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ABSTRACT

THE FUZZY LINE BETWEEN STRUCTURE AND AGENCY: A FUZZY
INFERENCE APPROACH TO MODELING AGENT RESPONSE TO GOVERNING
INSTITUTIONS

Brant M. Horio, Ph.D.
George Mason University, 2024

Dissertation Director: Dr. Robert L. Axtell

The representative realism of agent behaviors and emergent system phenomena in agent-
based models (ABMs) plays a crucial role in computational social science and the study of
social systems. As ABMs become more prevalent in mainstream use, informing the design
of public policy decisions and other societal governance functions, the importance of
ensuring credible simulated agent decisions becomes increasingly critical. In pursuit of this
realism goal, ABM researchers have explored computational frameworks for both sides of
a classical sociological theory debate concerning the primacy of structure or agency in
shaping individual behavior, as well as integrative theories which challenges the rigid
dichotomy between structure and agency. Integrative theories reject the notion of structure
as purely deterministic and agency as completely unconstrained, emphasizing the active

role of individuals in shaping and being shaped by social contexts.



While sociological theory-based ABMs are richly represented in the literature,
there is limited computational research focusing on operationalizing these integrative
theories that bridge structure and agency. To address this gap, | propose fuzzy agent-based
institutional modeling (FABIM) as an approach to emphasize social institutions and their
influence on the reflexivity of agents—their adaptive capacity for considering strategies,
rules, norms, or obligations in action decisions that comply with a dynamic internal mental
model of social standards. My approach seeks a novel method for capturing the
interdependent dynamics between institutional governance (structure) and deontic
reasoning of individuals (agency). This work presents three contributions aimed at bridging
the gap between theory and representative realism in computational modeling.

Firstly, I build upon existing work for computationally characterizing structure
within societies by incorporating the ADICO grammar of institutions by Crawford and
Ostrom (1994) into ABMs. | introduce a sub-grammar in context of ABMs for each
ADICO element, allowing for parameterization of agent reasoning and consideration of
institutional tradeoffs.

Secondly, fuzzy logic is implemented to connect individual context and
interpretation of structure, to reasoning and subsequent action. This is achieved through
the introduction of fuzzy logic functions that represent diverse and imprecise mental
models of individuals, which capture varying degrees of support for governing institutions
in different social contexts. These functions are integrated into a fuzzy inference system,
serving as a heuristic construct for both framing and modeling the decision-making process

of computational agents.



Finally, 1 implemented and operationalized the first two contributions to
demonstrate TABIM as an approach to apply within a computational framework, the
theoretical foundations and dynamics between structure and agency.

To examine and validate these advancements, a simple model of the commons
governed by social institutions is used to examine each contribution. The research
concludes with a discussion on the potential utility and application of the proposed fABIM
concept to more representative real-world scenarios, specifically those characterized by
highly divisive social contexts that are concerned about complicity of populations to
imposed top-down structure (e.g., mandates). Such scenarios, for example, the inconsistent
response of the US population to adopting nonpharmaceutical interventions during the
COVID-19 pandemic, highlight the significant impact that voluntaristic action can have on
emergent societal outcomes that depend upon complicity with social institutions. Toward
this, the central thesis of this research proposes that enhancing realism in models that
capture adaptive individual agency in response to institutional governance holds broad

applications, particularly for evidence-based policy development and decision-support.



CHAPTER 1: INTRODUCTION

| placeda jar in Tennessee,
And round it was, upon a hill.
It made the slovenly wilderness
Surround that hill.
The wilderness rose up to it,
And sprawled around, no longer wild.
The jar was round upon the ground
And tall and of a port in air.
It tookdominion everywhere.
The jar was gray and bare.
It did not give of bird or bush,
Like nothing else in Tennessee.
MOTIVATION
I recently discovered Wallace Stevens’s poem, 'Anecdote of the Jar,' from 1923, which
elegantly illustrates the central idea underlying my research: the transformative influence
of individual agency. Stevens portrays this through the metaphor of a jar and its intentional
alteration of the landscape, thereby changing how we perceive that environment both now
and for the future.
The poem also suggests an underlying institutional structure that defined and
governed the Tennessee hill—prior to the introduction of the jar, the prevailing tacit norm

shaped the reality of that place, dictating that the wilderness should remain untouched by

artificiality, both in the present and in envisioned futures. However, with the jar, there was



a deliberate breaking of this institution. A new normative understanding for the wilderness
emerges as one inclusive of artificiality and influences how we might now perceive and
interact with the hill.

These reflections on Stevens's poem align with ongoing debates in sociology about
the primacy of individual agency or social structures for shaping our actions, behaviors,
and society. In social science, qualitative research has contributed greatly to validation of
these ideas, offering rich, context-specific insights. Increasingly however, computational
models, especially agent-based models (ABMs), are being used to examine, test, and
develop new theories about social dynamics. ABMs simulate populations of computational
agents—software entities that are virtualizations of human individuals—that mirror the
characteristics, beliefs, and decision-making processes observed in actual populations. By
observing these simulations and the emergent system-level effects that result from dynamic
interactions between agents and their environment, researchers gain a deeper understanding
of societal behaviors and phenomena.

Computational social science is a research field that applies these computational
methods, such as ABMs, to vast amounts of increasingly available human behavioral data
(Lazer et al., 2020). This approach contrasts with traditional qualitative methods by
allowing experimentation with complex social concepts and synthetic populations in
simulated environments. These simulations enable exploration of a wide range of scenarios
in a controlled, digital research setting. This is useful as it allows for highly adaptable

digital representations of diverse sociological theories and testing them quantitatively,



from simple models to empirically calibrated, detailed simulations of real-world
populations.

Representative realism is crucial for these sociological ABMs if they are to provide
credible foundations for potential real-world applications. Toward realism of
computational agents, substantial research has focused on decision models that realistically
approximate human action and behavior. This has resulted in the development of a diverse
array of plausible cognitive models at the agent level, spanning from fully rational
optimization to neurologically inspired cognitive architectures (Balke & Gilbert, 2014;
DeAngelis & Diaz, 2019).

My research is motivated by contributing to this body of work for better
representative agents. | seek to provide computational formalisms for ABMs that focus on
human decision-making in the presence of governing institutional structures. The emphasis
is on feedback dynamics that can give rise to evolutionary changes in structure from
deliberative agency that is not bound by rigid adherence to existing norms. Drawing
inspiration from the "Anecdote of the Jar,” the motivation can be likened to
computationally modeling the speaker's deliberate departure from the normative
understanding of the current state of the Tennessee hill, and the resulting coevolution of
the speaker’s observable world (wilderness with introduced artificiality), structure
(updated tacit norm to define behavior within a new definition of wilderness), and agency

(new action possibilities to interact with the hill and surrounding landscape).



While intended to be relevant to a wide range of contemporary societal challenges,

| propose that a generalization of scenarios with ideal applicability for my research can be

defined by three primary characteristics:

T

1

Top-down imposition of institution(s)-in-form (e.g., rules, mandates, laws) are
introduced to the system, and individuals must reason about the level of their
agreement with those institutions, considering the current state of themselves,
relevant others, and their world perspective. For example, consider politicized or
divisive issues with considerable internal and external conflicts that must be
resolved at the individual level.

In-network influences from social institution(s)-in-use (e.g., tacit norms, tribal
identity, and associated behavioral expectations) are many and significantly
influence the reasoning process. These influences come from multiple sources
simultaneously and may be contradictory.

A dependency on cooperation for desired system outcomes characterizes the
motivation for the institutions-in-form, with noncompliance posing a significant
risk to achieving that desired outcome (e.g., natural resource management,
population health).

To illustrate these proposed characteristics, consider the context of the COVID-19

pandemic, a global health crisis caused by the emergence of the novel coronavirus SARS-

CoV-2. Originating in late 2019 in Wuhan, Hubei Province, China, the virus rapidly

evolved into a worldwide pandemic, spreading through respiratory droplets and infecting

millions globally (WHO, 2023). This crisis profoundly impacted public health, economies,



and daily routines (Khalifa et al., 2021). To curb the virus's spread, diverse non-
pharmaceutical interventions (NPIs) were implemented internationally, ranging from mask
mandates and physical distancing to stay-at-home orders and the closure of non-essential
establishments (Yang et al., 2021). In the absence of effective vaccines, these NPIs became
the principal means of defense, though success was completely dependent on public
adoption.

In the early stages of the pandemic, the United States demonstrated positive
compliance with NPIs, marked by widespread mask wearing and adherence to social
distancing guidelines (Kai et al., 2020). However, variations in compliance emerged across
states, reflecting resistance to certain measures such as stay-at-home orders and travel
restrictions. As time progressed, political divisions, for example, manifesting as
politicization of the face mask (Kahane, 2021; Scoville, McCumber, & Jeon, 2022), and
mistrust in imposed regulations from governmental bodies eroded NPI compliance,
particularly in the US, potentially contributing to the nation's high infection and mortality
rates (Bolsen & Palm 2022).

Throughout the pandemic, epidemiological analytic tools and models played a
pivotal role in informing governmental and policy decisions. Accurate predictions were
vital for strategizing responses to anticipated healthcare system stress, shortages of
personal protective equipment (PPE), hospital bed availability, and medical personnel
deployment. Social implications included significant impacts to communities, households,
earnings, and education. The economic toll was also considerable, particularly impacting

sectors like travel, hospitality, dining, and retail. These models had direct influence on



related policies, preemptively projecting ramifications for decision makers. Models
underwent constant refinement, adjusting to evolving data, new discoveries (e.g., NPI
efficacy, virus mutations), and shifting priorities. However, while many models focused
on how disease spread based on assumptions for NPl compliance within communities, few
effectively factored for the heterogeneity and complex diversity of individual response to
NPIs. Instead, they often assumed uniform and static compliance levels, neglecting the
nuanced interdependence and dynamics between sociological factors and individual
behavior. This is a major limitation. For example, research demonstrates that NPIs like
social distancing (Wellenius et al., 2021) and masking (Kai et al., 2020) predicts decrease
in virus transmission, emphasizing the potential sensitivity of contagion patterns to
population compliance with NPI-driven institutions. The implication is that failure to
account for a diversity of likely NPl compliance (and how it might dynamically change as
the situation evolves for individuals, their networks, and communities) could significantly
impact the accuracy and realism of modeled outcomes, and thus its utility.

Considering the COVID-19 pandemic as illustrative framing for the research
motivation, my objective is to enhance representativeness of the modeling toolkit available
to policymakers for similar scenarios, emphasizing individual agency within the context of
imposed structural institutions.

RESEARCH QUESTIONS
Given my research focus on emergent system outcomes, dynamic interdependencies, and
an emphasis on individual decision making, the starting assumption is that ABMs are the

most effective investigative tool for this effort. Assuming the ABM paradigm, the primary



question | seek to address then becomes: how can we improve the modeling of individual
agreement with externally imposed institutions(s), improving the accuracy and
realism of projected behaviors at the population level?

From a policymaker's standpoint, enhancing the capacity to anticipate population
responses holds the potential to empower more effective proactive strategies and resilient
measures. More specifically, the primary question can be decomposed into the following,
which also sequentially addresses the design and organization of my research approach:

1 Regarding structure, can governing social institutions be effectively modeled in
ABMs to computationally represent both institutions-in-form (e.g., rules, laws) and
institutions-in-use (e.g., tacit norms)?

1 Regarding agency, can the deontic reasoning process of agents be modeled to
account for a diversity of individuals’ uncertainty when considering tradeoffs
between institution objective(s) and possible sanctions, internal values, and
external influence(s)?

RESEARCH APPROACH

It is useful to present a high-level framework for the research motivation concepts before
| describe the technical approach and where within this framework the research will focus.
Figure 1 presents my simplified characterization of the interdependent dynamics between
structure, agency, and the observable world. For convenience, | hereafter refer to this as
the structureagencyworld (SAW) frameworénd will discuss its sociological foundations

and origin in the Foundations section of this dissertation.
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Figure 1. Orienting the research focus of deontic reasoning against the SAW framework.

The context of this framework is specific to an individual and what is observable
to them. The Structure node encompasses both institutions-in-form and institutions-in-use,
which hold relevance for a given agent. The Observable World node reflects the impacts
of the agent actions (and of the population) on the system. The Agency node captures the
reasoning process and action decisions of the agent. The connections within the framework
delineate essential interactions: Structure can restrict or enable Agency, with Agency's
outputs subsequently reinforcing or modifying Structure. Agency, influenced by Structure,
can alter the Observable World, while changes in the emergent system, reflected in the
Observable World, feed back into considerations within Agency's decision-making
process. The small feedback loop on the Agency node indicates a continuous process of
social interaction with others that an individual may be networked with. Lastly, via

Agency, updates in the World can exert an influence on Structure.



Within this framework, the SAW model puts a clear emphasis on the Agency node,
which is depicted as the principal mechanistic driver for the emergence of change within
the system, with Structure and Observable World representing substantial influencers.

Superimposed onto the SAW framework are three dashed lines annotated as
‘deontic reasoning filters." This orients the core emphasis of the research objectives and
approach—an agent-specific deontic reasoning process that integrates an individualized
filtering of influences from Structure (institutions), the Observable World (observable
system state changes), and interactions with others. Consequently, my research
concentrates on the Agency node and the modeling of the deontic reasoning process of the
SAW framework within individual agents.

Toward the research questions, the approach is organized around three sequential
efforts: foundation model; reasoning model; and experiments. An overview of my research
approach is shown in Figure 2.

The first effort, ‘Foundation Model,” is to agentize the SAW framework and
establish a foundational model for the research. This requires the capability to model the
agency of individuals as they decide on actions, and the modeling of governing social
institutions. | effectively develop this capability by parameterizing each node in the SAW
framework to enable modeling of the complex relationships between structure, agency, and

the agent’s observable world.



Fuzzy Agent-based Institutional Modeling ( fABIM )

Foundation Model
(“‘ABIM’)
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Reasoning Model
( ‘fuzzyDR’)

Model degree of
agreement with
institutions

Integrate fuzzy logicfor
deontic reasoning, which
adjudicates uncertainty of
agreement with imposed
institutions.

Experiments

Concept: Level O validation of
fABIM approach, with notional
evaluation of agent response to
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Use Case: Level 1 validation
experiments of fABIM approach in
context of institution scenarios
using a common pool resource
management model.

Figure 2. Overview of the fABIM research approach.

