful across diverse stakeholder groups. 

Challenges and Opportunities for “Better AI” in Public 
Services 

The path to “Better AI” is not without its hurdles. Challenges include:

• Data Governance and Privacy: Public service data is highly sensitive. Robust 
data governance frameworks and privacy-preserving techniques (e.g., federated 
learning, differential privacy) are essential (Inampudi & Gaurav, 2024; Kathuria, 
2021). Beyond technical solutions, there is also a pressing need to ensure these 
measures are transparent and comprehensible to both policymakers and the 
communities affected, reinforcing informed consent and trust.
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• Scalability and Generalizability: Participatory approaches, such as stake-
holder consultations or simulation-based co-design, can be time and resource-
intensive. Scaling these methods without diluting stakeholder input or compro-
mising contextual accuracy remains a major research challenge. For instance, in 
IGSS, generating diverse agent behaviours through evolutionary algorithms is 
computationally demanding and often specific to local data contexts.

• Building Trust and Digital Literacy: Effective participation depends not only 
on inclusion but also on understanding. Disparities in digital literacy among citi-
zens and frontline workers may limit engagement with AI systems. Equipping 
users with the skills to interpret, question, and influence AI processes is crucial, 
especially where explainability and algorithmic transparency are vital.

• Institutional Inertia: Public sector institutions often operate under rigid legacy 
systems and established workflows that may resist paradigm shifts introduced by 
participatory AI models. Overcoming this requires capacity-building, cross-sector 
collaboration, and adaptive policy frameworks to encourage experimentation and 
responsible innovation. 

The development of “Better AI” systems in the public domain is increasingly influ-
enced by evolving legal and regulatory mandates. Frameworks such as the General 
Data Protection Regulation (GDPR) in the European Union and India’s Digital 
Personal Data Protection (DPDP) Act establish critical guardrails for responsible 
AI usage. 

GDPR mandates principles like data minimization, purpose limitation, and 
explicit consent, all of which align closely with the participatory ethos of AI FORA. 
Moreover, GDPR’s provision for the “right to explanation” underscores the necessity 
for transparent and interpretable AI systems—key priorities in explainable AI (XAI). 

India’s DPDP Act introduces user consent norms, data fiduciary responsibilities, 
and cross-border data flow regulations (Inampudi & Gaurav, 2024). For participa-
tory AI systems, this necessitates rigorous consent mechanisms, transparent docu-
mentation, and auditable decision trails, particularly when integrating qualitative 
community data (Chakrabarti et al., 2021; Bansal & Choudhary, 2024). 

These regulatory frameworks are not merely compliance hurdles; they offer 
valuable scaffolding to embed ethical principles into system architecture from the 
ground up. Proactively engaging with these laws enhances both the credibility and 
sustainability of AI systems designed for public good. 

Despite these challenges, the opportunities are immense. “Better AI,” developed 
through the AI FORA lens, can lead to public social services that are more respon-
sive, equitable, and ultimately, more humane. The iterative nature of participatory 
modelling and simulation allows for learning and adaptation, fostering a culture of 
continuous improvement. 

A vivid illustration comes from a simulation-based redesign of social welfare 
targeting in Indian urban slums. Initial models focused narrowly on income thresh-
olds. However, qualitative fieldwork revealed that caregiving burdens (e.g., elder 
care) were a better predictor of household vulnerability. By integrating these lived
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Table 12.2 Key Tenets of “Better AI” vs. Conventional AI Development 

Dimension Conventional AI Development “Better AI” (AI FORA 
Approach) 

Primary goal Performance, efficiency Holistic Well-being, equity, 
Trust 

Design process Technology-driven, expert led Human-centric, co-designed with stakeholders 

Transparency Often “black box” Explainable, interpretable 

Ethics Reactive, add-on Proactive, integrated by design 

Evaluation Technical metrics Socio-technical impact, ethical audit 

Adaptation Periodic updates Continuous,iterativevia Participation 

insights into simulation models, eligibility algorithms were reweighted, improving 
aid distribution equity and service impact. 

Another example is drawn from public health planning in the UK. Here, Inverse 
Generative Social Science was used to derive behavioural rules underlying alcohol 
consumption trends. This enabled policymakers to test alternative tax policies within 
a simulated environment, helping identify strategies that could shift social norms 
without disproportionately impacting vulnerable populations. 

Conclusion 

The development and deployment of Artificial Intelligence in public social services 
stand at a critical juncture. While the potential benefits are substantial, so too are 
the risks if AI is not guided by strong ethical principles and a deep understanding 
of its societal context. This chapter has argued for a vision of “Better AI,” one that 
is actively shaped by participatory modelling and simulation as advocated by the AI 
FORA initiative. 

Our technical reflections highlight that “Better AI” is not a futuristic ideal but an 
achievable goal, contingent upon a committed shift towards human-centricity, trans-
parency, fairness, and adaptability. The AI FORA concepts provide a robust method-
ological toolkit—from co-design workshops and agent-based simulations to ethical 
foresight exercises—for building AI systems that are truly aligned with public values 
and the complex realities of social service delivery. The integration of advanced tech-
niques like Inverse Generative Social Science further enriches this toolkit by allowing 
for the discovery of foundational mechanisms driving social patterns, offering a 
unique avenue for understanding and shaping AI’s impact. Furthermore, rigorous 
evaluation of explainable AI methods is paramount to ensure that AI systems are 
not only interpretable but also truly beneficial and trustworthy for all stakeholders 
involved. 

The journey requires moving beyond purely technical optimization to embrace 
a sociotechnical perspective, where AI systems are seen as integral components of
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larger human and organizational systems. This involves fostering ongoing dialogue 
between technologists, policymakers, service providers, and the communities they 
serve. The emphasis on iterative development and continuous learning, inherent in 
the participatory modelling cycle, is crucial for navigating the evolving landscape of 
AI and its societal implications. 

Challenges related to data governance, scalability of participatory methods, and 
institutional adoption remain. However, the potential to create AI-enhanced public 
social services that are more equitable, effective, and empowering offers a compelling 
motivation to address these hurdles collaboratively. 

Ultimately, the pursuit of “Better AI” is an investment in a more just and supportive 
society. By embedding participatory principles and rigorous simulation into the core 
of AI development, as championed by AI FORA, we can harness the power of AI to 
genuinely improve public social services and enhance the well-being of all citizens. 
The work ahead is significant, but the path outlined offers a promising direction for 
looking to the future of AI with both ambition and responsibility. 
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Chapter 13 
How Participatory Modeling Can Enable 
Collective Bias Mitigation when AI Is 
Used across Systems and Institutions 

Erik W. Johnston and Reeham R. Mohammed 

Abstract The rapid adoption of AI in governmental contexts is outpacing concurrent 
research efforts to promote responsible innovation. In the context of public institu-
tions, the application of AI technologies has been framed as a potential means to 
minimize systemic bias and enhance the effectiveness of public service delivery 
(Mikhaylov et al., 2018). Despite extensive equity-focused research, real-world 
deployments still fall short of best-practice models, widening the theory–practice 
gap (Yigitcanlar et al., 2024). In research triangulated between empirical research of 
participatory modeling of systems of care in Peoria, Illinois, analyses of 311 non-
emergency systems in Boston, and stakeholder interviews in institutions of public 
higher education, participatory methods revealed the complex interdependencies 
of civic infrastructures, the pathways through which bias is introduced and propa-
gated, and the promise of biomimetic design principles—particularly those inspired 
by immunological analogies—to inform anticipatory, adaptive, and preventative 
interventions.
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An Accelerating Divide: Practice Outpacing Theory 
in Public AI Systems 

While academic and industry research continues to generate insights into responsible 
AI development, the adoption and integration of these principles into public systems 
have lagged significantly (Davies et al. 2025). This growing divide reflects the struc-
tural challenges inherent in the public sector: under-resourced agencies, fragmented 
accountability, and a complex interplay of competing interests. 

In a US context, the pace at which this divide is accelerating is a concern. Public 
higher education institutions, for example, where the widening chasm between AI’s 
rapid development and the deliberate pace of university governance exposes a crit-
ical fault line with real consequences for teaching methods, stakeholder confidence, 
and institutional identity. Academic institutions—bound by shared governance struc-
tures, lengthy committee reviews, and legal or accreditation requirements—lack the 
flexibility and responsiveness of private-sector feedback loops, where new models 
can be iterated, tested, and deployed within days. Layered atop these procedural 
hurdles are political oversight, public accountability mandates, and liability concerns, 
each of which can stall even the most well-intentioned application and deepen the 
misalignment between technological innovation and institutional governance. To 
overcome this inertia, leaders across civic sectors must reimagine AI deployments 
not as a fixed blueprint but as a dynamic, communicative practice that evolves. 

Challenges of Studying Complex Civic Infrastructures 

Traditional scientific methods thrive under controlled conditions, but studying AI 
in the wild requires a different epistemology—one rooted in messiness, negotia-
tion, and improvisation. Public institutions are not laboratories; they are contested 
arenas where power, accountability, and risk intersect. Developing rigorous, action-
able knowledge in this context requires researchers to navigate these tensions with 
humility and flexibility (Hinrichs and Johnston 2020). 

During the research studies we conducted, one of the biggest challenges we 
encountered was the fragility of relationships with gatekeepers. High turnover among 
public officials, burnout among social workers, and shifting political winds can all 
undermine long-term research initiatives (Davies et al. 2025). Without stable partner-
ships, even the most well-designed interventions risk being abandoned or misapplied, 
all while the use of AI continues to advance. 

Another challenge, as revealed in our research on 311 non-emergency platforms, 
is a persistent gap between the intended design of civic infrastructure and real-world 
use. Low-income, ethnically diverse communities often avoid using 311 due to the 
lack of trust in government, data costs, and language barriers, even when the system 
could address their needs (Pak et al. 2017), while some government staff submit 
reports on residents’ behalf although the system was designed for citizen use (Lee
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et al. 2020, 2021). Variations in reporting behavior by location and uneven service 
delivery across neighborhoods reveal a new form of digital divide and contribute to 
the emergence of information deserts (Hsu et al. 2022; Lee et al. 2020). Without 
anticipating these diverse behaviors and power dynamics, civic infrastructures may 
deepen existing inequalities. 

Moreover, AI systems in public institutions are often layered atop legacy processes 
that were never designed with algorithmic governance in mind. This leads to situa-
tions where digital systems and analog bureaucracies clash, generating unintended 
consequences that are difficult to anticipate or reverse (Valle-Cruz et al. 2024). 
Understanding these hybrid systems demands a deep ethnographic sensitivity to how 
technology is interpreted, resisted, or subverted by frontline workers and citizens 
alike. 

Compounding these relational and procedural challenges is a striking gap in 
evidence-based policy development. After untangling AI’s clash with legacy bureau-
cracies, we found that many governance decisions still rest on assumptions rather 
than hard data about how these systems actually perform in context. This dearth of 
rigorous, context-sensitive research has produced a patchwork of regulations—often 
inconsistent or overly cautious—that leaves institutions without the nuanced strate-
gies they need. Moving forward, it’s essential to pair deep ethnographic insights 
with robust empirical studies so that stakeholders can design frameworks that both 
mitigate risks and foster innovation and equitable outcomes. 

Systemic Bias as a Contagion 

Bias in AI systems has been well-documented, ranging from systemic concerns with 
training data, facial recognition failures, to disparities in criminal justice risk assess-
ments. Algorithmic bias manifests as systematic, unfair distortions in AI outputs— 
rooted in biased training data, flawed model designs, or the misalignment of societal 
values and algorithmic frameworks (Baker and Hawn 2022; Roselli et al. 2019). 
These distortions extend beyond technical glitches to reflect and reinforce historical 
inequalities, particularly concerning race, gender, misidentification, discrimination, 
and microaggressions. 

In educational settings, for example, AI tools have been shown to reproduce prej-
udices in their datasets, resulting in unintended disadvantages for specific groups— 
such as racial minorities and women (Cachero et al. 2025;  Li  et  a  l. 2023). From our 
research, we know that in some instances, AI systems used skewed lexical choices in 
language outputs. Additionally, AI’s attempts at political correctness appear to erase 
the specificity of racial identity, such as avoiding the word “black” experiences and 
instead using “marginalized”—whereas in other instances, the persistent use of male 
pronouns in AI-generated responses reinforces sexist norms. Our research suggests 
that bias functions less like an isolated error and more like a systemic contagion. 
Once introduced into any part of a system, bias spreads and mutates, contaminating 
adjacent processes, datasets, and decision points. This phenomenon is similar to the
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dynamics of infectious diseases, wherein localized infections can become systemic 
unless identified and treated. 

When the challenge of mitigating bias was viewed through a biomimetic lens, 
a potential response was also revealed for understanding and mitigating this threat. 
Drawing lessons from biology, particularly the immune system, we consider how 
civic infrastructures might develop an internal capacity for detecting, containing, 
and neutralizing bias. This perspective reframes bias not simply as a design flaw to 
be corrected post hoc but as a persistent and evolving threat that demands ongoing 
vigilance and collective, adaptive responses. 