Agent-based institutional modeling (ABIM) will serve as the basis for the

foundation model, a nascent computational approach at the intersection of ABMs and

institutional analysis. The institutional analysis component of ABIM has had progress

(Smajgl, 1zquierdo, & Huigen, 2008, 2010; Ghorbani & Bravo, 2016; Ghorbani, 2022) that

primarily focused on implementing within the ABM paradigm, the ADICO grammar of

institutions developed by Crawford and Ostrom (1995). This grammar, described in full in

the Foundations section, provides a standardized syntax for characterizing the institutional

framework of social systems. The agent-specific focus of ABIM and its allowance for

explicit representation of institutions is ideal for the Agency- and Structure-specific context

of the SAW framework.

The second effort. ‘Reasoning Model,’ is to establish a system for agent reasoning

through the novel application of fuzzy logic. Fuzzy logic, as introduced by Zadeh (1965),
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is a formal approach to modeling multi-valued logical reasoning with imprecise
information and gradations of truth. My interest in fuzzy logic for this research is based on
the observation that humans make decisions based on imprecise and non-numerical
information. | propose that the conceptual origins and defining features of fuzzy logic are
ideal for modeling an individual’s nuanced degree of agreement with the social institutions
around them. Fuzzy logic theory also conveniently allows for consideration of multiple and
simultaneous inputs that may influence an individual’s mental model for institutional
agreement. For instance, take the earlier example about research motivation during the
COVID-19 pandemic. There could be conflicts in decision-making about mask mandates
based on several factors: an individual's health status, the health status of their close
contacts, and the expectations set by their political affiliations or other group norms. These
influences are not only vague and overlapping but also subject to change. For example, a
person might find themselves partially agreeing and disagreeing with aspects of a social
institution's stance simultaneously.

To address these ideas, | introduce a fuzzy deontic reasonin@uzzyDR inference
system that seeks to computationally model a dynamic representation of so called ‘delta
parameters’ (moral and social factors in the language of the ADICO grammar), that reflect
key considerations by agents as they weigh the tradeoffs between agreeing or disagreeing
with institutions.

My proposed integration of fuzzyDR into ABIM provides a computational method

for representing internal deliberation and action decisions by agents within an institutional
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framing. I will refer to this integrated approach as fuzzy agenbased institutional modeling
(FABIM).

The final effort in the approach, ‘Experiments,’ is to verify the fABIM approach
and to run computational experiments to further examine its potential usefulness in
answering the research questions. | propose three experiments, each aligned to one of the
posed research questions and described in Chapters 4, 5, and 6, respectively.

The first experiment (‘Concept’) tests the foundational model with simple
institutions. This includes basic experimentation with simple fuzzy logic functions against
those institutions to verify successful ABIM implementation and the fuzzyDR inference
system. The second experiment (‘Use Case’) will apply this foundational model to a simple
system of the commons, where the population is competing for common pool resources,
and as they become more resource poor, will be placed into a position of conflict where
they must reason between their increasing inability to meet basic needs and governing
institutions meant to preserve the commons.

For the experiments, | will follow the model validation framework presented by
Axtell and Epstein (1994) for examining ABMs. The first ‘Concept’ experiment targets
Level 0 (stylistic) validation, and the second ‘Use Case’ experiment targets Level 1
(qualitative agreement) validation. The intent is to prove out the basal components of this
effort, and through design of experiments, robustly consider the performance of the fABIM
approach against a battery of scenarios and edge cases. This will set up future modeling
efforts to compare against real-world scenarios with available empirical data necessary for

Level 2 (quantitative agreement with empirical macro patterns) validation. Future research
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plans are to continue this work using more complex scenarios, for example, by applying
the fABIM approach to the COVID-19 NPI example scenario from the research motivation.
CONTRIBUTIONS

Ultimately, my research seeks to offer a methodological perspective that would provide
additional agent decision making tools for computational social scientists and the
development of social simulation models.

Technically, | define an approach to consider agent decision systems grounded in
the dynamics of structure, agency, and feedback loops that continually update agent mental
models based on their observable world. This research advances the field of ABIM through
the application of fuzzy logic to the deontic reasoning of agents as they consider action for
or against institutional rules and norms. If ABIM research is to be a more influential tool
in policy making, we must resolve a common assumption in the literature that applies a
uniform degree of compliance by the population for governing social institutions—this is
critically limiting and cannot be a viable assumption for policy models that are meant to
practically inform decision makers.

Conceptually, | contribute with fABIM, a demonstrative method aimed at
operationalizing field data from institutional analysis within agent-based modeling. This
builds upon prior research but distinguishes itself by highlighting the significance of
ADICQ’s delta parameters as a measure of the conflict or deviation between an individual's
perceived state and the defining institutions that surround them. Computational

implementation of these delta parameters, not explored in existing literature, shape
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computational agents' behavior in the presence of governing institutions and the inherent
uncertainty in their knowledge of themselves, their networks, and their observable world.
In summary, while progress has been made in ABIM and fuzzy logic integration,
to the best of my knowledge, minimal or no work appears to have addressed fuzzy logic in
support of ABIM's deontic aspect, specifically, the concept of the institutional grammar
delta parameter. The technical approach proposed by this fABIM research aims to
democratize these advancements for other scholars and public policy researchers.
| don't contend that my proposed methodology is useful all social simulation
purposes and scenarios, but it could prove ideal for exploring population responses to
imposed institutions in controversial or divisive contexts. Application of fABIM to these
ideal use cases, may help improve the realism of modeling outcomes and thus accuracy for
the approximation of consequential emergent system effects.
STRUCTURE OF THE DISSERTATION
The following outlines the Chapters of this thesis.

1 Chapter 2-Foundations, presents the foundations of this research with respect to
relevant computational theory, sociological theory, and technical methods.

1 Chapter 3—Foundational Intersections, organizes the foundations into three
critical lines of inquiry that serve as the basis for the remainder of the research:
ABIM; fuzzyDR; and dynamic fuzzyDR.

1 Chapter 4—-Fuzzy Agent-Based Institutional Modeling, actualizes the first two
foundational intersections for ABIM and fuzzyDR to establish the fABIM method,

which features: the ADICO grammar of institutions with an expanded focus on the
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deontic element; fuzzy membership sets for agent mental models; and a fuzzy
inference system for translating ‘agreement with institutions’ into agent action.
Chapter 5-Fuzzy ABIM and the Commons, examines and validates the fABIM
approach as implemented within a simple model of the commons governed by
explicit institutions-in-form. Influences from a range of institutions-in-use are also
explored.

Chapter 6-Discussion, summarizes the research, its contributions, presents
conclusions, and discusses continuation of the research into more practical

scenarios.
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CHAPTER 2: FOUNDATIONS

This chapter establishes a foundation in literature, terminology, and background
knowledge useful for understanding the research efforts in this work. My aim is to
orient the research within the current state of the field. While this overview attempts to be
comprehensive, | do not present exhaustive coverage for all related areas of study and seek
to provide a solid basis to examine the technical approach, outcomes, and conclusions.

The first section, ‘Sociological and Complexity Foundations,” explores the
structure versus agency debate in the context of complexity theory, drawing from
influential theories in both classical and contemporary sociological thought. I present on
the spectrum of ideas that have shaped the field but focus on the integrative perspective
that intersects both structuralist and individualist views.

The next section, ‘Institutions as Structure,” focuses on the ‘structure’ aspect of the
debate. | define and conceptualize institutions as macro-level social structures and the
opportunity to characterize them using specialized grammar. Per my research
motivation, special emphasis is on the notion of breaking with institutions, contributing
factors, and the potential implications for endogenously driven change of institutions.

The final section, ‘Computational Agency,” addresses the ‘agency’ component. |
present formal computational modeling methods as a tool for representing and
examining complex systems and individual agency, its applicability to the simulation of
social systems, and introduce fuzzy logic and fuzzy inference as methods for capturing the

inherent uncertainty of human mental models. This section underscores a core assumption
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of this research—the potential of these computational tools for representing dynamic
individual decision-making processes in the presence of governing social institutions.
SOCIOLOGICAL AND COMPLEXITY FOUNDATIONS

| start with an examination of complexity science and the concept of complex adaptive
systems, an idea central to my research approach, design, outcomes, and conclusions. By
establishing an early common understanding of complexity terminology, | hope to frame
discussion of the relevant sociological theories of this work within the context of
complexity.

Complexity Science and Complex Adaptive Systems

Complexity science, an interdisciplinary domain that studies complex systems, has evolved
significantly over the last few decades, and has fundamentally influenced many fields of
study. Complexity science had diverse roots and began to coalesce as a distinct field in the
mid-20th century. Recognizing the prevalence of systems that displayed nonlinear, self-
organizing, and emergent behavior, the field is motivated by an interest to understand the
dynamics of these systems. A pioneering thought leader was Nobel laureate Herbert Simon,
whose seminal work in “The Sciences of the Artificial” (Simon, 1969) introduced key
concepts that would become foundational in complexity science. Simon's exploration of
hierarchy and complexity in artificial and natural worlds laid the groundwork for
understanding how complex phenomena emerge from simple rules and interactions. These
ideas were based on near decomposabilifya term Simon introduced (Simon, 1962, 1969)
to suggest that complex systems are composed of interrelated but semi-independent

subsystems. These subcomponents interact with each other, but these interactions are
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generally weaker than the interactions within each subcomponent. Simon uses the property
of near decomposability to suggest that the overall behavior of a system can be understood
by studying these smaller, more manageable parts without needing to analyze the entire
system in exhaustive detail.

To illustrate this idea, Simon described a watch as a hierarchical system, where
each level of the hierarchy consists of interrelated parts that are, to some extent, self-
contained or nearly decomposable—a watch is made up of gears, springs, and other
components, which are grouped into subassemblies (like the winding mechanism or the
face). Subassemblies function to some degree independently but all contribute to the
overall function of the watch, which is to tell time.

This analogy is illustrative for how complex systems, whether artificial (e.g., a
watch) or natural (e.g., human society), are structured in a hierarchical manner. At each
level of the hierarchy, its components have interactions that are more frequent or more
prominent with each other than with components at different levels. Simon's argument for
near decomposability explains how complex systems can be broken down into smaller,
more tractable parts while still considering the overall functionality and interconnectedness
of the larger system. The concept of near decomposability also explains how complex
systems of interacting heterogeneous components, can be both stable and adaptable, and
how changes at one level of the system can have varying (and nonintuitive) impacts on
other levels.

The field gained further momentum with the establishment of the Santa Fe Institute

(SFI) in 1984, an interdisciplinary research center that is dedicated to the study of
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complexity. Following the historical narrative of the SFI, Waldrop (1992) comprehensively
chronicles the field of complexity science from its early roots to modern theory. Using this
narrative, Waldrop traces the intellectual journey of key figures associated with the
founding of the Institute and describes the influence of their contributions on the evolution
and impact of the field.

The contributions of SFI and its researchers are extensive. For this dissertation,
however, | focus on the concept of complex adaptive systems (CAS). Work by John
Holland is notable for furthering our understanding of complexity science through
examination of CAS and their defining characteristics, such as adaptation,
interdependence, and emergence. Succinctly, Holland (1995, 2014) described CAS as
dynamic networks of agents acting in parallel with a capacity for self-organization and
emergence. He focused on how these systems continuously adapt and evolve, showcasing
properties like robustness and adaptability, which are now considered key features of
complex systems.

As computing power progressed, so did the study of complexity via computational
models. A seminal work and significant milestone in the evolution of the computational
social science field was “Growing Artificial Societies: Social Science from the Bottom
Up,” by Joshua Epstein and Rob Axtell (1996). The book centered around an ABM they
called Sugarscapeavhere agents interacted with each other and their modeled environment.
Through simple rules, interactions, and feedback loops, Epstein and Axtell simulated and
examined various social processes such as trade, war, cultural transmission, and disease

spread. This work was among the first to effectively use computational models to simulate
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and examine social phenomena through a complexity lens and demonstrate that the
emergence of these complex social behaviors could be generated from simple rules and
individual actions. As the authors contend, if you cannot ‘build it’ and observe the
phenomena of interest in your modeled system, then you do not understand it. By
developing models that incorporate explicit rules and interactions thought to govern these
systems, we can systematically evaluate our comprehension of the system and the
applicability of our theoretical frameworks. This was a paradigm shift, introducing ABMs
as a new way to advance the study of CAS through generative social sciencer the
approach of building social phenomena from the ‘bottom up.’

Gilbert and Troitzsch (2005), Miller and Page (2007), Mitchell (2009), and others
pushed computational social science and the concept of CAS further into mainstream,
enriching the discussion for framing social systems as CAS, and incorporating insights
from economics and other social sciences into ABMs. Their coverage of CAS emphasized
how the diversity of agents and the nonlinear interactions between them influenced the
complexity of social systems. This perspective highlighted the importance of heterogeneity
in agents' strategies and interactions.

Complexity science today is a highly active and interdisciplinary field,
encompassing a broad range of methods and approaches from theoretical frameworks to
computational models (Miller, 2016; Krakauer, 2017). Key characteristics of CAS are:

1 Emergence—Systems exhibit properties that are not predictable from the
properties of individual basal elements. Emergent behavior arises from interactions

among system components (Holland, 2014).
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1 Self-Organization—CAS have the ability to spontaneously develop new structures
and patterns without external guidance (Kauffman, 1993).

1 Adaptation—Agents within CAS adapt based on their interactions and
experiences, leading to the evolution of the system (Holland, 1995).

1 Nonlinearity—Small changes in the system can produce disproportionately large
effects, a key feature that is characteristic of nonlinear dynamics and chaotic
systems (Gleick, 1987).

1 Feedback Loops—~Positive and negative feedback loops are crucial in regulating
the behavior of CAS (Meadows, 2008).

These characteristics of CAS hopefully provide the necessary framing to bridge ideas about
structure and agency to the computational social science methods I will use for my
research.

Structure and Agency

Sociological theory provides a critical lens for examining complex social phenomena and
the drivers of human behavior and society. Within classical and more contemporary
sociological discourse related to individual action and behavior, the primacy of structure
or agency has been extensively debated. At its core, this debate is about understanding if
individual action is a derivative of societal structures that constrain available actions, of
unconstrained free agency, or of something in between.

Structuralist Perspective

Structuralism, as a theoretical movement, emerged in the early 20th century. Structuralist

thought seeks to explain social phenomena by emphasizing the significance of social
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structures and institutions for driving individual behavior. Social structures in this sense
are the underlying frameworks that organize and regulate society, culture, and behaviors
(like laws, social norms, and institutions). Examination of structure has been broad,
including language and communication systems (Saussure, 1916), and kinship and family
structures (Lévi-Strauss, 1949). Structuralism argues that while individuals may feel they
have free agency and choice, their actions and decisions are substantially influenced, if not
determined, by the constraints of the social and institutional structures surrounding them.

The roots of structuralism can be traced back to early thought leaders Karl Marx
(1859), Herbert Spencer (1860, 1867) and Emile Durkheim (1893, 1895) who in general,
viewed society from what we now might call a complexity perspective—they saw society
as an emergent system, the result of constituent elements working together.

Karl Marx’s conception of society (Marx, 1859) revolved around the idea that the
economic base (modes of production, economic relationships) profoundly shapes and
determines all aspects of social life. These conditions form the basis for the
“superstructure” of society, or everything not associated with production, such as politics,
ideology, culture, and religion. Further, dynamics between the base and superstructure are
continuous, with each exerting influence on the other. Central to this framework is the
existence of economic “structure” and its role in influencing human behavior and societal
outcomes.

Similarly, Herbert Spencer, an evolutionist, viewed societies as adaptive entities.
He believed that societies progress through a natural evolution, transitioning from simpler

to more complex and heterogeneous forms (Spencer, 1860). Central to this evolution, are
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individuals—the ‘units’ of society—that are constantly adapting to each other, external
conditions, and others in the population. These adaptations, Spencer argued, are what
constitute human nature. Contrary to being a static concept, human nature is seen as a set
of traits that are both acquired and passed down to future generations. This perspective
suggests the existence of structural laws that govern the adaptive behaviors of individuals.

Durkheim (1895) was also conceptually aligned to these perspectives, arguing for
the individual self as being a function of their role, social groupings, and relations within
societal structure and institutions. Durkheim emphasized the role of “social facts,” or
aspects of social life (e.g., values, rules, norms) that exist independently of individuals and
exert an influence of “social control” over them. Social facts, he argues, are the things we
do because our socialized communities have influenced us to do those things.

Durkheim saw these social forces of structure as being substantially influential to
society—the individual self is not significant in and of themselves to society, but rather
society as the result of the interconnected individual patterns of behavior that are governed
by the societal structure itself and the position of the individual within it.

Structuralism continued to find application in new areas of study. In linguistics,
Ferdinand de Saussure examined how language structures shape human thought (Saussure,
1916). Language is proposed by Saussure as a system of signs, where each sign is
composed of a signifier (a sound or written form), and a signified (concept of the sign
meaning). The critical role of structure in his proposed linguistic system provides a framing

for how a language works, characterizing individual elements of language as having
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meaning or value only in relation to something else and not on its own. Structure
determines language, and by extension, communication within societies.

Anthropologist Claude Lévi-Strauss applied the structuralist perspective to cultural
studies, examining kinship, myth, and the commonality of cognitive structures across
cultures (Lévi-Strauss, 1949). His work proposed that patterns of human thought and
individual worldviews did not determine culture but operated within the structure of
culture.

These ideas were foundational for the structuralist perspective, shifting focus from
individual elements to the overarching systems that govern those elements.

Individualist Perspective

In contrast to structuralism, the individualist perspective emphasizes the primacy of
individual agency, personal choice, autonomy, and individual actions in shaping societal
outcomes and social dynamics. The agency argument posits that individuals are active
agents in their lives, capable of shaping their personal and social circumstances rather than
being passively molded by them.

Early contributions of this perspective could be attributed to Georg Simmel, who
emphasized individuals as “social actors,” and the importance of individual experience and
agency in shaping society (Simmel, 1908). This point of view focused on complex webs
of social interactions and the emergent patterns of association, characteristics of “society”
that consequentially arise from those interactions over time.

Individualism in this sociological context gained further prominence with Max

Weber, who emphasized the importance of subjective meaning in social behavior and
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individual actions (Weber, 1922). He argued that to understand society and social trends,
we must examine the meaning that individuals attach to their actions. Weber classified
social action into different types based on the motivations behind them, including rational
(goal-oriented), valueoriented affectual(emotional), and traditional (rooted in custom).
While acknowledging an interdependency between individual action and social structures,
Weber’s emphasis on the individual recognized the complexity and variety of motivations
behind human actions.

Integrative Perspectives

Integrative perspectives bridge the extremes of structuralist and individualist thinking,
allowing for the significant influence of both structure and agency as individual concepts,
while also recognizing their interconnected nature. This approach suggests that while
societal structures play a crucial role, people also have the power to shape and change these
structures through their decisions and actions. As a result, the actions of individuals can
lead to changes in societal norms and structures, which in turn affect future choices and
behaviors of others. Taking the COVID-19 pandemic as an example, NPIs were set up to
prescribe and direct our behavior in specific ways. Taking the COVID-19 pandemic as an
example, NPIs were set up to prescribe and direct our behavior in specific ways. However,
the effectiveness of these policies at the system level is heavily influenced by individual
responses, which are shaped by personal values, worldviews, social networks, and group
affiliations. This, in turn, molds the social norms, structures, and environments that others

will navigate in making their own decisions.
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The integrative perspective has roots with many early thinkers, though they did not
necessarily use the modern terms of “structure” and “agency” in those works. Many of
these thought leaders have already been referenced in this chapter, albeit aligned by me to
either structuralist or individualist perspectives. Contributors to the integrative perspective
share common ground in their attention to the interplay between structure and agency, the
importance of social context, and the recognition of the active role of individuals being
influenced by, and shaping institutions in a process that drives the emergence of social
phenomena.

For example, while Marx is often associated with an emphasis on societal structure,
he did acknowledge that individuals and class groups can act in ways that lead to
revolutionary change, particularly when they gain class consciousness and oppression
(Marx 1859). Thus, Marx recognizes agency, though heavily mediated and constrained by
structural factors. Durkheim’s focused on social factsor the norms, values, and structures
that are external to the individual. However, he also acknowledged in later work that
society is also created and modified by individuals, hinting at a form of, and dynamical
relationship of agency with structure (Durkheim, 1912). Simmel (1908) and Weber (1922)
also introduced ideas for how societal forms influence individual behavior, while also
exploring how individual actions constitute and reconstitute those societal forms.

These thinkers established foundations for a more nuanced understanding of the
relationship between individuals and societal structures, leading to more formalized
theories today that describe the significant influence on individuals from structure, while

also recognizing individual capacity to affect and alter those structures.
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My research emphasizes this contemporary state of the integrative perspective,
recognizing the interdependency between structure and agency. As a central motivating
philosophy for this work, | specifically emphasize Structuration Theory(and its
derivatives), first introduced by Anthony Giddens (1984).

The core idea of Structuration Theory is duality of structure which refers to
structure and agency as being “both the medium and the outcome of the practices which
constitute social systems” (Giddens, 1981, p.27). As Sewell (2002) reflects, Giddens
considers “structure” as a process and not a steady state.

Secondly, Giddens also argues that social action depends on the “knowledgeable”
agency of individuals but is also enabled and constrained by the rules and resources that
make such action possible and understandable to others. And through these actions,
individuals continuously reproduce the structures that reinforce or change them.

Giddens proposes agency is influenced by three dimensions of structure:
signification domination and legitimation Individuals draw on signification to inform
their understanding and communicate meaning, domination to exercise power and exert
influence, and finally, legitimation to define the limits of acceptable conduct and sanction
particular behaviors (Giddens, 1984). Figure 3 describes this idea.

The depiction in Figure 3 shows how social structure and individual interaction are
connected via modalities. The structures may be summarized from left to right, as systems

9% ¢

of “knowing and meaning,” “control, resources, and power,” and “rules for doing.”
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Figure 3. Dimensions of the duality of structure (Giddens 1984).

Finally, a third key principle is time-space distanciatigra concept proposed by
Giddens to reflect how modern societies operate and are organized (Giddens, 1984). The
idea is that in modernity, social systems are increasingly stretched across time and space—
we are more connected to the past and in how we plan for future events. We also interact
and have relationships with people, places, and events over vast distances.

Time-space distanciation provides the critical context necessary for Structuration
Theory, providing a framework to understand how societal structures are maintained and
transformed over time and across distances. By stretching social relations across time and
space, it allows for the persistence of institutions and social practices (e.g., legal systems,
cultural traditions, economic practices) beyond the immediate proximity and context of
individuals. This is crucial for societal stability (while providing opportunity for gradual
change over time). And with respect to the individual, time-space distanciation also enables
reflexivity and agency, enabling us to not just consider our local circumstances, but also
distant influences and future implications for more informed and reflective choices.

There has been critical examination of Giddens, for example, Sewell (1992) and

Saywer (2002). Of relevance to my research, however, | emphasize Margaret Archer, who
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argues that Giddens’s duality of structure concept conflates agency and structure to the
extent that effects of past practices on present action are ignored, and that structures only
exist from current practices (Archer, 1996)—structure and agency do not operate
simultaneously, but sequentially over time, making structures that influences us at any
given time as being a result of past actions. This criticism is reflected in her Morphogenic
Approach (Archer, 1995), which argues that social structures preexist individuals, but
structures are transformed or reproduced through their actions. Archer’s assertion is that a
dualism exists between structure and agency—they are interdependent but are analytically
distinct—and that this dualism is not recognized by Structuration Theory. Archer uses this
notion to explain how causal mechanisms of change (morphogenes)sor reproduction
(morphostasigresult in social reality and emergent social phenomena.

Archer also makes a further temporal distinction from Giddens, arguing that social
change and any social phenomena can be analyzed using a morphogenic cycleeach
consisting of three phases: structural conditioning, social interaction, and structural
elaboration/reproduction (Archer, 1995). Figure 4 depicts this idea of the morphogenetic
cycle and the phases.

In the Structural Conditioning phase at time T1, structures preexist as emergent
outcomes from past actions. During Social interaction between time T2 and T3, individuals
transform or reproduce structures (do not create new ones). Finally, we observe in the last
phase at time T4, the outcomes of transformation or reproduction that in turn, influences
subsequent actions at the beginning of a new cycle. This morphogenetic approach supports

the view that structures constrain or enable individual action, and do not determine agency.
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Figure 4. The basic morphogenetic cycle with its three phases (Archer 1995).

Similar in theme to what Giddens refers to as knowledgeable agents, Archer also
focuses on the idea of humanreflexivity, the process through which individuals engage in
internal conversations and reflect upon their social conditions and personal concerns. It is
a concept that seeks to explain how people navigate and influence the social structures they
live within, based on their social circumstances and personal goals. Through reflexivity,
people not only make sense of their position within the existing social structures but also
consider how they might act to change those structures or their position within them
(Archer, 1995).

Rob Stones, a contemporary sociologist, acknowledges both Giddens and Archer
while also extending Structuration Theory in several important ways through his own
analytical framework, often referred to as Strong Structuration Theor{SST) (Stones,
2005). SST was proposed to address and clarify ambiguities and limitations that have been
criticized of Giddens's original formulation (such as with Archer), with the objective to
facilitate application of the theory into empirical research and field practice. SST has

gained traction, for example, with applications in organizational change (Szabla & Jarrett,
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2022), information technology systems (Greenhalgh & Stones, 2010), enterprise resource
management (Jack & Kholeif, 2007), health systems (Hughes, Shaw, & Greenhalgh, 2022),
and organizational change (Assing Hvidt, et al., 1982), among others.

In SST, Stones sought to provide clearer definition of agents and structures. He
emphasized that agents are not just individuals, but could be collectives (e.g.,
organizations, groups), and structures involve not only rules and resources, but also broader
social context (Stones, 2005). A major contribution of SST however, was what he refers to
as his quadripartite cycle o$tructuration(Stones, 2005). This framework decomposed the
duality of structure concept into four analytically separate components: external structures
internal structuresactive agencyand outcomesFigure 5 presents this framework from
Stones (2005).

Stones presents external structures as conditions and context that preexist and
influence an individual’s actions. He further distinguishes external structures into
independent causal influences, where these structures are created, reproduced, or changed,
irrespective of agent control or desires, and irresistible causal forces where individuals
might have the ability to resist the external influence but feels unable to do so (Stones

2005).
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OUTCOMES
EXTERMAL INTERNAL ACTIVE AGENCY/

STRUCTURES STRUCTURES AGENT'S PRACTICES

(a) (b)

conjuncturally general

specific dispositions
knowledge of or habitus
external

structures {Stones, 2003, p.85)

Figure 5. Stones’s quadripartite cycle of structuration (Stones 2005).

Internal structures are suggested by Stones as being habitual and emerge from a
specific role or position that have embedded rules or norms. This idea reflects Giddens
ideas on signification, legitimation, and domination internal structures. These structures
include the knowledge, attitudes, and skill that individuals bring to an interaction, shaped
by past interactions and societal norms.

Active agency refers to the process where individuals draw upon their internal
structures and apply their knowledge and understanding to their circumstances and
conditions imposed by external structures.

Outcomes are the consequential results of active agency on structures (internal and
external) and other impacts that result from social interactions by individuals. In turn, these

outcomes then influence the future form and function of external and internal structures.

32



These epistemological and methodological contributions made possible by Stones and
SST, have helped to ‘operationalize’ Structuration Theory in practice and guide the design
and execution of empirical research in the field.

Complexity Framing for Structure, Agency, and the Integrative Perspective

| contend that the overall concepts of the integrative perspectives presented by Giddens,
Archer, and Stones—individuals engaging in a process of producing and reproducing
structures through their self-aware and deliberative actions, while also being enabled and
constrained by those structures—aligns perfectly with the principles of complexity science
and CAS. This alignment is particularly evident in relation to the ABM paradigm and
computational constructs of agents, simulated interactions, observable emergence of
system-level phenomena, continuous feedback dynamics, and ongoing adaptation of agents
and system over simulated time.

More specifically, in computationally representing fundamental concepts from
Structuration Theory, SST, and Morphogenic Approach, | hope to enable modeling of
scenarios that address divisive structural conditions alongside evolving institutions. These
eventual models will aim to generate system outcomes as a function of diverse responses
at the individual level, which subsequently catalyzes the adaptive evolution of the
institutions in practice (both institutions-in-form, and institutions-in-use).

There are four key ideas of note from the integrative perspectives of Giddens,
Archer, and Stones that will form the basis of the complexity framing I will use to develop

my complexity models and conduct my research.
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1 Duality of Structure and Characteristic Dimensions of Structure—a modeling
approach must account for the capacity to characterize and capture continuous and
adaptive dynamics between structure and agency in a social system.

1 Quadripartite Cycle of Structuration—the decomposition of structuration into
external structures, internal structures, active agency, and outcomes, provides a
clear organizational framework to implement the theory in a computational form.

1 Morphogenic Cycle—the temporal concept of phases for social change and
reproduction provides additional nuance for the sequential flow of a computational
approach.

1 Reflexivity—the reflexivity of agents is critical for my focus on deontic reasoning
within a dynamic systems model of adaptive agents and further specifies useful
agent characteristics and capacity for recognizing influences of social structure and
triggering mechanisms that either lean toward being shaped largely by their
environment, or the agent shaping their own norms, perspectives, actions, and
behaviors.