The capacity to recognize these biases often depends on the user’s positionality— 
those from marginalized communities are more likely to perceive subtle stereotypes 
or exclusions that members of dominant groups may overlook (Li et al. 2024). Diverse 
eyes identified diverse threats: just as immune cells patrol the entire body, a network 
of alert, diverse stakeholders serve as frontline sentinels in our civic infrastructure. 
Empowered actors can continuously scan AI outputs for anomalous patterns, exclu-
sionary language, or skewed decision rules, flagging each as an “antigen” that must be 
contained. Once a threat is detected, targeted “neutralizing agents” in the form of bias 
audits, corrective algorithmic updates, or inclusive data-augmentation protocols are 
deployed to quarantine and eradicate the contamination. Crucially, the system should 
then “remember” the encounter by updating training datasets, governance policies, 
and monitoring algorithms—accelerating its response to recurring or novel bias muta-
tions. Enhancing automated detection tools with human judgment and community 
feedback loops allows this biomimetic framework to transform civic infrastructures 
into resilient, self-healing ecosystems—capable of preempting bias outbreaks and 
safeguarding equitable, transparent decision-making. 

The Role of Participatory Modeling as an Immune Response 

To test the feasibility of such an approach, we employed participatory modeling in 
the context of an AI-based system of care in Peoria, Illinois. This method brought 
together a diverse group of stakeholders, including system designers, implementers, 
frontline employees, community members, and researchers to collaboratively map 
out how the AI system functioned in practice. The objective was not only to identify 
points of failure or bias but also to generate a shared understanding of the system’s 
goals, constraints, and interdependencies. 

Three main threats emerged: first, non-technical barriers—transportation, docu-
mentation requirements, and internet access—kept certain people from using the 
service regardless of algorithm quality. Second, a lack of representation, or social 
mirroring, between system designers and intended users made the technology feel 
imposed, echoing our 311 non-emergency system findings where civic tools best 
served demographics most similar to their creators. Notably, this same remark was 
found in our research on AI in higher education where stakeholders noted that the 
content generated with AI tended to reflect the creators from Silicon Valley. Third,
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systemic research in public service environments proved exceptionally difficult. 
These systems exist within vast, overlapping networks of agencies, regulations, and 
actors, all of whom possess distinct—and often conflicting—accountabilities, goals, 
and incentives. Compounding this complexity is the issue of trust: gaining access 
to operational data and candid insights requires relationships with key stakeholders, 
many of whom are overburdened, transient, or both. 

By inviting stakeholders to engage at any point—from problem framing through 
deployment—participatory modeling creates a formal and informal “permission 
structure” that empowers communities to shape AI throughout its lifecycle. This 
intervention not only surfaces potential failures and biases early on but transforms 
participants’ relationships with the system, moving them from passive recipients to 
active co-designers and stewards of the system. 

Governments should embed participatory governance at the heart of AI policy. 
Mechanisms like citizen assemblies, community advisory boards, and iterative public 
consultations ensure system design aligns with real-world experiences. Funding 
models must likewise reward and support sustained partnerships between agen-
cies, researchers, and communities—moving beyond one-off pilots toward durable, 
mutually accountable relationships. 

Finally, education and training need to bridge the gap between code and context. 
Public servants require not only digital fluency but robust ethical frameworks to guide 
algorithmic choices. Data scientists and engineers, in turn, should be equipped to 
recognize and navigate the socio-political landscapes their work inhabits—ensuring 
that technical expertise goes hand-in-hand with a commitment to equity. Investments 
in these capacities should be viewed as essential, not optional. 

Toward a Duty of Care in AI Governance 

A natural conclusion to these findings is the articulation of a “duty of care” framework 
for AI systems in the public sector. This concept borrows from medical and legal 
domains, where professionals are held to ethical standards that prioritize the well-
being of those they serve. In the context of AI, a duty of care implies that every actor 
within the system—developers, policymakers, administrators, and users—shares a 
collective responsibility for maintaining its integrity. 

Operationalizing this principle requires more than moral exhortation. It demands 
institutional mechanisms that embed care into every phase of the AI lifecycle: from 
procurement and design to deployment and evaluation. Participatory modeling offers 
a practical avenue for this, enabling stakeholders to surface and resolve ethical 
dilemmas before they become embedded in code. Legal instruments, such as algo-
rithmic impact assessments and professional standards for AI practitioners, can 
further institutionalize this ethos. 

Crucially, a duty of care must extend to ongoing maintenance and adaptation. 
Just as biological immune systems learn and evolve in response to new threats, civic 
AI systems must be capable of self-reflection and course correction. This requires



154 E. W. Johnston and R. R. Mohammed

not only technical infrastructure for monitoring and feedback but also organizational 
cultures that value transparency, accountability, and inclusion. 

Like in matters of health, bias is not a problem to be solved once, but a condition 
to be managed continuously. Public institutions must evolve new capabilities, both 
cultural, technical, and ethical, to navigate this terrain. By embracing participatory 
modeling, fostering a proactive duty to care, and drawing on the adaptive strategies 
of biological systems, we can begin to close the gap between the practice of AI and 
our understanding of responsible innovation. 

In the end, the promise of AI in the public sector is not merely about faster 
processing or more accurate predictions. It is about building systems that reflect and 
reinforce our highest values, including equity, inclusion, and mutual care. To achieve 
this, we must be willing to engage with the full complexity of the systems we seek to 
transform—not with pessimism, but with a disciplined and constructive optimism. 
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Chapter 14 
Transferring the AI FORA Approach 
to another Domain: Participatory AI 
for Climate 

Petra Ahrweiler and Blanca Luque Capellas 

Abstract This chapter investigates the transferability of the AI FORA approach— 
an integrative methodology combining participatory design, sociological analysis, 
serious games, and agent-based simulation—into the domain of climate crisis 
response. Originally developed to examine the use of artificial intelligence (AI) in 
assessing eligibility for public social services, the AI FORA approach addresses core 
sociotechnical challenges such as algorithmic fairness, cultural perceptions of equity, 
and participatory system design. In its initial application, the methodology responded 
to the reproduction of bias in machine learning systems trained on historical data, 
advocating for societal negotiation of fairness and inclusiveness in technology devel-
opment. The transfer of this framework into the context of natural disaster response 
is motivated by the growing role of AI in forecasting extreme weather events, 
coordinating disaster management, and informing public policy under ecological 
stress. However, a persistent gap remains between technological capability and soci-
etal uptake, partly due to the insufficient responsiveness of AI systems to ethical, 
cultural, and community-specific needs. To explore this transfer, the chapter employs 
a comparative matrix that structures analysis across domains using shared categories 
related to fairness, system design, stakeholder roles, and expected futures. In the 
new domain, the AI FORA methodology is adapted to support the conceptualisa-
tion of participatory AI systems aimed at climate resilience. The process involves 
designing serious games that enable stakeholders to engage with complex dilemmas, 
followed by simulation modelling that encodes stakeholder decisions and explores 
emergent consequences through iterative feedback loops. These simulations serve 
as second-order constructions of social decision-making processes, enabling partic-
ipants to observe and refine the outcomes of their own design choices. The chapter 
demonstrates that the AI FORA approach facilitates the development of more inclu-
sive and context-aware AI systems, even when applied in distinct societal domains.
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It concludes that transferring sociologically grounded participatory methods into 
climate-oriented AI innovation offers a promising pathway to ethical and responsive 
technological futures. 

Introduction 

In recent years, Artificial Intelligence (AI) has become increasingly embedded in 
public domains, from healthcare and education to welfare and crisis management. 
As these technologies take on decision-making and predictive roles in areas of 
profound societal impact, concerns around fairness, accountability, and social legiti-
macy have become central. Public controversies over biased algorithms, opaque deci-
sion processes, and exclusionary system designs have underscored the limitations of 
conventional AI development paradigms that prioritise technical performance over 
sociocultural responsiveness (Diakopoulos 2016, Eubanks 2018). 

These challenges are especially acute in high-stakes, complex contexts such as 
climate crisis response. As AI is deployed to forecast extreme weather events, coordi-
nate emergency responses, and inform long-term climate policy (Vinuesa et al. 2020), 
its societal embeddedness becomes a critical factor in its effectiveness (O’Connor 
et al. 2024). 

Yet, current approaches often fall short in engaging affected communities, 
reflecting local values, or addressing ethical tensions inherent in crisis governance 
(United Nations Climate Change, Technology Executive Committee 2025). The 
result is a persistent gap between technological capability and meaningful societal 
uptake. 

This chapter explores how the AI FORA methodology—a sociotechnical frame-
work originally developed to examine AI use in public social services—can be trans-
ferred to the climate domain. AI FORA combines participatory design, sociological 
analysis, serious games, and agent-based simulation to surface and negotiate issues of 
fairness, inclusion, and system design. Its initial application addressed the reproduc-
tion of bias in welfare eligibility algorithms, enabling stakeholders to co-construct 
more equitable technology through iterative engagement. By adapting AI FORA 
to the domain of climate resilience, the chapter investigates how participatory and 
reflexive methods can support the development of AI systems that are both techni-
cally robust and socially legitimate. A comparative analytical matrix is employed 
to structure the transfer, focusing on shared concerns across domains—such as 
fairness, stakeholder roles, research design, and futures thinking. The approach 
is operationalised through a participatory process that includes serious games to 
elicit stakeholder perspectives, followed by agent-based simulations that model the 
consequences of those design choices. 

The remainder of this chapter is organised as follows. Section 2 reviews current 
shortcomings in the use of AI for climate and disaster management, highlighting the 
gap between technological capability and societal uptake. Section 3 introduces the 
methodological framework for transferring the AI FORA approach to the climate
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domain, outlining the comparative analytical matrix used for adaptation. Section 4 
illustrates the transfer process through an empirical case study on smart metres for 
water management during droughts in Catalonia. Section 5 discusses the insights 
gained from this domain transfer, reflecting on the method’s strengths, limitations, 
and wider applicability. Section 6 concludes by summarising key findings and 
identifying future research and policy directions. 

Shortcomings of AI Use in Climate and Disaster 
Management 

Artificial Intelligence is emerging as a powerful tool in addressing ecological 
crises. For example, AI-driven solutions are already enhancing resilience in disaster 
management such as floodings (Cowls et al. 2023; Microsoft in association with 
PWC 2018; Vinuesa et al. 2020). Applications range from extreme weather fore-
casting and flood prediction to sensor-based water management and real-time crisis 
response systems (Abid et al. 2021; Arfan et al. 2019;  Ogie  et  a  l. 2018; Saleem and 
Mehrotra 2022; Schofield 2022; Tan et al. 2021). AI-driven deep learning models 
are improving predictive accuracy in weather forecasting, while data fusion tech-
niques integrate satellite imagery, IoT (Internet of Things) sensors, and climate data 
for better decision-making. AI-powered edge-computing sensors enable real-time 
environmental monitoring, and automated decision-support systems are optimising 
water management strategies during floods. 

Despite such advancements as illustrated for water management, the full potential 
of AI in ecological crisis management remains underutilised. A major obstacle is the 
disconnect between AI development and societal needs. Many AI-driven climate 
solutions are designed in expert silos, without adequate input from the communities 
most affected by climate change. 

As Cowls et al. emphasise: “leveraging the opportunities offered by AI for global 
climate change is both feasible and desirable, but it involves a sacrifice (ethical risks 
and potentially an increased carbon footprint) in view of a very significant gain (a 
more effective response to climate change). It is, in other words, a gambit, which 
requires responsive and effective governance to become a winning strategy” (Cowls 
et al. 2023: 284). The deployment of AI in climate and disaster governance reveals 
structural tensions between technical rationality and social legitimacy. 

One recurring issue is the technocratic orientation of many AI-based climate 
tools. Designed primarily by scientific and engineering experts, these systems often 
privilege metrics like risk probability, cost-efficiency, or damage reduction—while 
sidelining the social, ethical, and emotional dimensions of how communities expe-
rience and interpret environmental threats. This “model-first” approach of much 
climate AI tends to abstract away from local knowledge systems, cultural world-
views, and community priorities. Public trust in these systems remains limited, in part
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because affected populations are rarely involved in shaping their assumptions, objec-
tives, or operational parameters. Instead, communities are positioned as recipients 
of predictive outputs and behavioural recommendations, rather than as co-producers 
of resilience strategies (Mabon et al. 2022). This reinforces a top-down logic that 
mirrors longstanding criticisms of climate policy-making more broadly. 

Currently, Participatory AI is not widely used in developing flood warning 
systems, disaster prevention apps, or sensor technologies for water management. 
Although some initiatives involve AI in participatory modelling for water manage-
ment, participatory AI for climate crisis response remains an emerging field, with only 
initial work currently identifiable (Gavorník et al. 2024; Khadim et al. 2023), with a 
few promising projects underway (e.g., PREVENIR https://sites.google.com/view/ 
prevenir-en/home; accessed 01.04.2025). However, vulnerable communities remain 
largely overlooked in these innovations. Their inclusion is essential to ensure that AI 
systems are grounded in social need and gain broader acceptance. Vulnerable popu-
lations may include the elderly (Bischof and Jarke 2021) or marginalised indigenous 
communities (Lewis et al. 2012). Preliminary findings (Deni Raj 2024) highlight 
both ethical concerns and opportunities for Participatory AI in water management. 
In forecasting extreme weather and flood prediction, community-centred approaches 
are needed. This includes tailoring AI outputs to local contexts, using accessible 
language, and ensuring equitable tool deployment. In sensor networks and auto-
mated decision systems, stakeholder involvement can enhance local relevance, tech-
nological acceptance, and transparency. River basin management calls for fairness 
algorithms and participatory modelling to integrate local values. In leakage detection 
and smart metering, transparent interfaces and ethical billing practices are essential 
for consumer trust (Gavorník et al. 2024). It is not enough for technology to predict 
extreme weather—it must also assess community vulnerability and bridge the digital 
divide in hazard control systems. Researchers and designers increasingly recognise 
the importance of engaging vulnerable groups in this domain (Buchert et al. 2022; 
Caforio et al. 2021; Fazelpour and Danks 2021; Pérez-Escolar and Canet 2022). 
Ahrweiler (2025) proposes a multi-layered participatory AI approach, incorporating 
stakeholder engagement across the methodological, institutional, and cultural levels. 
Of particular importance is the integration of cultural belief systems into AI design: 
value systems, rituals, and shared meanings that shape how communities understand 
environmental risk and agency. Without attention to these cultural dimensions, AI 
systems are likely to remain technically impressive but socially brittle.

https://sites.google.com/view/prevenir-en/home;
https://sites.google.com/view/prevenir-en/home;
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Methodological Framework for the Transfer of the AI 
FORA Approach 

The AI FORA Approach: A Socio-Technical Framework 
for Participatory AI 

The generic objective that the AI FORA approach can address is how to come from 
existing to more desired AI systems. However, depending on the main challenges 
and problems of AI use in each application context, this generic objective needs to 
be specified and concretised into research questions of interest. 