The StructureAgencyWorld (SAW) Framework

Reflecting on these four key integrative perspective ideas, | use these foundations to
describe the theoretical origins of my SAW framework. When viewed through the
complexity science lens, particularly the concept of complex adaptive systems, this
perspective underscores how individual actions, while seemingly small, can interact in
intricate ways to produce large-scale societal changes, both to societal structures and the

emergent behavior of the system itself. The dynamics between individual actions,
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influences from societal structures, and updates to individual decision making from what
they observe through feedback loops in the system, lead to a state of constant evolution.
This integrative understanding is the fundamental concept behind what | propose as the
SAW framework, shown again here in Figure 6, but now annotated with the motivations
drawn from sociological theories of Giddens, Archer, and Stones.

Figure 6 shows a series of orange markers labeled with “T1” through “T4.” These
markers indicate over the SAW framework the different phases of Archer’s morphogenic

cycle described earlier in Figure 4.
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Morphogenic (T2-T3) Social Interaction

Approach

Strong Structuration Outcomes

Theory

Observable
World

Morphogenic (T4) Morphogenesis/stasis

Approach Morphogenic cycle
Strong Structuration Outcomes
Morphogenic (T2-T3) Social Interaction Theory
Approach Human reflexivity
Structuration Duality of structure
Strong Structuration Internal Structure Theory
Theory Active Agency
Structuration Signification reinforces or changes
Theory Domination
Morphogenic (T1) Sacial Conditioning
. TN Approach
@Wo@ interacts (_@
; . Strong Structuration External Structure
with others constrains or enables Theory
~—T
Structuration Legitimation
Agency Structure | theory

[ @ : Indicates morphogenic phase at time T of the morphogenic cycle. }

Figure 6. Sociological origins of the Structure-Agency-Observable World (SAW) framework.
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Next to each of the major nodes of the SAW, and at the “T4” node next to Structure,
are a series of tables that indicate for each foundational integrative theory on the left, what
concepts from those theories are addressed by that part of the framework.

Following the temporal and sequential perspective of Archer, I will trace a narrative
for the sociological origins of the SAW framework, beginning with the Structure node on
the far right. Reflective of the first morphogenic phase at time T1, the information and
norms for the system are established. This is captured by the External Structures of SST,
Legitimation structure of Structural Theory, and the preconditions necessary for Social
Conditioning of the Morphogenic Approach.

Moving left from Structure to Agency, this continues the Social Conditioning phase
as individuals must now process this information and determine actions. As the small table
indicates, this is part of the T2-T3 phases of the morphogenic cycle, and the process of
Social Interaction. Agency is also enabled by the concept of human reflexivity from Archer
to reflect on action choice in response to Structure. This is well aligned to the Internal
Structure and Active Agency components of SST, as well as the Signification and
Domination structures from Structuration Theory. All these theoretic foundations are key
for how Agency should interact with others in society and within themselves in context of
the structural constraints they are confronted with.

It should be noted that the linkages between Agency and Observable World are also
labeled with T2-T3 but is reflective of the consequential impacts that are indirectly
attributable to Social Interaction. From SST, Outcomes are relevant here at Observable

World as well, described as not only what changes occur in Agency and Structure, but any
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related impacts to the system. Changes to the environment that agents operate within are
also contextually important for reflexivity, internal structures, and active agency.

Finally, the T4 node is crucial, as it represents the completion of the Morphogenic
Cycle. Archer calls these outcomes morphogenesis/statis, Stones refers to this as Outcomes
in his quadripartite framework, and this is a key dynamic result from Giddens and his
duality of structure theory.

The integrative perspective highlights the power of individual actions, as being
shaped by, and in shaping society. This could mean that even small actions by individuals
can have large, unpredictable effects on social structures. And through constant change in
the system and dynamics of individual adaptation to those changes via feedback, both
structure and agency can be in a state of constant evolution. The SAW framework attempts
to encapsulate these foundational ideas and provide a theoretical blueprint for the modeling
effort of my research—ultimately, | seek to agentize the SAW framework for integration
into ABMs.

Applications of the Integrative Perspective

There is a wide range of practical applications that are based on these integrative theories,
but highly influential to my research, | focus on Nobel laureate Elinor Ostrom and her
fusion of sociological theory with complexity-related views on institutions, society, and
collective action.

Elinor Ostrom’s work is highly relevant to sociological theory of structure and
agency, particularly when considering integrative perspectives that explore the dynamic

between individual agency and structural conditions. Ostrom’s contributions helped us
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better understand how groups of individuals can organize and govern common resources
sustainably and equitably, without relying solely on top-down regulation by authorities or
privatization.

Ostrom (1990) developed the Institutional Analysis and Developme(itAD)
framework to study the diverse arrangements developed by resource users for managing
common pool resourc€€PRSs). This framework allows for the analysis of how different
elements (such as community attributes, rules-in-use, and types of goods) interact to affect
the outcomes of collective action.

Ostrom identifies several “design principles” that characterize groups that
successfully manage CPRs via collective action. These principles include clearly defined
boundaries, agreement between appropriation and provision rules, collective-choice
arrangements, and monitoring and sanctioning mechanisms.

Ostrom's work challenges the then-prevailing theories, such as the Tragedy of the
Commonghought experiment that was presented by Hardin (1968), which suggested that
individual self-interest would inevitably lead to the overexploitation and destruction of
shared resources. Instead, Ostrom empirically showed through a multitude of case studies
that communities are capable of self-organizing and creating institutions that responsibly
sustain the commons.

In the context of sociological theory, complexity science, and the integrative
perspectives | have discussed, Ostrom's work demonstrates a tangible and practical
connection between macro-level institutional analysis and micro-level individual action,

all within the context of an adaptive system of complex interdependencies. Her focus on
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the rules and norms created, followed, and enforced by community members emphasizes
the active role of individuals in shaping and reshaping the structures within which they act
and behave. These contributions for understanding how communities create and maintain
institutions that govern collective resources effectively have been widely recognized within
sociology, political science, economics, and environmental studies.
INSTITUTIONS AS STRUCTURE
Institutions
An institution can be defined as a stable, valued, recurring pattern of behavior that is
socially established and supported by a society. Institutions provide a shared set of norms,
values, beliefs, and expectations that serve as a framework for individual behavior.
(Hodgson, 1988; North, 1990; Ostrom, 1990). Institutional theory, which is built on this
definition of institutions, suggests that the choices people make are shaped by the
institutions they are part of. The norms and values of these institutions, such as being
responsible, compliant, and accountable, play a significant role in guiding an individual's
choices and how they judge the suitability of their actions. This influence can lead people
to make choices that fit within the framework of their institutional environment, rather than
decisions based purely on personal preference, or need.

In the governance of the public sector, institutions act as frameworks that facilitate,
mandate, or restrict the delivery of public goods and services as well as political activities
(Fukuyama 2013). It therefore forms an ideal framing for my research, as | am interested

in the context of governing social institutions, modeling the reasoning and decision
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processes of individuals as they consider what institutions are asking of them, given their
current situation and of those they are connected to.

Institutions can be differentiated in two ways, what Ostrom (1990) describes as
institutionsin-form and institutionsin-use

Institutions-in-form refer to the official, formal rules, regulations, and policies that
are documented and officially recognized within a society or organization. These include
laws, written norms, and formal guidelines that are intended to structure behavior and
interactions within a specific context.

Institutions-in-use, on the other hand, refer to the practices, norms, and behaviors
that are observed and followed by individuals in their day-to-day interactions. These may
or may not align with the formal rules and often represent the tacit, unwritten, and
customary ways of doing things that are accepted and perpetuated by a community or
group.

The distinction between these concepts helps in understanding the gap that can exist
between the formal, theoretical frameworks of institutions and their practical, lived reality.
It highlights how people might officially adhere to a set of rules while informally
negotiating and following a different set of practices based on tradition, convenience, or
consensus. This is an important concept for my research and influenced the design and
calibration of the reasoning model for my fABIM approach.

Grammar of Institutions
Adopting the formal framing of institutions allows leveraging of the research surrounding

this point of view. And of particular interest, is formalism introduced by the institutional
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analysis literature for how to characterize and specify institutions within communities. My
assumption is that the formalisms of descriptive standards and methods will facilitate more
direct translation to computational modeling.

Institutional analysis is a type of social science research that uses a qualitative
approach to observe, analyze, and explain the various aspects of an institution. This type
of research typically involves understanding the roles, functions, and interactions between
people and organizations within an institution, as well as the impact of external forces on
the institution. The goal is to gain an understanding of the institution’s role in its
environment and to assess the efficiency and effectiveness of the institution. This type of
analysis is often used to study government, educational, social, and religious institutions.

To drive the field of institutional analysis forward, Crawford and Ostrom (1995,
2005) introduced the ADICO grammar. The ADICO framework aims to enable researchers
to systematically decompose institutions into their fundamental components and offer a
structured mechanism to explore the dynamics of institutions within social systems.

ADICO grammar, an acronym of its key elements: Attributes Deontig Aim,
Conditionsand Or else provides a concise way of identifying and articulating institutional
statements with distinct, yet interconnected, functionalities.

Attributes (A)

The Attributeselement denotes the actors or participants within the institutional context.
These are the entities whose actions are subject to certain conditions and prescriptions. It
is key to delineate who the actors are—individuals, organizations, or broader entities—as

their attributes and role within the institutional framework is key to accurately

42



characterizing consequential impacts to the system from their actions. This can also be
archetype-based.
Deontic (D)
The Deontic element reflects the type of prescription, classified as obligations (must),
permissions (may), and prohibitions (forbidden). It implies the nature of actions and thus
its influence on the decision-making calculus of the individual.
Alm (1)
The Aim element, or intention, signifies the actions or outcomes that actors are either
prescribed or proscribed from undertaking. The aim delineates the scope of actions and
describes the behavioral patterns anticipated within the institutional structure.
Conditions (C)
The Conditionselement characterizes the circumstances or states of the world under which
the prescriptions are applicable. This provides an understanding of the situational
applicability and limitations of institutional arrangements.
Or else (O)
The Or-elseelement describes the sanctions or repercussions applied when institutional
prescriptions are not adhered to. It emphasizes the enforcement mechanism compliance
incentives.

Table 1 shows an example ADICO statement for an institutional rule in a

common pool resource management scenario.
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Table 1. Example of an ADICO statement for an institutional rule.

Attribute (A) Deontic (D) Conditions (C) Or else (O)
“All farmers must not extract at all times when or else the farmer
groundwater water levels are will be fined Y.”
below X

Figure 7, from Siddiki et al. (2019), provides a clear outline of institutions and how

they relate to institutional statements and the ADICO grammar.

Varying degree of overlap where both are present

Institutions-in-Form Institutions Institutions-in-Use
Institutions that are codified in Written or tacitly understood Institutions that are tacitly
writlen form expectations about individual understood and practiced
(e.g., laws, regulations, and collective behavior (e.g., social norms, culiural
organizational bylaws) practices)

|

Institutions are comprised of one or more institutional statements

Institutional Statements

Specific statements that identify
what actors are permitted,
required, and forbidden to do
within certain temporal, spatial,
and procedural parameters

Institutional statement share a linguistic syntax with six components

Linguistic Syntax Components

Alttribute Aim Object Condition Dieontic Or else
- " Receiver Action Prescriptive  Behavioral
Target Action . . .
= of action parameters operator incentive
Strategies Norms Rules

Figure 7. Characterizing institutions with the Grammar of Institutions, from Siddiki et al. (2019).
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Breaking with Institutions

Crawford and Ostrom (1995) and Ostrom (2005) propose as part of the Deonticelement of
ADICO, is a game-theoretic component called the delta parameter that represents an
individual’s consideration of tradeoffs. The delta parameter is a key concept in the
grammar, representing the perceived costs and rewards of obeying or breaking a
prescription specified by the institution. More formally, they define delta parameters by
Equation 1, where Y is the sum of all delta parameters,] is the change in expected payoffs
from obeying a prescription, and| is the change in expected payoffs from breaking a

prescription.

Equation 1. Sum of delta parameters.

Further, they divide these rewards and costs into those that arise from internal
sources of valuation and external influences. Equation 2 reflects this, where superscript "Q
is the change in expected payoff originating from internal sources, and superscript Qfrom
external sources. This updates the definition of ¥ as a function of both internal and external

influences on obey and break tradeoff considerations.

Equation 2. Delta parameter formulations with respect to internal and external sources.

T 7 oand] |
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The Deontic element (and delta parameters, specifically) is not extensively
researched, and has sparse coverage for how it can be practically considered, let alone how
to computationally model it. As my research motivation is focused on the representative
realism for the reasoning of individuals to comply or not with governing social institutions,
integrating the Deonticand these delta parameters are a critical aspect of my work.

With respect to my research and ease of reference, | will refer to ]  (delta
parameter for only obeyinginstitution per internal sources of valuation) as] , and
1 (delta parameter for only obeyinginstitution per external sources of influence) as
1 . | refer to these concepts more generally as subdelta parametersin the next
chapter on Foundational Intersections, | will explain why in the context of computational
modeling, | have ignored Crawford and Ostrom’s proposed formalism of “break” for this
research.

Institutional Change

As described earlier with the integrative perspectives in the section on sociological
foundations, structure (institutions) is not static, and continuously shape (and are shaped
by) the interactions of individuals in the system. While my research does not focus on
endogenous change of institutions, |1 do want to demonstrate how my research approach
might be potentially useful for examining these mechanisms of change.

In theory, delta parameters can be used to study the stability and efficiency of
institutions by analyzing the patterns of deviation from the rules over time. For example, a
study might look at the distribution of delta values for a given institution or compare the

delta values for different institutions. The results of such a study could contribute to our
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understanding of how institutions evolve and how they can be designed to be more
effective and stable. This is the basis for my motivation of exploring how dynamic updates
to the delta parameter might enable study for the coevolution of structure and agency.
COMPUTATIONAL AGENCY

Agent-Based Modeling and Social Simulation

Sociological theory is essential for improving our understanding of the foundations of
society, behaviors, and interactions. These theories provide conceptual frameworks,
explanations, and insights into the nature of emergent social phenomena. But how do we
test these theories, in ways that allow us to tangibly represent sociological theory and to
dissect, reconstruct, and examine, to better understand them?

Of the investigative tools used to examine complexity and CAS, ABMs are
considered the principal investigative instrument. ABMs are a computational methodology
developed to simulate the behavior and interactions of autonomous software entities known
as agents within a specified artificial environment. These agents possess individual goals
and operate according to prescribed rules that govern their responses to both the
environment and other agents. ABMs employ a bottom-up approach, enabling researchers
to explore the emergence of system-level impacts arising from the collective interactions
and behaviors of individual agents (Epstein & Axtell, 1996; Axtell, 2000). Through the
simulation of these interactions, ABMs provide insights into the dynamic nature of
systems, particularly when studying CAS. ABMs are well suited to examine the dynamical
characteristics of CAS such as emergence, heterogeneity, interactivity, interdependence,

and feedback which drives continuous adaptation to an ever-changing system.

47



Agent-based modeling has its roots in the mid-20th century. James Sakoda and
Thomas Schelling played pivotal roles in the early development of ABMs as computational
tools to study the idea of social interactions as emergent phenomena from simple rules.

James Sakoda was one of the early pioneers in the field of agent-based modeling
and could arguably be considered the first computational social scientist. Sakoda developed
a checkerboard model (Sakoda, 1971) that aimed to formalize social interactions between
two groups of agents to identify emergent patterns he called social structures (Goles et al.,
2020). Sakoda identified and described eight social structures as the outcome of modeling
an ongoing process of interaction among members of groups. Near the same time, Thomas
Schelling developed a very similar model that was focused on one of the structures
identified by Sakoda, racial segregation (Schelling, 1971). Schelling’s contribution was
highly successful and well recognized, while Sakoda’s contributions were largely
overlooked. In recent years, Hegselmann (2017) and Landau and Klemens (2023) have
worked to raise awareness of Sakoda’s significant works.

The contributions of Sakoda and Schelling to the development of agent-based
modeling provided early demonstration for the utility of the ABM to examine the
complexity relationship between the micro and macro—how individual actions and
preferences lead to the emergence of collective patterns.

The ABM paradigm as it is today, has come a long way from its humble beginnings
on a checkerboard, finding widespread applications across diverse disciplines, including
ecology and environmental sciences, urban planning and geography, and artificial

intelligence. However, its utility is particularly evident in the field of computational social
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science (CSS), which aims to gain a deeper understanding of the complex dynamics and
nature of social phenomena (Gilbert & Troitzsch, 2005; Miller & Page, 2007; Lazer et al.,
2009; Watts, 2013), such as social norms, opinion dynamics, and collective behavior.
Central to the CSS approach is the development and application of computational methods
to human behavioral data (Lazer et al., 2020), with ABM serving as the primary
investigative tool for examining these phenomena.

ABMs designed for social simulation place a specific emphasis on instantiating
agents with artificial capabilities related to perception and social interaction. This enables
agents to possess goal-directed knowledge processing abilities, aiming to emulate a range
of cognitive capacities observed in humans, including reasoning, motivation, and strategic
planning. By integrating these human behavioral elements into ABMs, CSS researchers
seek to create computational representations that effectively replicate and simulate the
nuanced cognitive processes and resulting action decisions observed in real-world
individuals.

Epstein and Axtell (1996) were pioneering in CSS, advancing the field of agent-
based simulation, demonstrating the potential of computational tools in social science
research. They showed how computational models could be used not just for analyzing
data but also for generating new insights into social dynamics. Their work has had a lasting
impact on the field, inspiring new research directions, methodologies, interdisciplinary
collaborations, and advancing ABMs as a research tool, not just for sociology, but for

application to any system with CAS-like properties and emergent phenomena.
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In the context of CSS, the agent-based modeling approach holds significant
relevance as it allows researchers to actively engage in generative theory building. More
specifically, it enables the examination of whether simulating micro interactions can
effectively generate the macro phenomena predicted by sociological theories. In effect,
researchers can generate artificial evidence that supports or challenges empirical validity,
using ABMs as an experiment platform that can test the explanatory power of theoretical
frameworks within a computational framework. Such efforts thereby facilitate the
integration of theoretical foundations into computational experiments and promote
representative realism in the analysis of social systems. It is important to note that
successfully generating empirically validated results using this approach confirms one of
potentially many valid theories for what mechanistically is driving the dynamics of the
system. This concept is at the heart of the argument by Epstein and Axtell (1996), which
suggests that if we can’t “grow” it in silico, then we don’t really understand the system and
the potential mechanisms that drive its dynamics.

Decision Making in Computational Agents

Models of decision making are a rich area of research with many competing theories from
cognitive psychology, economics, and social science. Balke and Gilbert (2014) provide a
good review of cognitive architectures that have drawn from these fields for
implementation in computational agents, ranging from simple production rule systems (i.e.,
IF-THEN rules), to psychologically- and neurologically inspired approaches.
Consideration for the most appropriate cognitive architectures depends greatly on the scope

of the research question. For example, Carley et al. (1998) point out that simpler models
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of agents are better suited if the objective is prediction of behaviors at the system level, in
contrast to more cognitive sophistication when the objective is more focused on
disentangling the prediction of behavior at the individual or small group level. Simon
(1976) helps orient this perspective of cognitive models on the spectrum from simple to
complex with the idea of bounded rationalitywhich proposes that allocation of cognitive
attention by individuals for a given choice problem may vary based on context and
implications of the decision. This concept is important for more representative, but also
computationally practical ABMs, as specific modeling approaches for cognition may be
more appropriate for a given research motivation and assumptions.

The area continues to evolve in various directions to better reflect human decision-
making processes in modeled agent actions, as highlighted by DeAngelis and Diaz (2019).
This includes integrating concepts like theory of mindwhich allows for anticipation and
inference with minimal observation, dynamic learning, communication abilities,
skillfulness, and the moral considerations of agents (for example, ethical agents that weigh
the responsibility and accountability of their actions). Additionally, there is a growing
focus on developing agents that incorporate emotions, recognizing them as key factors
influencing individual decisions, based on established theories on the impact of emotions
on decision-making.

Fuzzy Logic and Fuzzy Inference Systems
Fuzzy logic, a concept conceived by Lotfi Zadeh in the 1960s, represents an extension of
classical set theory that introduces the idea of partial set membership, contrasting with the

traditional binary logic where elements either belong to a set or do not (Zadeh, 1965). This
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approach to set theory and logic was developed in response to the need for mathematical
models that better represent the uncertainty and vagueness inherent in human reasoning
and the natural world.

Fuzzy logic is motivated by recognizing the limitations of classical logic systems
to handle the complexity of real-life situations, where the boundaries between categories
are not always clear-cut. For example, the concept of "tallness” cannot be adequately
captured by a simple binary condition, as there exists a continuum of heights that could be
considered tall to varying degrees. Fuzzy logic addresses this by allowing for a gradual
assessment of membership in a set, quantified through degrees ranging from 0 to 1, where
0 represents complete non-membership and 1 represents full membership. This flexibility
allows for intermediate values to express partial membership, thus providing a more
nuanced and realistic representation of concepts (Zadeh, 1965).

The impact of fuzzy logic extends across numerous fields, including control
systems, artificial intelligence, economics, and medicine. In control systems, for example,
fuzzy logic has been applied to develop controllers that are more robust and adaptive to
varying conditions, such as in automotive and industrial applications (Mamdani, 1974). In
artificial intelligence, it has facilitated the development of systems that can make decisions
based on imprecise or incomplete information, closely mirroring human decision-making
processes.

Fuzzy logic operates based on a few core components: fuzzy sets, linguistic
variables, and a set of rules. Fuzzy sets are collections of objects that share a common

characteristic, where each object has a degree of membership defined by a membership
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function. Linguistic variables, a concept also introduced by Zadeh, allow for the description
of concepts in a way that is both computationally and intuitively meaningful, using terms
such as "high", "medium", and "low" (Zadeh, 1973). The set of rules, often referred to as
a rule base, defines how the output variables are mapped from the input variables based on
the degrees of membership to the fuzzy sets.

The practical application of fuzzy logic is through a process known as fuzzy
inference which maps inputs to outputs through a system that leverages fuzzy logic for
decision-making. Fundamentally, while fuzzy logic provides the theoretical and
mathematical foundation for managing uncertainty and vague information, fuzzy inference
systems operationalize these concepts, allowing for the translation of imprecise, ambiguous
input data into actionable decisions. Additionally, fuzzy inference also provides an
opportunity to consider multiple fuzzy sets and fuzzy rules at the same time, enabling a
nuanced interaction of many approximate beliefs before determining a final output.

The operation of a fuzzy inference system can be divided into four main steps:
fuzzification, application of fuzzy rules, inference, and defuzzification. Figure 8 shows this
process.

Fuzzification is the initial step where crisp input values are converted into fuzzy
values based on predefined linguistic variables and membership functions. This process
allows the crisp inputs to be processed in terms of fuzzy logic by determining the degree
to which these inputs belong to each of the appropriate fuzzy sets. For instance, if the input

variable is temperature, it might be categorized into fuzzy sets such as "cold," "warm," and
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"hot™ with corresponding membership functions defining the degree of membership of a

specific temperature value to these fuzzy sets.

Fuzzy Inference System

Knowledge Base

r Rule Base Database T
Crisp v v Crisp

Input Output
> Fuzzification > Inference Engine -» Defuzzification —

Figure 8. Operation diagram for a generic fuzzy inference system.

After fuzzification, the fuzzy input values are processed using a set of fuzzy rules.
These rules are usually formulated by experts, or approximated from data, and are
expressed in an IF-THEN format. Each rule describes the relationship between input and
output fuzzy sets. For example, a rule might state, "IF temperature is hot THEN cooling is
high," linking the fuzzy input set "hot" to the fuzzy output set "high." The set of all such
rules forms the rule base of the FIS.

The inference step involves applying the fuzzy logic operators (such as AND, OR,
NOT) to the fuzzy rules based on the fuzzified input values. This process determines what
degree the IF part of each rule is satisfied and then applies that degree to the THEN part,

resulting in a fuzzy output for each rule. The inference mechanism combines the outputs
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of all rules to form a single fuzzy set for each output variable. This combination considers
the strength of each rule's activation and produces an aggregated fuzzy output.

The final step, defuzzification, converts the aggregated fuzzy output sets back into
crisp values. This is necessary because, in most applications, we require a precise action or
value rather than a fuzzy set. Several defuzzification methods exist, such as the centroid
method (which finds the center of area under the fuzzy set) or the mean of maximum (which
averages the highest values of the fuzzy set). The result is a crisp output value that
represents the conclusion of the fuzzy reasoning process.

Figure 9 shows the "tipping model," as a fundamental example to illustrate the
operation of fuzzy logic and fuzzy inference systems. This model takes precise crisp inputs
that quantify the quality of food and service in a restaurant setting.

The process begins with fuzzification, where these numerical inputs are mapped to

linguistic variables that describe the quality of food (e.g., "rancid,” "delicious") and service

(e.g., "poor," "good," "excellent™). The core of the system, the inference engine, then
assesses these inputs to determine their degrees of membership within the predefined
categories. This step involves evaluating how well the inputs correspond to each linguistic
descriptor, thereby assigning a degree of membership that reflects the input's fit within each
category.

The next stage involves determining the appropriate tip amount based on the fuzzy

logic rules applied within the inference engine. These rules consider the degrees of

membership for the quality of food and service to estimate the corresponding degree of

generosity for the tip, expressed in fuzzy terms (e.g., "cheap,"” "average," "generous").
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Figure 9. Complete fuzzy inference process for the Tipping Problem, from Gilda and Satarkar (2020).

The final step, defuzzification, translates the fuzzy output (the degree of generosity
for the tip) back into a precise monetary value. This involves a mathematical process that
converts the fuzzy degrees of membership into a single crisp value, which represents the
actual dollar amount to be given as a tip. This transformation allows for the application of
fuzzy logic principles to yield a tangible outcome, facilitating decision-making in scenarios

characterized by ambiguity and imprecision. The entire process is graphically represented
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to aid in understanding the flow from crisp inputs to a crisp output, typically illustrated in
diagrams such as Figure 9 (Gilda & Satarkar, 2020).

Figure 9 shows three fuzzy rules in effect in this example, which evaluates two
crisp inputs that reflect the level of service and quality of food. Fuzzy operators determine
degree of membership with tip generosity, and defuzzification maps these outcomes to a
quantitative tip amount.

Fuzzy logic provides a mathematical framework that captures the imprecision of
real-world phenomena and the vagueness of human reasoning in a formal, systematic
manner. Its introduction marked a significant shift in how uncertainty and complexity are
approached in various scientific and engineering disciplines, offering a more flexible and
realistic model for dealing with the ambiguities of the natural world. Yen (1999) provide a

more technical overview of fuzzy logic and its formal foundations.
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CHAPTER 3: FOUNDATIONAL INTERSECTIONS

Building upon the foundational background of complexity, sociological theory on structure
and agency, institutions, and computational agency, this chapter addresses the intersection
of these concepts. These intersections are the basis for the “building blocks” of the fABIM
approach. | present these ideas with two sections that respectively align to the two research
questions posed in the Introduction.

The first section, "Agent-Based Institutional Modeling," lays down the tools for the
foundation model of the Research Approach, which seeks to articulate institutions and
then operationalize them within an ABM. | discuss the intersection of ABMs with
computational operationalization of the ADICO grammar of institutions to simulate the
complex behaviors of agents within institutional frameworks. This fusion provides the
ABIM platform for examining how individuals navigate and influence the
interdependencies described in the SAW framework, of agents, institutions, and world.

Next, "Fuzzy Inference for Deontic Reasoning,” establishes the tools for the
reasoning model of the Research Approach, seeking to enable agent interpretation of the
institutions. Toward this, I introduce the application of fuzzy logic to deontic reasoning
within the context of institutional adherence. By employing fuzzy inference systems to
model the concept of the ADICO delta parameter(s), institutional sanctions, and
archetypical personas, this approach approximates the ambiguity inherent in individuals'

compliance with (and deviation from) institutional expectations and incentives.
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AGENT-BASED INSTITUTIONAL MODELING

As argued earlier, there is a need for research tools that allow study of institutions and
social phenomena such as cooperation, norm formation, and collective action through the
lens of CAS dynamics and modeling at the individual-level.

Agent-based institutional modeling (ABIM), a nascent computational approach at
the intersection of agent-based models and institutional analysis, is well suited for this
need. For the purposes of this research, | loosely define ABIM as a modeling framework
that implements a computational formalism of the ADICO grammar within ABMs.