The AI FORA research strategy that allows governments and communities to 
prototype socially desirable AI systems was already presented in Chap. 1.  At  its  
core, it combines agent-based simulation, serious games, and system prototyping in 
an iterative, participatory process. Not all methods mentioned might be applicable 
in all contexts: research methods need to be selected and adapted according to the 
research question identified. T ownhall.

Figure 1 above annotates the participatory methods of the research strategy. Again, 
not all of them might be applicable in any context: chances for interactive and 
participatory formats might differ between research areas. 

The process begins by analysing how AI is currently used in a specific context. 
This step combines policy analysis, technical investigation, and participatory system 
mapping workshops. The resulting conceptual model identifies actors, values, 
resources, inputs, outputs, processes, AI in use, policies in use, performance, stake-
holders, networks, etc. This step provides the foundation for formal modelling and 
stakeholder engagement. An ABM is then developed to computationally simulate

Fig. 1 The AI FORA research strategy annotated 



162 P. Ahrweiler and B. Luque Capellas

the current system processes. Agents represent actors of the field, interacting under 
the existing decision rules and resource constraints. 

This baseline model (“Ruleset 1”) reveals systemic behaviours, bottlenecks, 
ethical issues, inequities, or unintended exclusions, and serves as a transparent 
artefact for stakeholder discussion. 

To ensure that diverse societal perspectives inform AI design, AI FORA uses 
serious games. Participatory workshops immerse relevant actors and stakeholders 
in gamification, embedding them in simulated scenarios based on real-life applicant 
narratives. Participants deliberate on fairness issues, system criteria, and trade-offs 
of existing systems, collaboratively proposing improved decision rules for desired 
systems. This process of negotiation and learning generates a revised “better ruleset” 
(Ruleset 2) that captures local value judgements and practical expertise. 

The ABM and serious games form a feedback loop of participatory modelling: 
proposed rules are tested in the model, systemic outcomes are analysed, and stake-
holders review results to refine their proposals. This iterative process of “changing the 
algorithm” makes hidden conflicts and unintended effects visible, fostering collective 
learning and co-design of fairer practices. 

The last steps of the process are dedicated to system prototyping in the real-world 
context finalised by participatory assessment of stakeholders, especially in policy 
workshops and interactions with technology providers. 

It must be noted that this research strategy is “data hungry”: Several types of data 
sources from different stakeholders are aimed to provide the information required to 
understand and to model not only the current but also the desired system. Data avail-
ability might differ from context to context. However, the strategy demonstrates that 
responsible AI design requires participatory, context-aware, and testable innovation 
pathways. By integrating social science, computational modelling, and stakeholder 
expertise, the approach bridges the gap between technological potential, societal 
values, and policy needs, offering a blueprint for “better AI”. 

At the core of AI FORA’s research strategy, where we have highlighted central 
aspects and concepts in bold, is the recognition that values, trade-offs, and social 
dynamics must be surfaced and negotiated throughout system development. AI 
FORA does not treat AI as a finished product to be deployed, but as a contested, 
co-constructed system that must evolve with its social environment. It is grounded in 
the idea of algorithmic sovereignty—the right of publics to shape how algorithmic 
systems govern shared resources and institutional decisions. 

Identifying Adaptation Requirements 

This section proposes now to transfer and adapt the AI FORA approach from public 
welfare to climate resilience, testing its capacity to support inclusive, culturally 
responsive, and ethically grounded AI design in a radically different but similarly 
high-stakes domain.
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For this, we use the central aspects and concepts identified above to develop a 
categorial transfer matrix. The matrix idea can facilitate the transfer of methodolog-
ical knowledge generated during the implementation of the AI FORA project to other 
domains of AI application by identifying points of difference. 

In doing so, the matrix encompasses both relevant research design elements (such 
as challenges and problems of AI use, research questions, and methodologies) and 
components related to research outputs (including data availability, ethical and fair-
ness considerations, and stakeholder involvement). Together, these elements inform 
the transfer process, ensuring that the full scope of the developed research strategy 
is taken into account. 

Categories identified based on research design elements are the following:

• Main challenges and problems of AI use.
• Research question.
• Research methods.
• Chance for interactive and participatory formats. 

Categories identified based on research outputs are the following:

• Actors/stakeholders involved.
• Ethical issues.
• Fairness issues.
• Data availability. 

The transfer matrix serves as a comparative tool for identifying differences in 
application context that needs special attention in adapting the research design. 
Table 1 shows an example for potential completion.

AI Use in Climate Crisis Response: Smart Metres for Water 
Management during Droughts 

This section presents a concrete example of a study (Capellas 2025) that aligns with 
the transfer approach above. 

One of the most pressing climate change-related challenges is the alteration 
of rainfall patterns, leading to extreme weather events such as heavy rainfall and 
droughts occurring across different regions (European Environment Agency 2025). 
In the Mediterranean Basin, droughts are becoming increasingly frequent and severe, 
posing significant challenges for regional governments in managing water resources. 
One AI-based solution being implemented to address drought periods is the use of 
smart metres. These devices support water management in several ways: detecting 
leaks, forecasting water demand, and monitoring water consumption (Centre of 
Innovation for Data Tech and Artificial Intelligence CIDAI 2023). 

The study explores the sociological dimensions of algorithmic governance, under-
stood as “the idea that digital technologies produce social ordering in a specific
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Table 1 Example for completing the transfer matrix 

Categories AI use in public service 
distribution 

AI use in climate crisis response 

Main challenges and 
problems of AI use 

Bias-related fairness and 
discrimination issues 

Gap between technological 
capability and societal uptake 

Research questions Social justice in welfare 
systems; fair distribution of 
scarce resources; etc. 

Complex dilemmas between 
environmental, social, economic, 
and other aspects of 
sustainability 

Research methods Qualitative methods to elicit 
culture-specific social justice 
concepts and fairness values; 
safe spaces concept to work 
with vulnerable groups for 
innovation 

Hybrid socio-ecological 
methods/models; management 
of the commons (Elinor Ostrom) 
methods; integrated assessment 
models (IAM), etc. 

Chance for interactive and 
participatory formats 

Stakeholders of national 
welfare systems—esp. 
non-recipients of current 
distribution practices 

Stakeholders of climate 
crisis–esp. communities affected 
by natural hazards 

Actors/stakeholders 
involved 

Well-defined, country-level 
welfare systems: Beneficiaries, 
non-beneficiaries, workers in 
social service agencies, service 
providers, etc. 

Stakeholders in affected 
territories, helpers, crisis 
response managers, district 
officials, NGO supporting 
affected social groups etc. 

Ethical issues Researching marginalised 
groups not receiving social 
services 

Working with traumatised 
people having been subject to 
climate crisis; privacy regarding 
data collection and processing 
by AI systems 

Fairness issues Socio-economic justice issues Environmental justice issues 

Data availability Access might be restricted by 
public institutions 

Complexity and heterogeneity of 
data sources

way” (Katzenbach and Ulbricht 2019), in the context of water management during 
climate change-related droughts. The project specifically examines the challenges 
of deploying smart metres to enable municipal governments to monitor household 
water use. The urgency of drought situations often leads to measures that would not 
be implemented under normal conditions, such as surveillance of households and the 
imposition of fines for unauthorised water usage. These decisions often transcend 
the influence of local actors and involve a complex web of governance and account-
ability. This situation shows a gap between technological capability and societal 
uptake and becomes a challenge regarding AI use. 

In Catalonia, where a drought has been ongoing since 2021 (Agència Catalana 
de l’Aigua 2025), several municipalities have started implementing smart metres 
to monitor household water usage. This marks the first time such technology is 
used in this way, since in previous droughts this technology was not developed
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in such a way. This deployment raises several challenges: citizens are surveilled 
in their private homes, and non-compliance with drought regulations can result in 
fines. Additionally, the data collected through smart metres are often managed by 
water distribution companies, which may be privately owned rather than state-run. 
This situation raises not only ethical questions but also concerns about fairness, 
particularly regarding whether water use restrictions are imposed equitably across 
the population. 

The study addressing this use of AI deals with the following research ques-
tion: How does algorithmic governance for water management during droughts 
shape social reality interacting or conflicting with participatory and communitarian 
governance (models) in water management? This research question highlights the 
dilemmas arising between providing an urgent response to climate change chal-
lenges and considering other aspects of sustainability, such as fairness in resource 
distribution or locally based solutions. 

To answer this question, research methods include empirical research and the 
development of an agent-based model, both using participatory formats.  Key  
actors and stakeholders identified in the research include the national water agency, 
municipal governments, water distribution companies, households, and AI systems. 
However, the decisions made by these actors often extend beyond local concerns 
and intersect with state-level and international regulations, as well as climate-related 
events. Data availability must be addressed in relation to the diversity of stakeholders 
and data types, ranging from water consumption data to discourse or information 
captured in interviews, media content, and relevant documents.

Discussion 

Reflections on Transferability 

The AI FORA approach transfers effectively because both the original welfare 
eligibility context and the climate crisis domain share structural challenges: a gap 
between technological capability and societal uptake (Sect. 2) and a lack of early-
stage involvement of those most affected. In both cases, AI FORA’s participatory 
design cycle combining serious games with agent-based modelling creates a platform 
where fairness criteria can be debated, tested, and refined. 

In the climate case, this is visible in the smart metre for drought manage-
ment example (Sect. 4), where municipal governments, private water companies, 
and households have divergent priorities. The participatory process helps recon-
cile these perspectives. However, adaptation is needed: Climate governance involves 
more heterogeneous and geographically dispersed stakeholders than welfare systems 
and often demands rapid decision-making under crisis conditions (e.g., prolonged 
drought in Catalonia). Likewise, the Safe Spaces approach used for vulnerable
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welfare recipients requires modification to work with traumatised or crisis-affected 
communities, where engagement must consider emotional strain and loss. 

Strengths of the AI FORA Method 

AI FORA’s transparency comes from exposing the “decision rules” of AI systems 
through simulations. In the welfare context, this clarified how eligibility criteria 
excluded certain groups; in the climate case, it could reveal how drought-related 
fines or usage restrictions are applied and whether they disproportionately affect some 
communities (Sect. 4).Its inclusiveness is achieved by giving all stakeholder types, 
from state agencies to households, an equal opportunity to influence design. This 
contrasts sharply with the technocratic orientation of many existing climate AI tools 
noted in Sect. 2, which often sideline local knowledge systems. The scenario-building 
process, which merges real-life narratives with game-based deliberation, is partic-
ularly valuable in climate adaptation. For example, stakeholders in the Catalonia 
drought case can experiment with alternative water allocation rules, see modelled 
outcomes, and refine their proposals before they are implemented. 

Limitations and Challenges 

Three main limitations emerge when transferring the approach: 

1. Scalability: As with the welfare pilot, running participatory simulations with 
large and diverse climate stakeholder groups is resource-intensive and may be 
logistically complex. 

2. Institutional uptake: In both domains, agencies may be reluctant to integrate 
participatory outputs into policy. In the smart metre case, for instance, water 
distribution companies control much of the data and decision-making, limiting 
opportunities for public input. 

3. Methodological complexity: Integrating sociological fieldwork, participatory 
gaming, and simulation modelling requires broad expertise and high-quality data. 
In climate contexts, the diversity of data types—from sensor readings to interview 
transcripts—adds another layer of complexity (Sect. 3). 

Implications for Responsible AI in Other Critical 
Infrastructure Domains 

The climate case reinforces AI FORA’s potential as a blueprint for Responsible AI 
in other infrastructures where societal trust is as crucial as technical accuracy. The
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combination of participatory engagement, transparent modelling, and iterative rule-
testing could be applied to areas like energy grids, public health, or transportation 
planning. 

As seen in both the welfare and climate applications, the key is to treat AI as 
a living sociotechnical system that evolves with its governance environment, rather 
than a one-off technical product. This orientation ensures that predictive and decision-
support capabilities are continuously aligned with changing social needs, and that 
communities retain agency in shaping the systems that govern their resources. 

Conclusion 

The transfer of the AI FORA approach from public welfare to climate crisis response 
has yielded several important insights. First, the core strengths of the method— 
transparency in decision processes, inclusiveness of diverse perspectives, and the 
ability to explore complex trade-offs through scenario-building—proved robust 
across domains. At the same time, the transfer revealed the need for context-specific 
adaptations. Climate-related applications require broader stakeholder engagement, 
integration of socio-ecological modelling, and ethical safeguards for working with 
crisis-affected communities. The Catalonia drought case, in particular, highlighted 
how participatory processes can help bridge the persistent gap between technological 
capability and societal uptake. 