By this definition of ABIM, the ABM aspect is well researched and proven, but
there has been limited research on the implementation of “computational ADICO.”
However, a few seminal papers have been published in the past 20 years. Siddiki et al.
(2019) presents a good survey of recent works that leverage ADICO, to include ABIM
applications. As an example, researchers have examined a standardized framework for
implementing ADICO into ABMs (Ghorbani, 2013, 2022), leveraging ADICO to specify
agent behaviors in policy models (Ghorbani et al., 2017; Abebe et al., 2019), and for
generative theory building on the mechanisms of endogenous institutional change (Smajgl,
Izquierdo, & Huigen, 2008, 2010; Ghorbani & Bravo, 2016; Farjam et al., 2020; Ghorbani,
Ho, & Bravo, 2021).

Specific to computational application of ADICO, however, the full ADICO
sequence and its nuances have yet to be robustly modeled. Of note, all these seminal works
have only emphasized the Aimand Conditiorselements and do not account for the breaking

of institutions (thus assuming Deontic element is always obeyed) or the influence of
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sanctions (assuming full compliance with the Deonticelement, the Or-elseelement is not
relevant and may be ignored). Continued progress in ABIM must consider articulating the
full ADICO sequence within models, but also address the dynamic heterogeneity of an
agent’s mental models for how to interpret and decide upon those institutional statements,
and more specifically, when to break from them. The remainder of this section will address
specification of institutions for them to be better operationalized in models. The next
section will address agent interpretation.

Toward computational implementation of ADICO, | adopt the approach taken by
Smajgl, Izquierdo, and Huigen (2010) for modeling the Aim and Conditionselements,
breaking these ADICO elements into sub-fields. I propose in the following subsections for
the ADICO elements to better enable their implementation in ABIM, for both formalized
articulation of rules within social systems, and parameterization for agent methods for
interpretation of them. It should be noted that these proposed sub-field splits that | describe
in the following sections, are in context of a common pool resource scenario, which also
aligns with my expected fABIM experiment needs. Depending on other scenarios that
fABIM might be applied against, it may be assumed that the sub-fields used may be
different than the ones I specify here, customized to scenario specifics. However, the main
motivation is unchanged regardless of scenario—sub-fields are used to help facilitate the
effective integration of the ADICO sequence into computational models.

Attributes (A) Element
| believe the current intent of Attributes already is compatible with computational modeling

as conditional logic can apply an institution appropriately based on the specified agent
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attribute values they were instantiated with or based on values that have been updated due

to agent interactions and response to system changes.

Table 2 proposes a similar splitting of the Attributes element as with the Aim and
Conditionselements by Smajgl, 1zquierdo, and Huigen. The intent of this split is to be more
explicit with the possible details that Attributescan cover but emphasize the inclusion of

qualifiers and objects.

Table 2. Examples of sub-fields for the ADICO Attibutes element.
A_qualifier A _object

“All farmers
“Disadvantaged landowners
“Impacted Buyers

The A_qualifier sub-field provides the ability to specify institutions as they might
apply to the adaptive state of individuals as their situations change during the simulation
run—while an institution might not apply at the beginning of the run, specific institutions
might become more relevant over time. The A_object subfield is no different than the
original intent, providing for a specific classification of agent type and their role within the
system.

Deontic (D) Element
I do not suggest sub-fields for computationally implementing the Deonticvalues beyond

what has already been specified by the grammar as ‘must,” ‘may,” and ‘forbidden.’
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Independently from the ADICO grammar, however, | suggest a new approach must be
taken to model an agent’s interpretation of institutional statements, and specifically, how
they consider compliance with the Deonticelement with respect to the delta parameter. In
the next section, | will go into more detail for this approach for modeling of the delta
parameter.

Aim (1) and Conditions (C) Elements

Table 3 shows how Smajgl, lzquierdo, and Huigen (2010) propose splitting the Aim
element into greater detail, to include ‘verb,” ‘bound,” ‘quantity,” and ‘object’ to facilitate
implementation within computational models such as ABMs. In their research, this
splitting of the ADICO grammar into sub-fields was done to allow the agents in their ABMs

to evaluate and invent new rules by combining these fields in a discovery process.

Table 3. Example of sub-fields for the ADICO Aim element.

I_bound |_quantity |_object
“demand less than 15 KL water”

Similarly,
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Table 4 shows how they propose splitting the Conditions element into sub-fields

for ‘object,” ‘bound,” and ‘quantity.” A new sub-field is introduced for ‘time.’

Table 4. Example of sub-fields for the ADICO Conditions element.

C_object C_bound C_quantity C_time
“available watersource lower than 1,500 KL at all times”

Or-else (O) Element

Finally, as with the Deonticelement, | do not propose a major change to the formalism of
the Or-elseelement in an ADICO institutional statement, though Smagjl, I1zquierdo, and
Huigen (2010) do suggest interesting sub-fields to add additional details to Or-elsethat |
think should be researched. For example, penalty type (e.g., fine), impact quantity (e.g.,
amount), a temporal penalty dimension (e.g., duration of the sanction), and specification
of the receiving entity (e.g., who).

For the purposes of this research, | assume Or-elseto be a representative of a single
sub-field representing impact, O_impact. Using this approach, O_impact may take many
forms, for example a discrete quantity like a monetary fine amount, or some abstract
dimensionless unit for impact. These abstract impacts could be index measures for concepts
such as loss of social capital or influence, or a demotion of role and position within the
social hierarchy.

Fuzzy INFERENCE FOR DEONTIC REASONING
Building off the foundations | have established on fuzzy logic and fuzzy inference systems,

| present a fuzzy approach, which | refer to as fuzzy deontic reasoning (fuzzyDR.
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Succinctly, fuzzyDR is the modeling of the delta parameter as a fuzzy inference system,
and the basis for a computational agent’s reasoning process to embrace or reject the
stipulated behavior implied by the social institutions of interest.

| propose that fuzzyDR is particularly effective for handling the inherently vague
nature of how agent mental models perceive and align with the rules of the social systems
they are part of. This method is well-suited to address how individuals can hold varying
degrees of belief or agreement with these systems simultaneously, reflecting the complex
and sometimes conflicting considerations that naturally influence our decision-making
processes. For instance, when individuals evaluate their experiences and observations—
within their network, outside of it, or related to their own self observations—the way they
integrate these perceptions into their reasoning can significantly impact their decision to
embrace (follow) or reject (break with) a social norm or rule. This approach captures the
nuance of how we weigh different factors in decision making, acknowledging that our
judgments often involve navigating through a mix of clear and ambiguous information.

My literature search has found works where fuzzy inference has been applied to
simulate the decision-making process within computational agents. To my knowledge,
however, | have not found any works that apply fuzzy logic to deontic reasoning within the
framework of institutions, specifically in context of modeling the delta parameter.
Crawford and Ostrom (1995) are vague on how the parameter might be practically applied,
despite arguing for its critical role within the deontic reasoning process. | present fuzzyDR

as a promising potential approach.
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Formalizing the Fuzzy Inference Process
Before formally describing fuzzyDR, | present a general equation that encapsulates the

process of fuzzy inference as follows:

Equation 3. General form for fuzzy inference system.
w 00w

This equation represents the mapping of crisp input variables to crisp output
variables where & chofofE hd and & o Ao FE R represents the set of
crisp input variables, and set of crisp output variables, respectively. The function "O'0"Y
denotes the fuzzy inference system that processes the input variables through fuzzification,
application of fuzzy rules, aggregation of the rules' outputs, and finally defuzzification to
produce crisp outputs. Formally, we can further describe the process of the FIS function
over these four steps.
Fuzzification
The fuzzification process "Q transforms each crisp input @ from the input set @ into a set

of fuzzy values @ based on predefined membership functions * . This can be represented

generally, and in expanded form, in the following two equations:

Equation 4. General form for FIS fuzzification.
O ©

Equation 5. Expanded form for FIS fuzzification.
Ow oh w hdoh w
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The expanded form shows the process of fuzzification, where each 6 represents a
different linguistic label (e.g., "low", "medium", *high") for the "Gh input and "Gth linguistic
label, over the total number & of linguistic label fuzzy sets. Each * @ represents the
membership function associated with that linguistic label, which calculates the degree of
membership of @ to the fuzzy set labeled 0 .

Application of Fuzzy Rules
After fuzzification, the system applies a set of fuzzy rules to the fuzzy input values & using
the process ‘Y. These rules are generally expressed in an IF-THEN format, linking fuzzy

input sets to fuzzy output sets. To generalize this process, let the rule base consist of rules

'Y i hH R FEHR ,whereeachrulei connects fuzzy inputs to a fuzzy output through
logical operations. We can then describe producing fuzzy outputs & using this application

of fuzzy rules to the fuzzified inputs, as:

Equation 6. General form for FIS application of fuzzy rules.
Y ® @

The implication method determines the specific way for how the IF-THEN rules
are interpreted to produce a fuzzy set for each rule. This method may vary based on the

specific application or scenario being modeled (e.g., Mamdani, Takagi-Sugeno).
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Inference

The inference process "‘Qaggregates the outputs from all the fuzzy rules into a single fuzzy
set @ for each output variable. In this step, the individual fuzzy outputs from & are
aggregated together using an aggregation operator (e.g., max, min, sum), with the operator
based on requirements of the fuzzy inference system being used, representing the union or

intersection of the rule outcomes as appropriate. This process may be represented as:

Equation 7. General form for FIS inference.

This step formalizes how the fuzzy logic system consolidates the information from
the fuzzy rules into a definitive fuzzy outcome that encapsulates the decision or output
logic of the system.

Defuzzification
The final defuzzification process Otransforms the aggregated fuzzy output & into the crisp
value @ that was introduced in Equation 3. This step makes the fuzzy inference result

interpretable in the context of the application, and may be described as:

Equation 8. General form for FIS defuzzification.
Ow

67



Sequence of Fuzzy Inference System Functions

Given these representations, | propose representing the overall process as a sequence of

transformations, given functions "Q Y, Qand O, as: @ ° @ © & © ® © & This
abstraction provides a clear representation of the fuzzy inference process, moving from
crisp inputs to crisp outputs. | can now build on the representation | presented in Equation

3, describing the FIS process with the following:

Equation 9. General form for the FIS process as a function.

00 'O 0Y 0w

This formalism provides the basis for applying these representations to the fuzzyDR
context and computation of the delta parameter.
Adapting the Fuzzy Inference Process to fuzzyDR
The core of fuzzyDR, is the proposal that the delta parameter 3- may be formalized as a
fuzzy inference system that evaluates “obey” with respect to sub-delta parameters that
account for internal valuation checks (| ) and external influences (| ) as crisp
inputs. Additionally, I further extend the delta parameter concept to be a function of “or-
else” institutional sanctions, and therefore introduce] as a new sub-delta parameter.
Expected crisp outputs are to be interpreted as likelihood for institutional compliance (or
probability to “obey”).

It should be noted that, contrary to Equation 1, | have decided to disregard the

concept of "break" and instead focus solely on modeling compliance (obey). My rationale
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is that the explicit modeling of rule violation is redundant, as it simply represents the flip
side of compliance. In the context of my computational approach with fABIM, if an agent
opts to obey, it negates the need for a distinct evaluation process for breaking the rule. The
assessment for "obey" or "break" is not treated as two separate processes that require
comparison against each other to determine a weighted evaluation for final compliance.
Instead, | approach this as a singular evaluation of obedience, whereby an agent either
adheres to the prescribed institutional behaviors or does not, with "break" inherently
understood in cases of non-compliance.

The fuzzyDR approach, as a function of the three sub-delta parameters is intended
to approximate the ambiguity inherent in individuals' compliance with (and deviation from)
institutional expectations and incentives.

Using my earlier formalizations of fuzzy inference system processes, | use it as a
framing to formalize separate sub-delta fuzzy inference systems in the next few
subsections.

Sub-DeltaFIS: Internal

Starting with , let the crisp input set be described as:

Equation 10. Input set definition for the internal sub-delta FIS.
W whoho e hw h 0\l

Consider the set \l, as the complete set of crisp input variables that generally reflect
the current state of an individual. The term ‘current state’ is defined by what is most

appropriate for the institutional scenario being modeled (e.g., for a model of common pool
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resources, an individual’s state would likely be defined as a measure for how much of their
needs are being met). Other variables may generally reflect ethical valuations for if their
actions align with their tolerance for what is acceptable, or within their ethical standards.
In the case of fuzzyDR, the only crisp output for all sub-delta parameters is degree
of institutional agreement with respect to internal, external, or or-else, and thus is a single

value on the range [0, 1]. Therefore, given & , the fuzzy inference system and its

output may be presented as:

Equation 11. Output set definition for the internal sub-delta FIS.
[ "00%Y

Sub-DeltaFIS: External
Similarly, for , let the crisp input set and crisp output be described using the

following two equations:

Equation 12. Input set definition for the external sub-delta FIS.

» ohohoE b h'Q M

Equation 13. Output set definition for the external sub-delta FIS.
[ "O0%Y

Consider the set M, as the complete set of crisp input variables that generally reflect
influences from ‘others,” which could be defined as social network connections, meso-

structures that exert tribal expectations for behavior (e.g., tacit expectations of behavior
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aligned to political party affiliations), or immediately observable neighbors from the
perspective of the agent. Additional inputs forf will likely include comparisons of
an agent’s behavior against what ‘others’ are doing the same or differently from the agent.
Sub-DeltaFIS: Or-Else

And finally, for , let the crisp input set and crisp output be described using the

following two equations:

Equation 14. Input set definition for the or-else sub-delta FIS.
® whohohE w hil A

Equation 15. Output set definition for the or-else sub-delta FIS.
™ "00%

Consider the set \, as the complete set of crisp input variables that generally
considers the expected impact of a given sanction and the level of preeminent risk for the
agent to incur that sanction impact.

Delta Parameter as a Fl$hat orchestrates thesub-delta FISs

Each of these sub-systems utilizes a specific set of crisp input variables relevant to their
domain to produce outputs through their respective fuzzy inference processes. The
collective operation of these sub-delta systems can be represented in a unified framework
to compute ¥ as a crisp output ¢in the form of a single value on the range [0, 1] to reflect
an overall probability to obey the exact prescriptions of a given institution. This approach

allows me to consider ¥ as a comprehensive fuzzy inference system that takes the crisp
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outputs from the three distinct sub-delta systems, and uses them as crisp inputs into a
unified, higher-level system. For this overarching system, | use a fuzzy tree approach that
hierarchically integrates the sub-delta parameter systems. For consistency and
convenience, | will refer to this overarching fuzzy tree-based inference system, as] for
the remainder of this dissertation. The representation for may be described using the

following two equations for its input set Gy and output set ¢y definitions:

Equation 16. Input set definition for the delta-tree FIS.

Equation 17. Output set definition for the delta-tree FIS.