This work contributes to both participatory AI and socio-environmental resilience. 
It shows that participatory modelling can surface hidden value conflicts, make algo-
rithmic decision-making intelligible to non-experts, and co-produce rulesets that are 
more socially legitimate. In the climate domain, such approaches can strengthen 
resilience by embedding local knowledge and cultural values into AI systems that 
govern critical resources. More broadly, the findings affirm that AI governance bene-
fits from being treated as an ongoing negotiation between technical systems and their 
social environments. 

Looking forward, three avenues merit particular attention. First, applying AI 
FORA to additional critical infrastructure domains such as energy, health, and trans-
portation can test its flexibility and uncover domain-specific adaptations. Second, 
longitudinal studies are needed to observe how Participatory AI systems evolve over 
time and under shifting socio-political conditions. Third, policy integration is essen-
tial: Embedding Participatory AI processes into formal governance frameworks can 
ensure that co-created solutions influence real-world decision-making, rather than 
remaining experimental artefacts. 

By following these pathways, AI FORA can continue to bridge the gap between 
technological innovation and societal resilience, contributing to the development of 
AI systems that are not only effective but also fair, trusted, and responsive to the 
communities they serve.
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Chapter 15 
Collaborative Creativity in Extended 
Realities: Findings from Co-creative 
Design Sessions in Augmented 
and Virtual Reality 

Ruben Schlagowski and Elisabeth André 

Abstract This chapter presents a study exploring XR technologies’ potential in 
group and co-creativity. During the study, we let participants use HMD-based AR 
and VR applications for collaborative creativity after participating in a co-creative 
design workshop featuring analog materials like pen and paper. After the creative XR 
sessions, we interviewed participants to investigate the requirements for collabora-
tive creative work in XR. The results of our qualitative analysis reveal various oppor-
tunities and challenges for XR applications that may be helpful in group creativity. 
Furthermore, we highlight XR’s creative potential by showing various creative works 
that were created during the co-creative XR sessions. 

Introduction 

Co-creativity and group creativity can be both challenging and fulfilling. Even though 
empirical evidence exists for groups being less productive in brainstorming tasks than 
individuals, group members often have the subjective sensation of it being fun and 
productive (see, for instance, Homma et al. (1995)). Creativity in groups can also 
be helpful for application designers and HCI researchers who want to understand 
user needs and develop solutions that meet them. For instance, Weitz et al. (2024) 
conducted a collaborative design workshop to prototype design solutions for explain-
able artificial intelligence (XAI) systems directly with end-users. In this workshop, 
participating workers created prototypes for specific XAI software tools, including 
verbal explanations. During such co-creative design workshops, materials such as 
pen and paper, flip charts, and Post-its are used to model personas, user stories, and
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finally develop paper prototypes that fulfill user needs. Figures 1 and 2 show pictures 
of the workshop conducted by Weitz and colleagues in Estonia. 

However, in recent years, new technologies and devices in the Extended Reality 
(XR) and Mixed Reality (MR) have gained momentum that may enable new ways 
to conduct such collaborative creative work. This includes Head-Mounted Displays 
(HMDs) that can provide Augmented Reality (AR) and Virtual Reality (VR) experi-
ences. These devices provide unique opportunities for creativity in groups, as inter-
active virtual tools and materials can be used for creative tasks such as music making 
or brainstorming. These tools and materials do not obey certain physical rules. For 
instance, a holographic whiteboard may be scaled infinitely, and drawing may not be 
limited to two dimensions, as creative collaborators can draw in three dimensions. 
Furthermore, participants in XR may contribute to creative sessions from a distance, 
while having the experience or sensation of being there or experiencing co-presence 
with other group members (Schlagowski et al. 2023).

Fig. 1 An instructor of a 
co-creative design workshop 
at work 

Fig. 2 Participants of a 
co-creative design workshop 
using analog materials 
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To understand how users are and want to be creative in XR, we let participants of a 
co-creative design workshop use both AR and VR headsets directly after a traditional 
paper prototyping session (see Fig. 3). 

They would collaboratively conduct creative work in shared XR environments, 
such as 3D drawing mental models and modelling user stories using virtual sticky 
notes. After the creative XR sessions, we conducted a semi-structured group inter-
view to understand the participants’ requirements for XR applications that could be 
helpful for collaborative creative work, such as the co-creative design workshop they 
had previously experienced. In this paper, we report on the findings of the qualita-
tive analysis of these interviews while also showcasing some creative works of the 
participants.

Fig. 3 Two participants are conducting the AR drawing tasks on the left while three seated 
participants are conducting the VR task in Vive Sync on the right 

Fig. 4 A virtual whiteboard 
in the HTC Sync VR app
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Fig. 5 The speech-to-text 
sticky notes in the VIVE 
sync VR app

Related Work 

Extended reality (XR), including both virtual and augmented reality, offers new possi-
bilities for supporting collaborative creativity in design contexts such as prototyping 
and co-creative workshops. Recent work in HCI demonstrates how immersive tech-
nologies can facilitate real-time collaboration, embodied ideation, and stakeholder 
engagement. 

For instance, CollaboVR by He et al. (2020) introduced a flexible VR whiteboard 
that supports freehand sketching and animation in multiuser environments, showing 
that configurable layouts and embodied interaction can significantly enhance co-
creative collaboration. In a related direction, Paraschivoiu et al. (2025) developed 
CityCraft, an augmented reality platform for collaborative urban design. Deployed 
in public spaces, it enabled groups to prototype and revise 3D city elements on-
site, helping even non experts engage in accessible, meaningful co-creation. Another 
approach, Performative Prototyping by Weijdom (2022), combined performance and 
social VR to allow de signers to “act out” interactions, offering a powerful method 
for embodied ideation and participatory exploration of design concepts. 

Psychological research has further clarified XR’s impact on the creative process. 
A literature review by Lyu et al. (2023) concluded that immersive environments 
support creativity by enhancing presence, perspective-taking, and engagement. They 
also highlighted that users benefit from the motivational and cognitive affordances of 
VR, such as lower abstraction thresholds and embodied feedback. Complementing 
this, Wang et al. (2024) analyzed 254 student design projects and found that group 
collaboration in VR resulted in more spatially distributed and conceptually divergent 
designs than individual work, emphasizing how group dynamics and tool use in XR 
can shape creative output. 

Finally, XR has shown promise for eliciting user requirements, especially from 
non-designers. Dane et al. (2024) presented CoHeSIVE, a VR system that lets citizens 
co-design public spaces through immersive future scenarios. Participants reported
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increased confidence in their decisions and a stronger sense of agency, underscoring 
VR’s value in participatory design processes. Similarly, Nguyen et al. (2023)  devel-
oped a VR based Collaborative Scenario Builder that enabled emergency respon-
ders to co-create training simulations. The study showed that immersive prototyping 
helped these domain experts articulate their needs and ideas, despite having no prior 
design e xperience.

Together, these studies demonstrate that XR technologies can not only foster 
group creativity but also serve as effective tools for engaging diverse stakeholders 
in the design process through immersive, intuitive, and collaborative environments. 
However, to the authors’ knowledge, no prior study had directly compared AR and 
VR applications in the context of co-creative design workshops that seek to include 
end-users in the design of digital applications. 

Study Procedure 

In 2023, we held a co-creative design workshop (N = 5) in Estonia with workers 
from the Estonian Unemployment Insurance Fund (EUIF).1 The primary objective 
of this workshop was to develop XAI prototypes for the AI-driven software “OTT,” 
which assists workers at EUIF in identifying reasons and key features contributing 
to a client’s unemployment status using AI systems. Utilizing a user-centered design 
strategy along with a question-focused XAI design process, the workshop encour-
aged the collaborative creation of XAI interfaces tailored for OTT by using creative 
materials, such as pens, paper, cardboard, and Post-its. More on this workshop is 
discussed in detail in the study by Weitz et al. (2024). 

After the workshop, we let participants use two types of XR devices running 
multiuser XR applications that support creative processes, either in VR or AR:

• We brought three HTC Vive Focus 3 standalone VR headsets running VIVE sync,2 

a virtual meeting software that enables co-located and remote collaboration in 
virtual workspaces. It has features like virtual whiteboards and speech-to-text 
sticky notes that can be used to work on ideas collaboratively.

• The participants could use three Microsoft HoloLens 2 devices running Graf-
fiti 3D,3 an app that lets participants draw in three dimensions in a shared XR 
environment. 

Two technical supervisors (one visible on the right of Fig. 3) instructed the partici-
pants on how to use the applications and devices before proceeding to the co-creative 
session. Two other supervisors observed the participants and took notes (visible on 
the back in Fig. 3).

1 Estonian name: Eesti Töötukassa (homepage: https://www.tootukassa.ee/en) 
2 https://sync.vive.com 
3 https://apps.microsoft.com/detail/9npqpk9ngtzr?hl=en-US&gl=SG 

https://www.tootukassa.ee/en
https://sync.vive.com
https://apps.microsoft.com/detail/9npqpk9ngtzr?hl=en-US&gl=SG
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Fig. 6 Two example 3D drawings of participants’ imaginations of the OTT AI model, painted 
collaboratively using Microsoft HoloLens 2 AR HMDs

As soon as the participants felt comfortable using the devices and applications, 
we gave them two tasks, one for AR and one for VR, each lasting for 30 minutes 
before switching to the next (other) task. 

• Task in VR: In VIVE sync, use the sticky notes and virtual whiteboard features 
(see Screenshots in Figs. 4 and 5) to model an improved process of consulting an 
unemployed person in chronological steps.

• Task in AR: In Graffiti 3D, make a 3D drawing collaboratively that illustrates how 
you imagine the AI of OTT to look from the inside. Some results are displayed 
in Fig. 6. 

As soon as the creative sessions were completed, we conducted a semi-structured 
group interview posing open questions, during which we recorded audio. Question 1 
aimed to recall memories of the earlier co-creative design workshop, and questions 
2–5 addressed the XR experiences: 

1. Reflect on the co-creative sessions of the workshop: What went well, what was 
challenging? 

2. Please share your thoughts on the AR and VR demos you just witnessed! 
3. Can you imagine using the AR/VR hardware you just tried in a co-creative 

workshop we just did? Why? 
4. Do you think AR or VR is more promising? Why? 
5. How do you think an AR or VR application should look to be useful in co-creative 

design sessions?
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Fig. 7 Aspects and features 
of the VR app that 
participants praised 

Fig. 8 Aspects and features 
of the VR app that 
participants criticized 

Fig. 9 Feature requests for 
the VR applications 

Fig. 10 Aspects and 
features of the AR app that 
participants praised 

Interview Results 

We transcribed the audio recordings and conducted a summative content analysis 
using MaxQDA.4 Below, we report on our findings and show the results of the 
qualitative analysis using code or word clouds (Figs. 7-12), which show themes or 
codes that were mentioned more frequently in a proportionally larger font. 

Fig. 11 Feature requests for 
the AR application

4 https://www.maxqda.com/ 

https://www.maxqda.com/
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Fig. 12 XR feature requests 
that were uttered 
independent of the used XR 
technology 

Feedback on VR Experience 

Figures 7 and 8 show aspects that participants explicitly praised and criticized about 
the co-creative VR experiences. In the VIVE sync VR app, they liked the sticky 
notes (2 mentions) and the ability to cluster them spatially (2 mentions) to summarize 
content semantically. One participant stated: “If you can use it to summarize things, 
it could be easy to look at all that you have and get a full picture.” One participant 
thought it was entertaining, stating: “I think it excites you enough to be focused 
enough on the subjects that are coming there.” Also, one participant thought being in 
VR is “fun.” Virtual whiteboards and the speech-to-text input for sticky notes were 
positively mentioned once. 

However, in contrast to the AR app, the VR app was also heavily criticized by 
participants (see Fig. 8). Four times it was stated that the App was too complex 
and “confusing.” Explicitly, the UI was reported to be too complex (2 mentions) 
and that there was skill required to use the application efficiently (1 mention). Two 
participants reported experiencing cybersickness. Two times it was mentioned that 
the participants felt “stuck” and were not sufficiently aware of their surroundings 
(lack of local presence, two mentions). Other utterances included the experience of 
fatigue and the subjective sensation of the loss of control (two mentions). 

Participants noted that the true potential of the VR app was hard to grasp in 
the study’s co-located setting. For instance, one participant stated, “We would need 
to have a real [remote] meeting there to grasp what is missing.” And that a key 
challenge would then be representing participants: “I need a human face-to-face.” 
This is congruent with three requests for better character customization and one 
for face tracking (see feature requests in Fig. 9). Three times the feature of remote 
meetings was requested, which is a feature that the VIVE sync app already supports. 
However, as the participants used the VR app in a co-located situation, they were not 
aware of that feature specifically. Other requests for VR specifically were an Internet 
Browser, voice chat, and better graphics (one mention each). 

Feedback on the AR Experience 

Participants universally praised the AR 3D drawing experience using the HoloLens 
2 devices and rarely criticized it. When asked directly (question 4), four partici-
pants said they preferred AR for co-creativity. Participants heavily praised the ability
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to move freely in their surroundings (2 mentions, see Fig. 10) while experiencing 
their surroundings unaltered (local presence, one mention). The 3D drawing was 
mentioned positively as a feature (one mention) and one participant stated the app 
as “fun.” These positive utterances were confirmed by the rest of the group, which 
understates their significance. 