&y ooy

In summary, the a , and fuzzy inference systems are
intended to be a nuanced evaluation of cost, benefits, and tradeoffs that inform a larger
1 inference system that results in a computationally actionable interpretation of a given
institution, based on the current world view of agents. Ultimately, ¢y enables the activation
of conditional logic for behaviors that either conform to institutional guidelines or,
alternatively, for triggering invention of novel actions that creatively diverge from
institutional expectation based on the situation.

The combination of these functions and processes constitutes the fuzzyDR

reasoning model and methodology and operationalizes the delta parameter concept.
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Role of Agent Archetypes on Deontic Reasoning

| propose that archetypes are also important attributes to characterize agents, providing
flexibility for customizable application of fuzzyDR through variants of the membership
functions * . This means that if an archetype is more conformant, they will be less likely to
break from institutions no matter their personal state and situation. On the other extreme,
an archetype that is more anarchist, will seek to break from institutions based on far smaller
infractions or changes in state than the conformist. Agent archetypes may be used to specify
customized fuzzy membership sets that better reflect a specific archetype than others.

In practical application of fABIM, there may be limitations with modeling
extremely diverse points of view and archetypes provide one way to simplify classification
of the agent population to have groups of generalized behaviors, based on what an
institutional analysis on field data might discover about a community and its individuals.

Table 5 presents a spectrum of potential archetypes relevant to policy modeling.

Table 5. Example archetypes for actors within social simulations.

Archetype Characteristics Behavior

Conformist Follows existing institutions Strictly adheres to rules, motivated by
unquestioningly, trusting in their duty, fear of sanctions, or belief in the
legitimacy and authority. system's value.

Pragmatist Supports institutions for practical Complies with institutions but willing
reasons, without strong belief in their | to bend rules for practical benefits,
principles. valuing stability over ideals.

Critical Supporter Supports institutions but advocates Complies with institutions while
for reform and improvement. critically supporting reforms for a

better system.

Skeptic Disenchanted with institutions, Follows rules out of necessity but
feeling alienated and believing the openly dissatisfied, possibly engaging
system fails to represent their values. | in passive resistance.

Rebel Opposes and seeks to challenge the Actively resists through protests or
system, viewing it as oppressive or civil disobedience, accepting the
corrupt. consequences to oppose the system.
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This technical approach for enhancing ABIM with fuzzyDR is highly compatible
with the institution-centric and ADICO-based formalism at the core of institutional analysis
field work and represents a significant opportunity for practical application of fABIM—
successful integration of individual deontic reasoning in models that fully integrates all
aspects of ADICO could more effectively (and practically) enable the translation of
findings from social science fieldwork into social simulations. Essentially, this means that
insights from ADICO-characterized field studies could be more directly applied to the
parameters of models using the fABIM approach. The goal of making fABIM both
practical and empirically grounded, critically depends upon alignment of the computational

approaches to both the theoretical and in-practice requirements of social science fieldwork.
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CHAPTER 4: FUZZY AGENT-BASED INSTITUTIONAL MODELING

This chapter and its first experiment aim to outline the generalized architecture of the
fABIM framework as an integration of the foundational intersection concepts—ABIM
and fuzzyDR. More specifically, the previous chapter discussed the technical building
blocks for my research, and this chapter describes their implementation into a single model
construct.
BACKGROUND
Before outlining the technical approach for fABIM, | want to be more explicit about where
my research seeks to make contributions relative to the ABIM literature, and technically,
what | hope to build. The Foundational Intersections chapter described the limited work on
the use of ABMs for institutional modeling using the ADICO grammar, and to my
knowledge, there is no research on computationally operationalizing the delta parameter of
ADICO within ABMs. Figure 10 presents a simplified illustration of the existing landscape
of the ABIM literature that | surveyed and where contributions have been made in the
modeling process flow. Simply, my research sits at the juncture between computational
representation of institutions, and the actions that follow an agent’s institutional
compliance decision (embrace or reject).

Walking through the figure, I begin at the far left at the “institution” node. This
reflects the work done with agent-based simulation using the Attributes Aim, and

Conditionselements of the ADICO grammar.
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updates system feedback loop

Prescribed Action

embrace institution \
e
Institution ———J» @ Deontic Reasoning Outcomes

reject institution /
4

Action Innovation

drives endogenous change

Figure 10. Mapping the ABIM literature and the fABIM research focus at the juncture between embrace and
reject institution.

From “institution,” one branch of the literature largely assumes for the purposes of
their experimental design, full and unconditional compliance with the institution, following
the upper “embrace institution” path through the Figure 10, from “Prescribed Action” to
“Outcomes.” Other literature has implemented a variety of approaches where under certain
conditions, agents may break with the given institution, following the “reject institution”
path through the figure. These works focus on generative theory building for “Action
Innovation” mechanisms to estimate the alternative behaviors that an agent will follow
instead of the institution. The splitting of ADICO into sub-fields are used as a basis for
agents to execute a discovery process, changing and adjusting ADICO sub-field
combinations to invent new behaviors and driving different system “Outcomes.” This path
for rejecting institutions is a critical process for modeling the novelty of new behaviors and
the dynamics of adoption by society for endogenous change and emergence of new

institutions. This concept is key for theories, such as collective action, and seems to be
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where much of ABIM research has focused. The “break” decisions, however, were the
result of deterministic decision trees and threshold models, and do not focus on the ADICO
delta parameter concept.

Finally, the dashed lines represent the dynamic feedback loops built into the
research models, enabled by the agent-based paradigm, which drives continuous adaptation
of the overall system, its agents, and the institutions that govern them.

The “Deontic Reasoning” node, at the juncture between “Prescribed Action” and
“Action Innovation,” is where my research is situated, seeking to build out agent capacity
for considering a given institution and the relevancy of the current state, to adjudicate if
they will embrace or reject institutions. This will require development of an ABIM system,
within which | can instantiate fuzzyDR-enabled agents. The technical approach in this
chapter outlines a computational framework for fABIM that uses the foundational
intersections to resolve this gap at the embrace/reject juncture.

TECHNICAL APPROACH

fABIM Model Design

Figure 11 shows the architectural design for the fABIM framework. This design is, in
effect, an operationalization of the SAW framework. To illustrate this, the SAW framework
nodes of “structure,” “agency,” and the “observable world” are labeled at the bottom of the
figure, aligning groupings of fABIM modules. Additionally, modules have either a black
outline, to denote it is a key component of the ABIM foundational model, or an orange

outline, to denote it is a key component for the fuzzyDR reasoning model.
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Figure 11. Implementation of the fABIM framework and integration of ADICO grammatical rules with fuzzyDR.
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There are four critical modules in the fABIM framework: the world mode]
institutions storeagent and the fuzzyDR inference systewhich includes the fuzzy logic
store. | will describe each module, and then describe the fABIM process that uses these
modules during simulation runtime.

World Model

The world model is the foundation model that serves as the platform for fABIM. These are
CAS models that are developed to answer specific questions, for example, a common pool
resources model that interacts agents within a community as they make decisions on how
to harvest resources to meet their needs, or an epidemiological model that considers a
population that is divided on decisions to adhere to NPI policies that constrain their actions
to contain and prevent further disease spread.

For my demonstrative application of fABIM, | use the Java-based MASON library
(Luke et al. 2005) to set up the programmatic structures described in Figure 11. This
structure includes a main Controller Class responsible for scheduling and managing the
world model's dynamics, the Agent class with its attributes and methods, and ADICO class
that instantiates governing institutions, methods for loading fuzzy control logic files, and
the integration of the world model with the fuzzyDR inference systems.

For the fuzzy logic components, the jFuzzyLogic library (Cingolani & Alcala-Fdez,
2012, 2013) was used to implement fuzzy logic tools for the fuzzyDR inference systems.
Java and MASON are used to connect the input/output from these systems to the larger

model.
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While | have used Java-based tools, the fABIM framework is programming
language agnostic. For example, fABIM may also easily be implemented in Python, using
Mesa (Kazil, Masad, & Crooks, 2020) for the ABIM foundations, and scikit-fuzzy as the
fuzzy logic toolkit library, among other available tools and languages.

Agents

The Agent Class, a core component of the Agent module in the architecture design,
comprises three essential elements: state variables, fuzzyDR methods, and action methods,
all tailored to specific research questions and experimental designs.

State variables enable agents to interact within the model environment. For
instance, in a common pool resources model, an agent might have variables representing
resources such as energy or supplies, indicating their needs or expected harvests. In a
disease spread model, variables would likely reflect health status and predict health
trajectories. These variables not only facilitate interaction with the environment but also
inform the fuzzyDR inference systems by serving as inputs. This allows agents to evaluate
their alignment with institutional guidelines and make decisions based on multistep
analyses, such as comparing their status with that of their social network. These networks
may have many different forms, such as a small-world network (Watts & Strogatz, 1998).

FuzzyDR methods within agents include archetype-specific membership functions
for fuzzifying inputs. These functions assign qualitative values to quantitative data, such
as labeling resource levels as "critically low" or "in surplus.” Membership function shapes

vary by agent archetype, influencing the aggressiveness or conservatism of fuzzification,
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with variations, based on factors such as risk tolerance and the potential consequences of
non-compliance with institutions.

Action methods are used for at least two types of behaviors. The first ensures
adherence to institutional directives, such as harvesting limits or compliance measures. The
second set of behaviors generate alternative actions for an agent as they decide to break
from institutional expectations. This dual approach to agent behavior allows for a dynamic
interaction between adherence to rules and the exploration of new strategies within the
modeled environment.

Institutions

The Institutions Store is represented by an ADICO Class that enables instantiation

of ADICO institutional statements within the model. The ADICO Class includes a

constructor that initializes an ADICO object that conforms to the recommended sub-field
splits that I introduced in the Foundational Intersections chapter.

Table 6 shows an example.

Table 6. Example structure for a full ADICO sequence.
ADICO Element Proposed Sub-Field Example Statement

Attributes(A) A_qualifier “All”
A object “farmers”
Deontic(D) D type “must”
Aim (1) |_verb “harvest”
| _bound “less than”
|_quantity “10 units”
|_object of “water”
Conditions(C) C_object if “waterstock”
C_bound is “at or below”
C_quantity “50% of maximum”
C_time “at any time”
Or-else(O) O_impact else “incur X units of impact”
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This table essentially outlines the constructor arguments for an ADICO object in
fABIM. Retrieval and assignment methods in the ADICO class allow the institutional
statement sub-field to be used during model runtime for a multitude of purposes.
fuzzyDR
The Foundational Intersections chapter introduced fuzzyDR as a process that transforms
agent-specific “state” into institutional agreement through several stages: fuzzification,
fuzzy rules, inference, and defuzzification. The following sections describe this process in
context of Figure 11 and where fuzzyDR fits within the fABIM architecture.
Fuzzification
In the fABIM framework, agents start the fuzzyDR process by providing precise,
quantifiable state variables relevant to their specific situation. These "crisp" inputs undergo
fuzzification, where they are converted into fuzzy values based on their degree of
membership. This process leverages a Knowledge Base, which contains rules informed by
two key components from the fuzzyDR Fuzzy Logic Store: instantiated ADICO statements
and a collection of archetype-specific fuzzy membership functions.

Fuzzy Rules and Inference

The Knowledge Base comprises a Rule Base and a Database. The Rule Base contains fuzzy
rules (if-then statements) that link fuzzy inputs to fuzzy outputs, with each rule featuring
an antecedent (if-part) and a consequent (then-part). These rules are encoded in industry-
standard Fuzzy Control Logic (FCL) files, accessible by the fABIM framework and stored
in the Institution Store. The Database applies the agent’s membership functions to

transform the antecedent into the consequent. The fuzzyDR Inference Engine orchestrates
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this process, applying fuzzified inputs to the rules to evaluate each rule's premise using
fuzzy logic operators (e.g., AND, OR, NOT). This generates one or more fuzzy sets
representing the outputs, which are then aggregated into a single fuzzy set for each output
variable by taking the union of all rule outputs.

It should be noted that there are multiple fuzzy logic methods that might be used
for inference. As an example, the Mamdani approach is widely used due to its intuitive
appeal and simplicity. It is particularly common in control systems where human expert
knowledge and experience can directly translate into control rules. For these reasons, all
my presented research in this dissertation assumes the Mamdani method.

There are benefits and drawbacks to every approach however, and as future
research on fABIM continues, it will be useful to determine which methods may be better
suited to scaling the fuzzyDR compute over very large agent population sizes—the Takagi-
Sugeno method seems to hold great promise to reduce the potential compute requirements
for running fuzzyDR at scale. | go into more detail on these alternatives in the final
Discussion chapter and thoughts on future research.

Defuzzification

The aggregated fuzzy set is then transformed into a crisp output through defuzzification,
employing a variety of methods (e.g., centroid), with the chosen method producing a
precise quantity used for agent decision-making and action behaviors. All my presented
research in this dissertation assumes the centroid method for defuzzification.

The fuzzyDR inference system hierarchically connects the] A ,and

1 systems into the inference system, ultimately providing agents with a
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probability of adhering to institutional guidelines based on evaluations against the sub-
delta parameters.

fuzzyDR Process

While each sub-delta fuzzy inference system may have many possible input variables, as
detailed in the Foundational Intersections chapter, there are generalizations for what these
inputs might represent with respect to each sub-delta. Figure 12 illustrates the fuzzyDR
process with respect to its fuzzy tree structure. The figure also includes a generalized

narrative for scenario-agnostic variables that might be input to fuzzyDR.

Generalized narratives of sub-delta input variables @ -~~~ """""--"-"------ fuzzyDR Inference System --

“Do | have what | need/want?” ——9

| 6inte’rnal Ys. .
“Do my actions adhere to my values?” ———» internal

“Are others in my network better off?” ———» 5 Yo externat 5
! external | —» tree —> YA

“Do my actions track with my network?” >

i

1
“What are expected potential losses/costs?” —> Y,
5

5orElse

“What is my current risk of incurring sanction?” >

Figure 12. Fuzzy tree process outline for the fuzzyDR inference system.

Process

Figure 13 depicts a generalized concept for the fABIM process flow. Beginning with a
setup phase, the world model, agent population, and institutions store are instantiated and
initialized. This means that the simulated world (e.g., common pool resource, disease

spread, political dynamics, migration) is created and initialized with starting parameters
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appropriate for the research question and experiment design. Similarly, the agent
population is created. Their state variables are initialized and based on archetype, have
fuzzyDR membership sets assigned. Finally, the setup phase is completed with all relevant
world model parameters and agent state variables getting updated per ADICO statements

accessed from the institutions store.