Both used virtual tools in the VR application, the speech-to-text sticky notes 
and virtual whiteboards, were requested as features within the AR application (four 
mentions each, see Fig. 11. One participant wished for more brush stroke options, 
and another wanted geometric forms to place in 3D space. Also, the ability to have 
“big screens” was requested once. 

General Feature Requests for Co-creative Sessions 

When asked about the applicability of XR technologies within co-creative design 
work shops, participants uttered various features independent of the employed tech-
nology (AR or VR). However, as most participants heavily preferred AR, they were 
mostly thought of in an AR context. Figure 12 shows the code cloud for these features. 
Two participants wished to have PowerPoint support to show presentations during 
co-creative sessions. Also, two times, data visualization features were requested. One 
participant stated: “We could very quickly pull statistics from our database and throw 
them in the air, e.g., client backgrounds.” Another requested feature was that sticky 
notes scaled automatically according to the number of text characters they should 
display (two mentions). Other feature requests (one mention each) were the support 
of physical and virtual keyboards, the ability to share screens, and the ability to have 
lines to interconnect sticky notes. 

Discussion 

The significance of co-presence and local presence in AR: A theme that was 
frequently mentioned during the interview was the importance of the users’ ability 
to move freely and of being aware of their surroundings while immersed in XR. 
This might stem from projecting the co-creative workshop experience they previ-
ously participated in onto a possible XR solution. Additionally, features and virtual 
content perceived as an addition to the familiar world may be simpler for partici-
pants to absorb and adapt to compared to VR technologies and environments, which 
can initially feel overwhelming. The participants described this sensation as “feeling 
stuck,” “fatiguing,” and “con fusing” (see codecloud in Fig. 8). Additionally, expe-
riencing the other creative collaborators unobstructed and not as virtual avatars was 
perceived as a clear advantage and requirement, with participants stating they need 
to experience their collaborators “face-to-face.”
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XR can be inspiring: Participants mentioned that they were merely creative in 
their day jobs as unemployment consultants. However, the creations that were created 
in the XR sessions, especially the modeling of mental models of AIs, were regarded 
as highly creative by test supervisors. Example models are depicted in Figs. 6 and 
13. This left the impression that the artistic feature of collaborative 3D drawing in 
XR inspired the workshop participants and unexpectedly revealed their significant 
creative potential. Hence, the authors encourage further research in creative domains 
such as fine arts and sculpting featuring XR technologies. To our beliefs, vast potential 
may lie here, not only for creative professionals, but also for hobbyists who may even 
experience XR technologies. 

VR’s potential for remote creativity: Most participants heavily preferred the 
AR experiences for their collaborative creative work. However, participants also 
agreed that VR has vast potential in creative remote collaboration. However, remote 
collaboration, including features such as voice chat, was neither demonstrated nor 
tested during the workshop. One participant stated: “We would need to have a real 
meeting there [in VR] to grasp what is missing,” and another said: “If from afar, then 
VR.” A key challenge here, however, is the design of virtual avatars, as one of the 
most requested features for the VR app was further avatar customization options. 
We note, however, that those were already included in the app we used (HTC VIVE 
sync) but not demonstrated, as participants used pre-configured neutral characters in 
the VR sessions. 

The XR feature ambivalence: Participants often stated that they felt over-
whelmed by the user interfaces they had to deal with while being creative in VR.

Fig. 13 An example 3D 
painting illustrating the 
mental model of the OTTAI 
model that was drawn during 
the workshop. It was created 
in a few minutes while 
drawing collaboratively 
using Graffiti 3D on multiple 
HoloLens2 devices 
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In addition to having to adapt to new input and output modalities, this was also 
attributed to the general complexity of the UI systems. However, participants also 
requested more complex features to be productive in XR, including screen sharing, 
data visualization, and PowerPoint support (see Fig. 12). Designing a successful XR 
collaboration app is challenging as its creators need to find an intricate balance of 
feature variety and complexity. Providing comprehensive tutorials and introductions 
that successfully explain and introduce features may provide a good entry point for 
users. 

The potential of XR in co-creativity: Aside from having some concrete concerns 
and issues, not a single participant questioned the applicability or the general idea 
of introducing XR technologies into collaborative creativity. Instead, participants 
were generally positive and constructive in their feedback for the applications and 
experiences they witnessed. This left the authors with the general impression that, 
if the applications and use cases match, XR could benefit the participants and even 
provide value. Participants explicitly liked the idea of having virtual large screens 
and the ability to cluster information spatially in three dimensions with virtual sticky 
notes. The idea of drawing interconnections between content arranged in 3D space 
was also brought up. A common theme here was a wish for features that were 
exclusive to the VR application, such as virtual whiteboards and 3D speech-to-text 
sticky notes (see Figs. 4 and 5) in an optical-see-through AR application like they 
had experienced on the HoloLens 2 devices. 

Conclusion 

This chapter reports on a study that let participants conduct collaborative creative 
work in AR and VR after they had experienced a co-creative design workshop. 
Our qualitative analysis of the described post-hoc interview revealed various poten-
tials and pitfalls of employing XR technologies in collaborative design sessions and 
workshops that usually employ heavy use of analogue materials such as pen and 
paper, sticky notes, white boards, and paper prototypes. 3D drawing in AR was 
especially praised, and VR’s potential for remote collaborative work was mentioned. 
Furthermore, the importance of experiencing local and social presence in co-located 
sessions was emphasized, and we report participants’ ambivalent needs and opin-
ions on feature complexity and diversity within XR applications for collaborative 
creativity. 

Acknowledgements Research presented in the chapter has been funded by the German Volkswa-
genStiftung under grant agreement number 98 560.
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Chapter 16 
Participatory Modelling for ‘Better AI’ 

Petra Ahrweiler 

Abstract This chapter synthesises findings from the AI FORA project, which 
explored how participatory modelling can support the design of ‘Better AI’ in welfare 
systems. Across five of its case studies, the project used agent-based modelling 
(ABM), serious games, and policy dissemination to investigate fairness, trans-
parency, and legitimacy in algorithmic governance. The results show that partic-
ipatory approaches, where practitioners, policymakers, and citizens co-design and 
deliberate on models, enhance the transparency of decision processes, surface hidden 
biases, and align AI systems more closely with ethical and social values. Cases 
demonstrated both the potential of AI to improve efficiency and fairness, and the risks 
of reinforcing structural inequities when stakeholder involvement and data quality 
are lacking. Dissemination activities in Europe, Asia, and the United States further 
underscored that policy impact depends less on technological fixes than on institu-
tional reforms, capacity building, and inclusive governance. The chapter concludes 
that participatory modelling is both a methodological innovation and a democratic 
imperative, providing Safe Spaces to negotiate fairness and embedding the principles 
of the European AI Act into practice. 

Introduction 

The increasing use of AI in welfare systems raises pressing questions about fair-
ness, transparency, and accountability in public service delivery. While AI promises 
efficiency and scalability, its reliance on administrative data and opaque algorithms 
risks reinforcing structural inequities and eroding public trust. The AI FORA project 
responded to these challenges by advancing participatory modelling as a means of
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designing ‘Better AI’, i.e. AI that is context-sensitive, ethically aligned, and demo-
cratically legitimate. At the project’s core lay the hypothesis that stakeholder involve-
ment enhances both the transparency and the ethical alignment of AI-supported 
decision-making. 

This chapter synthesises AI FORA’s findings from modelling and simulation as 
well as from interaction with policymakers. Cases span diverse domains—social 
service assessments in Spain, unemployment counselling in Estonia, asylum proce-
dures in Germany, targeted subsidies in Iran, and food distribution in India— 
yet they shared a commitment to involving practitioners, policymakers, and citi-
zens in the process of testing, refining, and governing AI systems. Together, these 
cases demonstrated how participatory modelling can reveal hidden biases, negotiate 
interpretations of fairness, and generate actionable insights for policy reform. 

The chapter is organised as follows: The next section evaluates and compares the 
design and outcomes of the simulation models, reviews the participatory processes 
that were used, and identifies the insights gained about fairness and accountability. 
The third section reflects on dissemination to policy audiences, examining how 
modelling results can inform debates on algorithmic governance (Danaher et al. 
2017; Yeung 2018) and connect with emerging regulatory frameworks such as the 
European AI Act (European Union 2024). The chapter concludes by drawing broader 
lessons about the role of participatory modelling in shaping AI systems that serve 
equity and democratic accountability. 

Evaluating the Findings of Modelling and Simulation 

The key hypothesis of AI FORA is that stakeholder involvement improves both the 
transparency and the ethical alignment of AI-supported decision-making. Current 
algorithmic tools and administrative data used in welfare assessments often reflect 
and reinforce existing structural inequalities; without careful co-design and contin-
uous evaluation, AI risks institutionalising bias rather than correcting it. This key 
hypothesis was translated for a modelling environment where ABM can effectively 
capture the complexity of welfare systems, reveal hidden decision-making dynamics, 
and serve as a testbed for evaluating alternative policies and AI rule sets. Participa-
tory modelling approaches, particularly when combining ABM and gamification, 
can lead to more legitimate, context-sensitive, and equitable AI systems for public 
social services. Models can allow stakeholders to experiment safely with new rules 
and explore their systemic consequences before real-world deployment. Gamifica-
tion and serious games can externalise tacit knowledge and facilitate stakeholder 
deliberation around fairness, trade-offs, and algorithmic design; this combination 
enhances stakeholder understanding of algorithmic systems and encourages collec-
tive reflection. Core research questions are about the characteristics and dynamics 
of existing systems, about requirements of desired system futures, and about the 
impacts of ‘changing the algorithm’ on system performance.
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The research presented in this volume offered an opportunity for evaluating the 
findings of modelling and simulation against the key hypothesis and these core 
research questions, especially concerning challenges for existing or future AI use 
in social assessment for public service distribution. Most of the case studies brought 
data from empirical research to models1 and used participatory anticipation, projec-
tion, and realisation along a modelling strategy that was designed to support the 
transition from existing to desired systems for ‘Better AI’. 

The Spanish ABM 

The Spanish ABM was originally planned as a kind of theorem-checking device 
for the assessment algorithm in place in the empirical system under investigation, 
in this case social assessment in Catalonia. The ABM’s purpose was not only to 
ensure that the ruleset was coherent and complete, but to offer an informed starting 
point for devising a better algorithm by stakeholder involvement. The ABM simu-
lations (Sabater et al. in this volume) revealed substantial variation in how social 
workers applied the SSM-Cat, even when evaluating identical applicant profiles. This 
inconsistency underscored the absence of a shared interpretive culture across agen-
cies. Through repeated rounds and gamification workshops, participants recognised 
the importance of developing common decision-making protocols and structured 
training to align fairness standards. The ABM also demonstrated that certain assess-
ment criteria used informally by practitioners were missing from the official matrix, 
raising questions about whether tools should adapt to practice or vice versa. Impor-
tantly, the simulations showed that deliberation within a participatory modelling envi-
ronment can foster greater consistency, transparency, and awareness of bias in welfare 
allocation. The model and the accompanying gamification workshops were employed 
not only as an analytical tool but as a participatory forum where practitioners, 
policymakers, and community stakeholders co-create interpretive frameworks and 
deliberate on equity. This hybrid approach, further strengthened by cluster analysis, 
represented a significant step forward in developing context-sensitive, transparent 
AI systems for public services. 

The German ABM 

The case study in Germany planned for an ABM on the tipping points for inves-
tigating the agency of refugees (for more and quicker integration into society and 
the job market) and legitimacy of administrative decisions (for accountability and 
correctness of bureaucratic procedures in granting asylum) and the trade-offs between

1 The modelling activities originally envisaged for Ukraine, China, the United States, and Nigeria 
could not take place due to resource constraints. 
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these two policy objectives under conditions of potential AI integration. The model 
(Spaeth et al. in this volume) simulated key stages of the asylum process—registra-
tion, hearing, decision, and appeals—capturing how administrative workload, docu-
mentation, interpreter quality, and support networks influence outcomes. The sensi-
tivity analysis showed that high staff workloads significantly increase erroneous 
decisions, reflected in high appeal rates and a greater share of successful appeals. 
Conversely, when bureaucracy is well-resourced, fewer errors occur, boosting legit-
imacy but also revealing systemic shortcomings such as slow integration of refugees 
into the job market due to overly cumbersome procedures and red tape. By combining 
quantitative simulations with qualitative narratives drawn from refugee experiences, 
the ABM demonstrated how structural features—such as interpreter assignment or 
federal state practices—critically shape refugee trajectories. Narratives underscored 
the ‘Kafkaesque’ experience of asylum seekers, marked by helplessness and opaque 
decision-making, while also illustrating tipping points where supportive networks or 
legal aid could alter outcomes. Importantly, the model revealed that legitimacy is not 
only tied to efficiency but also to fairness and transparency across multiple decision 
points. 

From an evaluative perspective, the German ABM’s contribution lies in making 
visible the systemic trade-offs between bureaucratic efficiency and refugee 
agency. It provides policymakers with a diagnostic tool to test how institutional 
design, rather than purely technical fixes, influences perceived legitimacy. The study 
cautions that AI integration must not merely optimise administrative throughput 
but should be embedded in frameworks that strengthen accountability, transparency, 
and trust. Overall, the ABM adds value by bridging micro-level experiences with 
macro-level dynamics, offering both explanatory insight and a reflective space for 
considering reforms. 

The German ABM directly contributes to AI FORA’s core hypothesis by demon-
strating that stakeholder involvement—particularly refugees, supporters, and prac-
titioners—makes otherwise opaque bureaucratic processes visible and debatable. 
Through participatory modelling and narrative integration, the ABM translated 
refugees’ experiential knowledge into the simulation design, thereby surfacing how 
interpreter quality, document practices, or administrative workload shape fairness 
and legitimacy. This process not only enhanced the transparency of asylum decision-
making by showing how different inputs affect outcomes but also facilitated ethical 
alignment,  as  stakeholders identified points where systemic biases or organisational 
cultures disadvantage vulnerable groups. In doing so, the German ABM illustrated 
that co-creation does not simply refine technical accuracy but also embeds values of 
fairness, accountability, and trust into potential pathways for AI integration .

The Estonian ABM 

The ABM in Estonia was planned to shift the focus more explicitly to citizens and 
their requirements concerning AI systems in the context of (un)employment services.
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Particular attention was to be directed towards potentially vulnerable groups for 
gaining a deeper understanding of their interactions with and needs related to AI 
systems. The Estonian ABM and serious game (Männiste et al. in this volume) 
revealed that just adding variables does not automatically equate to more fairness: 
Introducing new factors to consider (health, caregiving responsibilities, etc.) helped 
capture individual vulnerabilities but also shifted attention from collective fairness 
to individual cases. H. 

This revealed a trade-off: More nuanced data may improve individual assessments 
but risks undermining broader systemic equity. The model showed that consultants’ 
discretion remained essential. Even with structured algorithms, subjective interpre-
tation (e.g., assessing health conditions) introduced variability in outcomes. While 
algorithmic transparency was valued, participants raised concerns about potential 
system gaming by more digitally literate clients. This highlighted a delicate balance: 
explainability had to be pursued without undermining system integrity. 

The model highlighted that fairness in algorithmic decision-making is not fixed but 
contextual and negotiated. It emerged as a negotiated process shaped by how stake-
holders (here: students playing consultants and clients) interacted with the ruleset 
and adapted it over time. This underlined the importance of participatory approaches 
in AI-supported welfare systems. 

Participants saw algorithms as support tools, not replacements for human decision-
making. They proposed decision-tree or adaptive models that evolve based on client 
responses, rather than rigid scoring systems. This reflects the need for flexible, 
context-sensitive AI that can better capture real-life complexities. Finally, the exer-
cise underscored that fair assessments often require cross-sector collaboration, since 
criteria like health or caregiving responsibilities demand expertise beyond a single 
institution. 

The Iranian ABM 

The Iran case study constructed an ABM informed by insights gained from the anal-
ysis of the Iranian Targeted Subsidies Plan (TSP) to explore future scenarios involving 
the implementation of various policy options. The ABM captured household-level 
heterogeneity and dynamic behaviours such as income generation, consumption, 
savings, sudden income jumps, and bankruptcies while simulating the long-term 
effects of subsidy policies (Bashiri in this volume). This allowed for a more real-
istic analysis than static economic models, especially in contexts where household 
diversity and economic volatility are significant. Key findings of the model high-
light both the strengths and limitations of the TSP. On the positive side, subsidies 
targeted at the lowest four income deciles provided short-term welfare improvements, 
economic stabilisation, and increased transparency and trust. Policymakers could also 
dynamically test alternative subsidy scenarios based on the systematic use of the 
Iranian Welfare Database, thereby improving targeting accuracy and accountability. 
However, the simulation revealed that the plan’s overall effectiveness is severely
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constrained by macroeconomic factors outside the subsidy system, most notably 
inflation, sanctions, and currency devaluation. These external shocks erode the real 
value of subsidies, limiting their capacity to reduce poverty and income inequality 
in the long term. 

While the Iranian case study focused primarily on technical aspects of agent-based 
modelling and data-driven household classification, the experience of the TSP also 
illustrated the potential value of a participatory approach, as emphasised in the AI 
FORA project. Engaging low-income households, social workers, NGO, and commu-
nity representatives in deliberative workshops could have helped refine the eligibility 
criteria used for subsidy allocation, ensuring that classifications align more closely 
with lived realities and perceptions of fairness. Participatory simulation sessions or 
serious games, in which stakeholders explored different allocation scenarios under 
conditions of inflation or sanctions, would have allowed policymakers to antici-
pate social impacts and adjust policies accordingly. Such participatory methods not 
only improve the transparency of complex subsidy systems but also strengthen their 
ethical alignment, turning beneficiaries into co-designers of welfare policy rather 
than passive recipients.2 

The Indian ABM 

The case study in India highlights how the Public Distribution System (PDS), while 
critical to ensuring food security for over 800 million citizens, suffers from systemic 
inefficiencies—corruption, leakage, inequities, and weak accountability (Jo et al. 
in this volume). By simulating the micro-level interactions of key actors such as 
beneficiaries, fair price shop operators, suppliers, trucks, and inspectors, the ABM 
demonstrates how localised behaviours and logistical constraints aggregate into 
system-wide outcomes. The case study’s model successfully illustrates how targeted 
inspections reduce corruption, how improved logistics boost fairness, and how real-
time oversight enhances trust in welfare delivery. Overall, the Indian modelling 
approach demonstrates how ABM can uncover structural weaknesses in welfare 
governance and offer pathways for ethical AI integration. A core strength of the 
model lies in its integration of Responsible AI principles—fairness, transparency, and 
accountability—directly into the simulation as performance metrics. This method-
ological innovation not only enabled ethical evaluation of system dynamics but also 
showcased how AI FORA’s central hypothesis—that participatory and transparent 
approaches improve AI-supported decision-making—could be operationalised in 
large-scale welfare contexts.

2 Iran was added to the project post-award as a self-funded case study: available resources did not 
allow for participatory methods. 
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Comparative Evaluation of ABM in AI FORA 

All models were assessed against AI FORA’s central hypothesis:Stakeholder involve-
ment improves transparency and ethical alignment of AI-supported decision-making. 
Across cases, ABM proved useful to surface hidden dynamics, test rule changes, and 
provide safe environments for exploring fairness and legitimacy. Gamification and 
participatory elements particularly strengthened these outcomes. To complement the 
narrative synthesis, Table 1 provides a comparative overview of the five ABM case 
studies. It distils each case into its purpose, key findings, contribution to AI FORA’s 
central hypothesis, and main limitations.

This tabular perspective highlights both the diversity of contexts—ranging from 
welfare allocation in Spain to food distribution in India—and the common challenges 
of balancing fairness, transparency, and legitimacy in AI-supported decision-making. 
Taken together, the five cases contain important lessons for the role of ABM in public 
welfare governance. 

First, participatory approaches clearly strengthen both transparency and ethical 
alignment. The Spanish, Estonian, and German models directly engaged stake-
holders—social workers, students, or refugees—surfacing interpretive practices, 
fairness concerns, and legitimacy challenges. By contrast, the Iranian and Indian 
cases remained primarily technical exercises, offering analytical insights but lacking 
the stakeholder deliberation needed to align with AI FORA’s participatory vision. 
Second, ABM proved especially effective at revealing trade-offs: between individu-
alised and systemic fairness (Estonia), between efficiency and legitimacy (Germany), 
or between technical accuracy and lived realities (Iran). In Spain and India, ABM 
helped operationalise fairness, transparency, and accountability either through shared 
interpretive frameworks or explicit performance metrics. Across all cases, however, 
limitations in data quality, model simplification, and representativeness persisted, 
cautioning against over-interpretation. The comparative evaluation of ABM in AI 
FORA underscores its dual value: as a technical tool to simulate complex welfare 
systems and as a participatory arena to deliberate on fairness, legitimacy, and 
accountability. Where participatory elements were integrated, models not only illu-
minated system dynamics but also fostered collective reflection, aligning with AI 
FORA’s central hypothesis. Future research should combine the technical robust-
ness of models like Iran and India with the participatory depth of Spain, Estonia, and 
Germany, moving towards AI-supported welfare systems that are both analytically 
rigorous and democratically legitimate. 

However, these five case studies had several common limitations, which must be 
borne in mind when considering their implications. First, the quality and representa-
tiveness of data posed persistent challenges. Administrative datasets often suffered 
from inconsistencies, coverage gaps, and embedded biases, undermining the reli-
ability of simulations and decision-support models. For example, in Spain and 
Estonia, classification errors and subjective assessments weakened the robustness 
of household-level modelling, while in Iran, indicators such as foreign travel or bank 
transactions risked excluding households with irregular or informal incomes. These
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Table 1: Comparative Grid 

Case Purpose/Focus Key findings Contribution to AI 
FORA hypothesis 

Limitations 

Spain 
(Catalonia, 
SSM-cat) 

Test 
consistency of 
social 
assessment tool 
(SSM-cat) and 
explore fairness 
in allocation 

Large variation in 
interpretation of 
identical profiles; 
missing criteria 
sparked debate on 
tool vs. practice 

Participatory 
workshops 
fostered shared 
interpretive 
culture; 
deliberation for 
transparency and 
fairness 

Biased 
administrative 
data; limited to 
Catalonia 
stakeholders 

Estonia 
(unemployment 
services) 

Explore 
fairness 
perceptions in 
algorithmic 
career 
counselling 
through serious 
games 

Adding variables 
captured 
individual needs 
but reduced 
systemic equity; 
discretion and 
subjectivity 
remained crucial 

Showed fairness 
as contextual and 
negotiated; 
highlighted role of 
adaptive, flexible 
models and 
cross-sector 
collaboration 

Workshops 
involved students, 
not real clients; 
model simplified 
real system; only 
short-term 
perceptions 

Germany 
(asylum system) 

Examine 
trade-offs 
between 
bureaucratic 
legitimacy and 
refugee agency 
under possible 
AI integration 

High workloads 
→ more errors 
and appeals; 
narratives 
revealed difficult 
experiences; 
support networks 
crucial

Participatory 
modelling made 
opaque processes 
visible; integrated 
refugee 
perspectives into 
simulation; 
bridged micro-
and 
macro-dynamics 

Simplified asylum 
stages; excluded 
political/legal 
dynamics; limited 
representativeness 
of narratives 

Iran (targeted 
subsidies plan) 

Simulate 
household 
heterogeneity, 
subsidy 
allocation, and 
long-term 
economic 
impacts 

Short-term 
welfare gains 
eroded by 
inflation, 
sanctions, 
devaluation; 
annual 
reclassification 
improved 
transparency and 
trust 

Demonstrated 
potential of 
data-driven 
targeting; 
participatory 
approaches could 
refine eligibility 
and align with 
lived realities 

Heavy reliance on 
administrative 
data; no 
participatory 
element; 
macroeconomic 
shocks external to 
model 

India (public 
distribution 
system) 

Model 
corruption, 
logistics, and 
accountability 
in ration 
distribution 

Inspections 
reduced 
corruption; 
logistics 
improved 
fairness; 
oversight boosted 
trust 

Embedded 
responsible AI 
metrics directly in 
simulation; 
operationalised 
hypothesis at scale 

Lacked 
participatory 
validation; 
abstracted from 
real-world 
practices; no direct 
stakeholder 
engagement
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issues highlight how reliance on administrative records may distort rather than clarify 
the lived realities of target populations. 

Second, the scope and ecological validity of participatory elements were 
constrained. In some contexts, such as Estonia, workshops drew on students rather 
than real clients, limiting the applicability of results to policy practice. In Spain, 
engagement was restricted to a small group of social workers and policymakers from 
a single region, which cannot capture the diversity of institutional arrangements 
across the country. The Indian case study, by contrast, omitted participatory processes 
altogether, reducing the model’s ability to incorporate contextual sensitivities or 
stakeholder perspectives. 

Third, all models necessarily simplified complex institutional and social 
processes. The German ABM, for instance, reduced the asylum process to a handful 
of stations and attributes, omitting geopolitical dynamics, evolving legal frameworks, 
or subtle forms of discrimination. While such abstraction is essential for tractability, 
it constrains explanatory power and limits the capacity to capture rapidly changing 
organisational cultures or political pressures. 

Finally, the time horizons of analysis were often short-term. Case studies gener-
ally focused on immediate perceptions or systemic thresholds rather than long-term 
impacts on fairness, trust, or social outcomes. As a result, while the models provided 
valuable diagnostic and reflective insights, their prescriptive power for policy design 
remains limited. 

Assessing Policy Dissemination Activities 

Including the full variety of multi-stakeholder perspectives had been crucial for the 
legitimacy of ‘Better AI’ design. Modelling activities presented in this volume tried 
to provide a quality space for participation and negotiation, where the diverse voices 
of all stakeholding communities could impact the shape of future AI systems in social 
welfare. 

However, Birhane et al. (2022) had warned against ‘participation washing’ (see 
discussion in Ahrweiler et al. 2025), which meant avoiding that participation of 
stakeholders had no consequences for decision-making: stakeholders need to see that 
their agency is increased by participation and that their input makes a difference. How 
could modelling results co-produced by heterogeneous stakeholders reach decision 
makers, the main target audience (Waibel et al. 2021) for the research presented in 
this volume? Governmental decisions on AI use in public administrations of national 
welfare systems provide one important access point for ‘Better AI’. Research results 
need to be made known to this audience and lead to policy learning and impact for 
change.
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Dissemination of Research to Policy in Spain 

Spanish policy modelling addressed public administrators as the main client group. It 
concluded that the inclusion of multiple stakeholders would be necessary for periodic 
policy evaluation and to update ethical standards in emerging ethical challenges and 
responsibilities in AI-based social services. The research recommended rigorous 
oversight to mitigate unforeseen impacts and ensure alignment with societal norms 
and ethical standards through responsive governance structures (Sabater et al. in this 
volume). 

The Spanish policy dissemination chapter demonstrated how participatory 
approaches can bridge the gap between technical design and lived realities in AI-
driven social services. By foregrounding compositional, contextual, and collective 
dimensions, and by embedding continuous oversight and grassroots participation, 
it provided a model for policy change that advanced AI FORA’s mission of fair, 
open, and responsible automation. At the same time, it suggested that participatory 
processes must be scaled, diversified, and sustained to ensure AI remains respon-
sive to the complex and evolving realities of social service provision. Spanish policy 
clients, particularly those involved in social service delivery and digital innovation 
agendas, reacted to the AI FORA results with a mix of recognition and cautious 
interest. On the one hand, the modelling activities—especially the ABM demon-
strations of inconsistency in welfare assessments—resonated strongly with policy-
makers, as they mirrored long-standing concerns about regional variation and the 
lack of coherent protocols across agencies. The simulations were seen as a diagnostic 
mirror that validated anecdotal experiences with empirical evidence, strengthening 
the case for structured training and common interpretive frameworks. On the other 
hand, the uptake of modelling insights into policy practise remained gradual. 

While there was enthusiasm for using simulation as a safe testbed for assessing 
fairness criteria and potential AI rulesets, institutional inertia, resource constraints, 
and limited technical expertise within administrations posed barriers to direct adop-
tion. Still, the participatory nature of the AI FORA process increased legitimacy 
in the eyes of policymakers, who acknowledged that models and workshops could 
support the European AI Act’s national implementation strategy. The Spanish case 
shows how research impact is less about immediate policy change and more about 
cultivating readiness: policymakers left with both a clearer understanding of algo-
rithmic governance risks and a toolkit for embedding participatory methods into 
future AI initiatives. 

The Spanish dissemination activities also carried wider implications for the 
concept of algorithmic governance and the practical rollout of the European AI 
Act. The workshops showed that algorithmic tools in social services do not merely 
automate existing procedures but actively reconfigure how decisions are made, moni-
tored, and legitimised. In this sense, AI systems become part of governance itself— 
shaping power relations between administrations, frontline workers, and citizens. 
By highlighting compositional, contextual, and collective dimensions, the Spanish
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case demonstrated that algorithmic governance must be grounded in participatory 
and place-sensitive frameworks if it is to avoid reinforcing structural inequalities. 

This insight directly resonates with the AI Act’s requirements for risk classifi-
cation, human oversight, and transparency obligations: Spain’s experience suggests 
that these obligations cannot remain box-ticking exercises, but need to be oper-
ationalised through continuous community involvement, auditing, and contextual 
adaptation. Thus, the Spanish policy lessons provide a practical pathway for embed-
ding the AI Act’s abstract principles into everyday governance, ensuring that 
regulation translates into equitable outcomes on the ground. 

Dissemination of Research to Policy in Germany 

In Germany, policy dissemination activities targeted current AI policies to integrate 
refugees into German society and job market. Policymakers from regional and federal 
levels, NGO representatives, and experts on migration and asylum procedures partic-
ipated in the dissemination activities (Spaeth et al. in this volume), where a simplified 
asylum system model was used as a discussion tool, based on the AI FORA ABM 
still under development. 

Policy clients’ reactions centred on several points: participants stressed that 
refugees often lack clear guidance. They welcomed the idea of AI-based tools to 
provide transparent information packages, including counselling and links to support 
organisations, which could improve refugees’ agency during the asylum process. 
Policymakers confirmed that inefficiency and lengthy asylum procedures are major 
problems, largely linked to fragmented and low-quality data. They saw potential in AI 
to streamline bureaucracy, speed up recognition of documents and qualifications, and 
improve translation services. However, they also stressed that poor data quality risks 
introducing unfairness at every stage. Clients acknowledged persistent inequalities 
in asylum outcomes depending on, for example, variations between federal states or 
individual administrators’ discretion. They valued the AI FORA modelling results 
for making such biases and ‘margins of discretion’ visible, but they also warned 
that AI should not reinforce these inequalities. AI was seen as potentially useful in 
reducing unfairness only if embedded in broader institutional reforms. The work-
shop highlighted that AI could be helpful in areas like career counselling and early 
labour market integration, but only if processes are redesigned to include refugees 
and supporting organisations in public administration workflows. The dissemination 
event therefore reinforced the view that technology cannot be a quick fix, but must 
be combined with participatory, systemic reforms. There were several key lessons 
for policymakers that emerged from this work on legitimacy in asylum governance 
and the role of AI. Agent-based modelling showed that overstretched administrations 
produce more errors, generating high appeal rates and undermining trust. Ensuring 
adequate staffing and resources is thus essential not only for efficiency but also 
for fairness. Refugee narratives further revealed that opaque procedures, poor inter-
pretation, and inconsistent decisions foster helplessness, emphasising the need for
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transparency in both processes and outcomes. AI cannot substitute for sound institu-
tional design: while it may improve information access and streamline procedures, 
legitimacy challenges arise primarily from structural and political factors such as 
organisational bias and federal variation. Embedding AI in governance frameworks 
that safeguard fairness, accountability, and human rights is therefore imperative. 

Participatory approaches, incorporating refugee and supporter perspectives, 
proved vital for exposing hidden biases and designing systems responsive to lived 
realities. Stakeholder engagement should be treated as a prerequisite, not an add-
on, to AI adoption. The German dissemination findings reinforced these insights, 
showing both opportunities and risks of algorithmic governance in asylum. They 
aligned with the EU AI Act’s principles, stressing that algorithmic tools must be 
coupled with institutional reform, democratic safeguards, and mechanisms to protect 
refugee agency. 

Dissemination of Research to Policy in Estonia 

In Estonia, policy modelling examined fairness in unemployment services. The 
ABM simulated the OTT, the decision-support system of the Estonian Unemploy-
ment Insurance Fund (EUIF), modelling jobseekers and consultants within a struc-
tured allocation process. The serious game, conducted with social science master’s 
students, allowed participants to take on the roles of clients and consultants, testing 
and adapting algorithmic rules over multiple iterations. The outcomes had already 
been shared with the management of the EUIF, the main client group of the research, 
enabling it to enhance its implementation processes. Further clients of policy dissem-
ination were key public institutions and policy support bodies, including the Estonian 
Statistical Board, Social Insurance Board, Health Board, the Foresight Centre of the 
Parliament, and the Tartu City Government (see Vihalemm et al. in this volume). 

Their reception of the AI FORA modelling results was generally positive. They 
valued how the ABM and serious game findings made fairness dilemmas and algo-
rithmic trade-offs concrete, especially the insight that adding more variables does not 
automatically produce fairer results. Participatory modelling was seen as an important 
awareness-raising and reflection tool that could inform future policy design. At the 
same time, participants stressed that for such models to have practical policy impact, 
Estonia needs stronger data infrastructures, improved interoperability, and clear 
ethical safeguards. They underlined that while the AI FORA simulations offered valu-
able conceptual and diagnostic tools, their uptake requires institutional reforms and 
sustained capacity building. In short, dissemination clients welcomed the project’s 
contribution as a stimulus for debate and as an educational resource but emphasised 
that policy implementation must go hand in hand with systemic reforms. 

Data governancewas identified as the most pressing issue. Barriers such as limited 
interoperability between institutions, inconsistent classifications, and outdated or 
inaccessible datasets hamper the development of reliable AI tools. Participants
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stressed the need for a national data strategy that aligns infrastructure with soci-
etal goals and ensures high-quality, ethically governed data. Furthermore, partic-
ipants discussed an unresolved tension between privacy and personalisation of 
services. Estonia has developed strong privacy instruments (e.g., consent services, 
data trackers), but these can limit personalisation and adaptability of welfare provi-
sion. The discussion highlighted that the debate cannot be reduced to ‘more privacy 
versus more efficiency’, but must move towards balanced solutions that respect 
rights while enabling innovation. The simulation game further demonstrated that 
citizens were more willing to share data if benefits are tangible—a valuable insight 
for policymakers designing future welfare systems. 

A key result of dissemination was a reinforced understanding that AI in welfare 
must be human-centred. Algorithms should not only be transparent and explainable 
but also co-created with stakeholders. Inclusion of practitioners, policymakers, and 
citizens in the design phase fosters both trust and practical relevance. The Estonian 
policy dissemination activities thus validated the AI FORA approach of participatory 
governance. Finally, they underlined the urgent need for capacity building. With 
30% of data-related posts in the Estonian public sector unfilled, the shortage of 
interdisciplinary expertise limits the effective governance of AI. Dissemination thus 
framed AI FORA findings as a call for training, cross-sector collaboration, and 
digital literacy, for both professionals and the public. 

The Estonian dissemination chapter showed clear policy impact by moving the 
debate away from technical optimisation towards systemic, participatory, and ethical 
considerations. It validated AI FORA’s hypothesis that stakeholder involvement 
improves transparency and ethical alignment. Limitations included the relatively 
small workshop sample of eight experts and the absence of direct citizen voices 
beyond student simulations. Still, the dissemination managed to bridge technical 
findings from ABM and serious games into practical, policy-relevant lessons for 
Estonia’s welfare governance. 

The Estonian findings highlight two specific lessons for the EU AI Act’s 
framework: 

• First, ensuring compliance with the AI Act requires robust national data ecosys-
tems and interoperable standards, without which even the most advanced legal 
safeguards risk remaining ineffective. 

• Second, participatory modelling approaches like those piloted in AI FORA 
provide a practical methodology for implementing the Act’s provisions on 
stakeholder involvement, bias detection, and continuous monitoring. 

Thus, the Estonian dissemination shows that the European AI Act will only achieve 
its aims if supported by institutional reforms, cross-sector expertise, and participa-
tory governance mechanisms at national level. Estonia’s experience illustrates that 
algorithmic governance cannot be reduced to legal compliance alone but must be 
grounded in inclusive and context-sensitive practices that build trust in AI-enabled 
welfare systems.
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Implications of Policy Modelling for Iran 

Although no direct policy dissemination activities such as policy workshops were 
conducted in Iran, from a methodological standpoint, the ABM bridged technical 
analysis and policy needs by offering a testbed for experimenting with different 
policy designs in a transparent, data-driven way (Bashiri in this volume). Its 
strength consisted in linking household-level simulation to systemic outcomes, 
thereby showing both the micro- and macro-level effects of subsidy interventions 
by policy. Overall, the Iranian modelling provided valuable insights into the poten-
tial of ABM for policy evaluation in highly volatile economic contexts. It under-
lined that while data-driven targeting and transparency can strengthen public trust 
and improve subsidy allocation, these measures alone cannot overcome structural 
economic pressures. 

For policy, the key lesson was that targeted welfare reforms have to be embedded 
within broader macroeconomic stabilisation strategies to achieve sustainable poverty 
reduction and equity goals. Some direct policy recommendations can be deduced 
from the Iranian case study: 

• Improve targeting through data-driven methods. 

• Enhance the accuracy of identifying eligible households by refining and 
cleaning the Iranian Welfare Database (IWDB). 

• Ensure regular updates of household data and use AI/ML tools to predict 
income behaviour, bankruptcy risk, or hidden vulnerabilities. 

• Strengthen resistance to external economic shocks. 

• Complement cash subsidies with broader macroeconomic stabilisation poli-
cies, especially those addressing inflation, sanctions, and currency devaluation. 

• Recognise that subsidies alone cannot counter structural economic inequalities 
without supportive economic reforms. 

• Maintain transparency and public trust. 

• Continue the practice of annual reviews and public disclosure of household 
groupings. 

• Use these transparency measures to strengthen citizen trust in subsidy 
allocation and reduce perceptions of arbitrariness. 

• Integrate complementary support measures. 

• Consider extending the model to test alternative policies, such as non-cash 
subsidies (e.g., food vouchers) or investments in education and training. 

• Explore policy mixes that combine direct cash transfers with broader social 
welfare interventions. 

• Leverage ABM as a policy-support tool.
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• Use agent-based modelling as a dynamic simulation environment for testing 
alternative scenarios before implementation. 

• Apply ABM in participatory settings (e.g., with policymakers and citizen 
representatives) to evaluate trade-offs in subsidy design. 

Implications of Policy Modelling for India 

Similar implications can be drawn from the India case study, in which the ABM 
bridged technical analysis and policy demand: there needs to be continuous improve-
ment of the Public Distribution System (PDS) to address the diverse needs of its 
beneficiaries and enhance its role as a critical safety net in India’s social welfare 
landscape. By embedding fairness, transparency, and accountability as measurable 
indicators within the simulation, the Indian model demonstrated how targeted inter-
ventions—such as increasing inspection frequency, improving stock logistics, and 
introducing adaptive oversight—can significantly improve service delivery. Policy-
makers can use such models as policy sandboxes, testing the systemic impact of 
different regulatory or operational strategies before large-scale deployment. 

The simulations also underscored that corruption and leakage are not merely 
technical flaws but structural risks requiring continuous monitoring and responsive 
governance frameworks, aligning with India’s broader push towards digital public 
infrastructure. Furthermore, the findings suggest that scaling such ABM to district or 
state levels could help identify regional vulnerabilities, tailor inspection strategies, 
and improve trust in welfare systems. In short, the Indian ABM showed that compu-
tational models can serve as diagnostic and anticipatory tools, guiding reforms that 
make large-scale welfare systems not only more efficient but also more ethically 
robust. 

AI FORA Policy Modelling in the United States 

In the United States, a dedicated workshop ‘Policy Modelling meets Policy Practice’ 
was held in Washington D.C. at the side of the Annual Modeling and Simulation 
Conference ‘ANNSIM 2024’ to inform policy representatives of the White House 
and others about the results of the American case study. The workshop exposed 
US policymakers and modellers, many with backgrounds in public health, defence 
operations, border security, and environmental policy, to the AI FORA agenda of 
fairness and participatory modelling. The workshop deliberately invited US policy-
makers experienced in federal science and technology policy, security, and public 
administration, alongside academic modellers. This reflected American institutional 
priorities, where AI and modelling are often framed in terms of national security, 
resilience, and large-scale system management rather than welfare administration. 
It was designed as a ‘Trojan horse’ intervention (see Johnston et al. in this volume),
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embedding AI FORA’s insights on participatory modelling within an established US 
modelling community that typically values technical sophistication and predictive 
power over ethical deliberation. 

By bringing policymakers and practitioners into co-modelling exercises, the 
event sought to make US decisionmakers active discoverers of insights rather than 
passive recipients of European case results. Discussions reflected US-specific preoc-
cupations: pandemic response modelling, climate adaptation, urban zoning and 
displacement, and AI FORA-specific: welfare eligibility simulations. 

These examples aligned with current US federal and state policy debates about 
preparedness, equity, and risk management. The workshop highlighted structural 
challenges distinctive to the American science–policy interface: a strong academic 
incentive system focused on novelty and publication and a fragmented governance 
landscape where data access and authority are dispersed across agencies. Participants 
pointed to the need for translational research centres and boundary-spanner roles 
in the US to connect computational modelling with policymaking more effectively. 
Ethical debates during the workshop resonated with American policy concerns about 
the representation of marginalised groups, power asymmetries, and transparency in 
defence and border modelling. Indigenous land-use modelling and vaccine equity 
simulations were cited as examples of US-based participatory projects that could 
inspire future AI FORA-like work. 

The US policy dissemination activities situated AI FORA principles within Amer-
ican institutional and cultural contexts—especially the modelling and simulation 
community that shapes defence, security, and public health policy. 

Comparing Policy Dissemination across AI FORA Case 
Studies 

The AI FORA project sought to ensure that modelling results did not remain confined 
to academic discourse but were disseminated to policy audiences across participating 
countries. Dissemination was conceived not as a peripheral add-on, but as a core 
element of the project’s methodology: By engaging policymakers, administrators, 
and practitioners with participatory models, simulations, and workshops, the project 
aimed to generate not only awareness but also policy learning and readiness for 
change. A comparative look across the national dissemination activities reveals both 
striking commonalities and context-specific differences in how modelling results 
were received, interpreted, and translated into policy debates.
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Shared Patterns of Reception 

Across all case studies, the dissemination activities confirmed AI FORA’s key hypoth-
esis: Stakeholder involvement enhances transparency and ethical alignment of AI-
supported decision-making. Whether through gamification workshops in Spain and 
Estonia, policy dialogues in Germany, or simulation-based policy sandboxes in India 
and Iran, the participatory approach was consistently recognised by policy clients as 
adding legitimacy to both the research process and its policy relevance. In practice, 
this meant that AI was rarely seen as a replacement for human judgement, but rather 
as a support tool that could augment administrative processes, improve transparency, 
and provide diagnostic insights into systemic weaknesses. Another common thread 
was the centrality of data quality and governance. In Spain, Germany, and Estonia, 
policymakers identified fragmented, inconsistent, or biased datasets as a core barrier 
to fair and effective AI integration in welfare provision. Similarly, in Iran and India, 
while large administrative datasets were available and provided a strong basis for 
technical modelling, the challenge lay in ensuring that data-driven classifications did 
not misrepresent lived realities or reinforce structural inequalities. 

Across contexts, dissemination activities highlighted the need to couple technical 
AI design with institutional reforms in data infrastructures, governance frameworks, 
and accountability mechanisms. They reinforced the perception that AI alone cannot 
‘fix’ structural problems. Policy clients valued simulations and workshops as Safe 
Spaces for experimentation and reflection, yet they cautioned against technological 
quick fixes. Instead, the models were seen as tools for diagnosis, awareness-raising, 
and policy preparation—contributing to long-term readiness rather than immediate 
reform. This insight resonates strongly with ongoing European debates on algo-
rithmic governance and the implementation of the EU AI Act: Regulation must 
be accompanied by participatory practices and institutional reforms to ensure that 
principles such as fairness, transparency, and accountability translate into practice. 

National Differences 

Despite these shared patterns, the dissemination experiences varied considerably in 
focus, reception, and impact pathways. Spain centred on social services and welfare 
assessments. Here, policy administrators welcomed the ABM demonstrations as a 
diagnostic mirror that empirically confirmed long-standing concerns about regional 
variation and inconsistent assessment protocols. The modelling results resonated 
strongly with anecdotal evidence, and policymakers expressed cautious interest in 
embedding participatory evaluation into welfare governance. Yet, uptake into practice 
was gradual, constrained by limited technical expertise and institutional inertia. 

Germany focused dissemination on asylum and refugee integration policies, with 
policymakers and NGOs as key clients. The simplified asylum system model and 
accompanying discussions made biases in interpreter quality, federal state practices, 
and administrative discretion visible. Policy clients valued these insights for exposing 
‘margins of discretion’ and legitimising calls for systemic reform. At the same time,
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they underlined that AI could only play a supportive role, for example in providing 
digital counselling or translation tools, and that legitimacy problems were rooted in 
deeper institutional and political structures. Dissemination thus reinforced the need 
for participatory design and systemic reforms as preconditions for any meaningful 
AI integration. 

Estonia, with its reputation as a digital pioneer, offered a different perspec-
tive. Here, dissemination reached a broad set of public institutions, including the 
Unemployment Insurance Fund, the Statistical Board, and the Foresight Centre of 
Parliament. Clients appreciated how serious games and ABM simulations made fair-
ness dilemmas tangible, particularly the insight that adding more variables does not 
automatically produce fairer outcomes. However, participants stressed that systemic 
reforms, in particular improved data infrastructures, interoperability, and capacity 
building, were indispensable for turning such conceptual insights into practice. 
The Estonian case thereby shifted the debate from technical optimisation towards 
systemic, participatory, and ethical considerations. 

Iran presented a case where dissemination in the form of participatory work-
shops did not take place, but where the ABM of the Targeted Subsidies Plan itself 
offered important lessons for policy. The model showed that targeted subsidies can 
provide short-term welfare improvements and build trust through transparency, yet 
its effectiveness is severely constrained by macroeconomic shocks such as inflation 
and sanctions. Dissemination here was primarily technical, and the case revealed 
the need for participatory approaches that could complement data-driven classifica-
tion with lived perspectives of low-income households. Such methods could have 
strengthened both fairness and legitimacy in subsidy allocation. 

India also used ABM as a diagnostic and anticipatory tool, focusing on the Public 
Distribution System. Dissemination underscored how embedding fairness, trans-
parency, and accountability as measurable indicators in the model created a shared 
vocabulary with policymakers. Clients valued the ABM as a policy sandbox that 
could test interventions such as targeted inspections or improved logistics. 

However, they also recognised that corruption and leakage were structural risks 
that required continuous monitoring and responsive governance frameworks, beyond 
what modelling alone could solve. 

The United States offered a markedly different context. Here, dissemination was 
embedded in a national policy modelling workshop in Washington D.C., framed less 
around welfare administration and more around national security, resilience, and 
large-scale system management. The ‘Trojan horse’ approach of participatory co-
modelling succeeded in engaging policy representatives by allowing them to discover 
insights through active participation. While the framing differed from European 
welfare debates, the US case illustrated that participatory modelling can be flexibly 
adapted to diverse institutional cultures, provided it aligns with policy priorities and 
institutional logics.
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Implications for Algorithmic Governance 

Taken together, the dissemination experiences across countries illuminate the oppor-
tunities and limits of participatory policy modelling as a pathway towards ‘Better 
AI’. Spain, Germany, and Estonia demonstrate how participatory approaches can 
bring policy clients closer to the principles enshrined in the EU AI Act—such as 
transparency, human oversight, and risk-based governance—by embedding them in 
practical deliberative settings. Iran and India, while less participatory in dissemina-
tion, highlight how modelling can serve as a diagnostic and anticipatory tool but also 
underline that without participatory engagement and systemic reforms, data-driven 
AI risks falling short of ethical alignment. The US case, finally, shows how dissemi-
nation strategies must adapt to national policy cultures, with participatory modelling 
offering a versatile ‘Trojan horse’ for bridging the gap between technical research 
and policy practice. Across contexts, the lesson is clear: Participatory modelling and 
serious games provide powerful methods for exposing biases, surfacing tacit knowl-
edge, and building shared frameworks for fairness. Yet, their policy impact depends 
on more than technical insight: It requires institutional willingness, systemic reforms, 
and sustained engagement with the very communities whose lives are shaped by 
algorithmic governance. 

Policy Lessons of AI FORA 

Taken together, the AI FORA dissemination activities across Spain, Germany, 
Estonia, Iran, India, and the United States underscore a shared reality: algorithmic 
governance in welfare contexts is as much about institutions and culture as it is 
about technology. Models and serious games provided valuable policy sandboxes, 
enabling stakeholders to test rules, explore systemic effects, and confront ethical 
dilemmas in a safe environment. Yet, across all cases, uptake into practice depended 
on whether institutions were willing and able to translate these insights into reforms 
of data governance, participatory processes, and administrative design. 

Several takeaway lessons for policymakers emerged. First, governments must 
invest in translation capacity—dedicated roles or ‘knowledge brokers’ that bridge 
technical research on bias and predictive modelling with the policy world. 

Here, the AI FORA project played that translational role as knowledge broker 
by organising policy workshops. However, it would be preferable if this role would 
be institutionalised from the side of the clients, creating a further actor outside the 
knowledge-generating research project. Second, participatory governance needs to 
be institutionalised: citizen panels, co-design workshops, and community scorecards 
should become standard features of AI in welfare systems, moving beyond ad hoc 
consultation. Third, as especially the Spanish case study emphasised, AI systems 
must be treated as dynamic and evolving, requiring continuous auditing, recalibra-
tion, and stakeholder feedback to prevent unintended harms. A central thread is 
the need to address data bias systematically. Without robust standards for quality,
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comparability, and ethical safeguards, AI will simply reproduce existing inequities. 
Similarly, the dissemination effort highlighted the value of fostering interpretive 
cultures: training, simulations, and collaborative exercises help frontline staff and 
administrators develop shared understandings of fairness and consistency in applying 
algorithmic tools. Policymakers should also adopt hybrid evaluation approaches— 
using ABM and gamification not only to refine algorithms but also to anticipate 
systemic effects, identify hidden assumptions, and explore alternative governance 
scenarios. 

Finally, dissemination shifted the narrative:AI should be seen neither as a panacea 
nor a threat, but as a complex tool requiring inclusive, place-sensitive governance. 
Routine and binary decisions may be automated, but complex and ethically sensitive 
cases demand hybrid approaches where algorithms support, but do not replace, human 
judgement. Continuous cross-sectoral collaboration is vital to counteract both algo-
rithmic and human bias. As the AI FORA cases demonstrate, simulation and partic-
ipatory modelling are powerful instruments for building such reflective, accountable 
governance frameworks—turning the abstract obligations of the EU AI Act and 
broader algorithmic governance debates into practical, actionable strategies. 

Conclusion 

Across the diverse case studies presented in this volume, participatory modelling 
emerges as both a methodological innovation and a democratic imperative for the 
governance of AI in welfare systems. Whether through agent-based modelling, 
serious games, or hybrid participatory workshops, the AI FORA project demon-
strates that technical optimisation alone cannot ensure fairness, transparency, or 
legitimacy. Instead, meaningful stakeholder involvement—of social workers, policy-
makers, refugees, beneficiaries, and citizens—proved essential for surfacing hidden 
biases, contextualising algorithmic rules, and negotiating what fairness means in 
practice. 

A central lesson is that algorithmic governance must be understood not as a 
purely technical domain but as an arena where power, trust, and accountability are 
constantly renegotiated. The Spanish and Estonian cases highlighted how participa-
tory approaches can build interpretive cultures around fairness, while the German 
study illuminated systemic trade-offs between bureaucratic legitimacy and refugee 
agency. The Iranian and Indian cases underscored that even well-designed technical 
systems remain vulnerable to structural inequities and macroeconomic pressures 
unless accompanied by participatory oversight and institutional reform. 

Taken together, these findings confirm AI FORA’s central hypothesis: Stake-
holder engagement enhances the ethical alignment and transparency of AI-supported 
decision-making. Yet, they also caution against ‘participation washing’: participatory 
methods only build legitimacy when they demonstrably shape outcomes and inform 
policy practice. For this reason, participatory modelling should not be treated as a
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one-off experiment but institutionalised as part of an ongoing cycle of evaluation, 
recalibration, and co-design. 

Looking forward, the challenge for policymakers is to embed such approaches into 
broader governance frameworks, aligning them with the requirements of the Euro-
pean AI Act and similar regulatory initiatives worldwide. Doing so means investing 
in translation capacity, robust data infrastructures, and sustained participatory mech-
anisms that allow affected communities to shape AI systems as co-designers rather 
than passive subjects. Only then can AI in welfare provision evolve from a source of 
risk and exclusion into an instrument of equity, trust, and democratic accountability. 
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