SETUP: premm SIMULATION LOOP: For each time step
) STARTLOOP: 44—
WORLD MODEL is S
instantiated and Agents interact and conduct behaviors
initialized

The world and agent population are updated
AGENT population is | 2

instantiated and Agents assess relevant updates to their state
initialized and what is observable to them

INSTITUTIONS STORE is
accessed, and

governing institutions Agents initiate the fuzzyDR process
are implemented

— INSTITUTION EVALUTATION: fuzzyDR —_
WORLD MODEL updated

given: AGENT population updated

Institutional rule;
Agent archetype;
Agent updates on current state

INSTITUTIONS STORE is
updated if institutional
change occurs

fuzzyDR:
Returns a value, P(“ochey”)

Agents update institutional agreement and
adjudicate compliance:

IF “obey” : agents comply with institution >
v IF “break” : agents determine alternative action P>
TERMINATE SIMULATION RUN

Figure 13. Pseudocode diagram for the fABIM process flow.

The simulation loop is executed next, where at every time step, the agents in the

population interact with each other and their surrounding environment of the world model
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(e.g., harvest decisions). The agents and the environment are updated as a consequential
result of the agent actions.

Agents then use this updated information to provide inputs to fuzzyDR methods
that perform an evaluation of that agent’s agreement with the institution. Based on their
archetype, agents use state variables of their updated current state as inputs to the fuzzyDR
inference system. This returns a crisp output ¢y for a probability to obey. The agent will
perform a random draw against the obey probability. If the resulting action is to obey, the
agent will behave as prescribed by the institution. If the resulting action is to break, the
agent then runs their action innovation methods to determine an alternative behavior than
follow the institution.

Agents update their own states according to their chosen actions, and the world
model is updated because of the aggregated actions of the population. Thinking on future
research, if the model is set up to allow for endogenous change of institutions, the feedback
loop extends to the institution store where the institutions are then updated. The process
flow then starts again and progresses through these steps again in a loop.

The termination conditions specify when to ultimately break from the loop. These
conditions might include approaches that are static (e.g., a specific duration of time),
dynamic (e.g., upon identifying some system state that emerges, such as resource collapse,
or population loss), or some combination of these.

EXPERIMENT
| designed a short series of Level 0 validation experiments for three key functions of the

fABIM framework: ABIM implementation, ADICO implementation, and fuzzyDR
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implementation. The objective, through a highly generalized validation exercise, is to
verify that the architectural design is functioning as expected.
Experiment Model Overview
The fABIM experiment model is developed in Java, using the MASON and jFuzzyLogic
libraries. This experiment does require a world model, and as such, | developed a
lightweight Controller Class whose only function is to instantiate agents, initialize state
variables that are specified from a predetermined ADICO statement that has been loaded
into the model, and to demonstrate that the fuzzyDR system is functioning. The model
assumes a general structure that is aligned to a common pool resource problem, so agents
have a related state variable that reflects the quantity of resources they plan to withdraw
from the commons.
Agents
The model will instantiate 100 agents. Each agent will have seven state variables:
9 agentlD: an integer value that uniquely identifies a specific agent.
1 archetype: an integer that identifies the behavioral archetype of the agent.
1 consumptionTarget: a double value that indicates the consumption target of an
agent.
1 agreement_institution: a double value that reflects & for the overarching
probability for obeying the institution.

1 agreement delta_i: a double value that reflects @ for institutional

agreement with respect to internal.
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1 agreement delta_e: a double value that reflects @ for institutional
agreement with respect to external.
1 agreement_delta_o: a double value that reflects for institutional agreement
with respect to or-else sanctions.
Institution
The experiment will include one ADICO statement that will serve as the governing
institution in the model. To simplify this experiment, the ADICO constructor will only
include one argument for |_quantity. This value will represent the institutional prescription
for how much each agent in the population is allowed to extract from the commons.
fuzzyDR
Figure 14 shows these membership functions for all fuzzy inference sub-systems,
represented as three triangular distributions that are horizontally distributed to be

independent and non-overlapping, and describe three states of “left,” “middle,” and “right.”

-

membership

o

0 input 1

Figure 14. Membership functions for all fuzzyDR fuzzy inference systems.

The ] , and fuzzy inference systems will evaluate

respectively, the agent’s hard-coded state variables of agreement delta i,
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agreement_delta_e, and agreement_delta_o as crisp inputs. There are three fuzzy rules set
up for all three of sub-delta systems. Figure 15 shows the fuzzy operational diagram that

will be used.

1 1 1
max
Rule1 left” “left” — Reshaping
0 0 0
0 1 0 1 0 1
IF input is “left” THEN interpretation is “left”

Rule 2 —> Reshaping
0 0 0
0 1 0 1 0 1
IF input is “middle” THEN interpretationis “middle”
1 1 1
max
Rule3 right —p Reshaping
0 0 0
0 1 0 1 0 1
IF input is “right” THEN interpretationis “right”
+ max
$ 1
delta_i_in Ys internal CZ :;\e“r tsf
delta_e in Y6 Defuzzification
— . external
delta o in Y
SorElse 0
0 1

Figure 15. Fuzzy operations diagram for the sub-delta fuzzy inference systems.

The diagram shows how the agent’s initialized values for agreement_delta_li,
agreement_delta_e, and agreement_delta_o state variables are used as inputs to the fuzzy

inference system, with a sub-delta agreement value expected as return.
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The fuzzy rules simply state that if the input is “left,” then the output variable of
“interpretation” is of the membership set “left.” Similarly, if the input is “middle,” then the
output is of the membership set “middle,” and if the input is “right,” then the output is of
the membership set “right.” After these rules are evaluated in parallel using fuzzy
reasoning, the results are combined and defuzzified to provide a crisp output for the given
sub-delta on the range [0, 1]. This can be assumed to reflect the agent’s degree of agreement
with the institution from the sub-delta perspective.

Figure 16 shows the fuzzy operations diagram. It takes in crisp inputs from
the] ] , and results and evaluate three rules in parallel.

Similarly, as with the sub-delta inference systems, the fuzzy rules simply state: if
the input is “left,” then the output variable of “interpretation” is of the membership set
“left”; if the input is “middle,” then the output is of the membership set “middle”; and if
the input is “right,” then the output is of the membership set “right.”

The] evaluation results are then combined through use of the ‘OR’ operator
and defuzzified to provide an output that reflects the probability for the agent to obey the
institution. The ‘OR’ operator emphasizes whichever sub-delta FIS provides the largest
output value. This defuzzified value is then returned to the agent for assigning to its
“agreement” state variable. The agent will then be able to make a random draw and
compare it against its agreement value to ultimately decide its actions to follow the

institution’s prescriptions, or not.
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Figure 16. Fuzzy operations diagram for the # 4, fugzy inference system.
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Experiment Design

The Level 0 validation effort addresses three objectives.

ABIM Implementation

The first validation objective is to verify that | can capture agent-level data that indicates
successful ABIM implementation. This will be verified through console outputs during
simulation runtime that provides confirmation of successful instantiation of heterogeneous
agents (e.g., unique state variable assignments, unique method calls). The console output
is expected to return the following from their instantiation.

1 agentlD: Agent will be instantiated with a different unique ID, with the first agent
receiving an ID of “0,” with every sequential agent receiving an ID that is
incremented by one.

1 archetype: Each agent will be instantiated with a different archetype, with the first
agent receiving an archetype of “0,” with every sequential agent receiving an
archetype that is incremented by one.

1 consumptionTarget: Each agent will be instantiated with a conditional target value
that is set to an arbitrary value of 100.

1 agreement_institution: Each agent will be instantiated with an initial agreement
of 1.0, which indicates full compliance with the institution.

1 agreement_delta_i: Each agent will have this value hard coded according to the
scenario.

1 agreement_delta_e: Each agent will have this value hard coded according to the

scenario.

92



1 agreement_delta_o: Each agent will have this value hard coded according to the

scenario.
ADICO Implementation
The second validation objective is to verify that | can capture agent-level data that indicates
successful ADICO implementation through agent reporting via console outputs. The
outputs should show agents have updated their relevant state variables to values that match
what is prescribed by the institution.

The ADICO constructor will be set to create a simple institution of only an
|_quantity statement. This value will be hard coded as 500. The expected console output
should state the institution quantity prescription, and have each agent describe their
initialized “Quantity” value and verify it has been overridden by the institution statement,
with the new value set as 500.
fuzzyDR Implementation
The final validation is to verify that the fuzzyDR inference system is working as expected.
Like the other two validation efforts, | will rely on agent-level reporting via console outputs
during runtime. | have designed three simple scenarios.

1 Scenario 1: <“all left”—each agent will be instantiated with their
agreement_delta_i, agreement delta e, and agreement_delta o state variables
initialized to 0.165, which should be the peak of the “left” triangular distribution.
Given Figure 15, the fuzzy operations diagram shows that a crisp input of 0.165
will result in a defuzzified output of 0.165 for each sub-delta system. Given this,

Figure 16 shows that crisp inputs of 0.165 from each sub-delta, will result in a
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defuzzified probability of “obey” to be 0.165. This value should be updated by the
agent to their “Agreement’ state variable.

Scenario 2: “all right”—each agent will be instantiated with their
agreement_delta_i, agreement_delta_e, and agreement_delta_o state variables
initialized to 0.835, which should be the peak of the “right” triangular distribution.
Similar to Scenario 1, a crisp input of 0.835 will result in a defuzzified output of
0.835 for each sub-delta. Figure 16 shows that crisp inputs of 0.835 from each sub-
delta, will result in a defuzzified probability of “obey” to be 0.835. This value
should be updated by the agent to their agreement_institution state variable.
Scenario 3: “across the board”—each agent will be instantiated with their
agreement_delta_i, agreement delta e, and agreement_delta o state variables
initialized to the “left,” “middle,” and “right” peaks respectively. Given Figure 15,
the fuzzy operations diagram shows that a crisp input of 0.125, 0.5, and 0.835 will
result in a defuzzified output of 0.125, 0.5, and 0.835 for each sub-delta system.
And following Figure 16, the fuzzy operations diagram should result in a final
reshaping that includes all three of the triangular distributions. The defuzzification
process using center of gravity is then expected to be in the middle of the shape,
returning a probability to “obey” of 0.5. This value should be updated by the agent
to their agreement_institution state variable.

Scenario 4: “archetype adjustments”—finally, we should validate that the
archetype classification of an agent may interact with fuzzyDR outputs, as we

intend in more complex experiments for the archetype to influence and customize
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their membership functions, and ultimately the final institutional agreement value.
To demonstrate this, I will have agents with an archetype value greater than or equal
to 50, to keep the computed agreement value as-is, but for archetype values less
than 50, divide their agreement value in half. This is intended to proxy two
archetype classes in the population.
RESULTS
The following results are for the three validation efforts for: ABIM implementation,
ADICO implementation, and fuzzyDR implementation. All results are intended to
determine if the model is working as designed, and if returned outcomes follow expected
results.
ABIM Implementation
The ABIM implementation validation results seek to confirm that individual agents are
generated with unique attribute values as described earlier. Figure 17 shows the console
output from running the model. AgentID and archetype values are shown as unique, as well

as the successful assignment of energy and consumptionTarget values during instantiation.
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>>> starting 1lvl @ validation run ...

. instantiated new agent:
. instantiated new agent:
. instantiated new agent:
. instantiated new agent:
. instantiated new agent:

o, archetype:
1
p
3
4
. instantiated new agent:5
6
7
8
9
1

archetype:
archetype:
archetype:
> archetype:
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energy:100.
energy:100.
energy:100.
energy:100.
energy:100.
energy:100.
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. instantiated new agent:
. instantiated new agent:
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’ energy:100.0, consumption target:100.
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archetype:
archetype:
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9, archetype:10, energy:100.0, consumption target:10

. instantiated new agent:95, archetype:95, energy:100.0, consumption
. instantiated new agent:96, archetype:96, energy:100.0, consumption
. instantiated new agent:97, archetype:97, energy:100.0, consumption
. instantiated new agent:98, archetype:98, energy:100.0, consumption
. instantiated new agent:99, archetype:99, energy:100.0, consumption

>>> agent instantiation complete: 100 agent(s).

>>> institution instantiated: ADICO -- 'draw resources of 500.0 with every time step.’

Figure 17. Level 0 validation results for ABIM implementation.

The results also show at the bottom of Figure 17, a console output indicating the
successful instantiation of an ADICO-based institution that prescribes a
consumptionTarget value of 500 units at every time step.

ADICO Implementation
The next validation results are for ADICO implementation. Figure 18 shows that the
ADCIO-specified consumption target has been referenced by the agent and has been used

to override the agent’s consumptionTarget value to match the institution.
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Simulation run starting ...

. update target
. update target
. update target
. update target
.. update target
. update target
. update target

target
target
target
target
target
target

from
from
from
from
from
from
from

from
from
from
from
from
from

ADICO,
ADICO,
ADICO,
ADICO,
ADICO,
ADICO,
ADICO,

ADICO,
ADICO,
ADICO,
ADICO,
ADICO,
ADICO,

agentID=56
agentID=33
agentID=50
agentID=51
agentID=35
agentID=53
agentID=41

agentID=36
agentID=94
agentID=65
agentID=47
agentID=12
agentID=43

prior
prior
prior
prior
prior
prior

consumptionTarget:
consumptionTarget:
consumptionTarget:
consumptionTarget:
consumptionTarget:
consumptionTarget:
consumptionTarget:

consumptionTarget:
consumptionTarget:
consumptionTarget:
consumptionTarget:
consumptionTarget:
consumptionTarget:
time reached at timeStep:0.0 >>> Terminating simulation.

Figure 18. Level 0 validation results for ADICO implementation.

consumptionTarget:
consumptionTarget:
consumptionTarget:
consumptionTarget:
consumptionTarget:
consumptionTarget:
consumptionTarget:

consumptionTarget:
consumptionTarget:
consumptionTarget:
consumptionTarget:
consumptionTarget:
consumptionTarget:

As the ADICO-specified parameters are stored within the Institutions Store of the
architecture, and outside of the Agents Class, the results verify the agents are connected
within the larger model as intended.
fuzzyDR Implementation
Finally, the Level 0 validation of fuzzyDR involved four scenarios, with expected
outcomes for each described in the earlier section. Figure 19 shows the console outputs for
each scenario. As expected, the sub-delta FIS outputs generate expected values for
agreement, with the orchestration FIS showing expected final values for overall
institutional agreements as a function of ] , and

Scenario 4 results are also shown for one selected agent with an archetype value of

99, and that the institutional agreement value was successfully modified as expected.
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Validation --- Scenario 1:

AgentID=0:

delta_i evaluation input: ©.165 ---> out: 0.16500000000000006.

delta_e evaluation input: ©.165 ---> out: 0.16500000000000006.

delta_o evaluation input: ©.165 ---> out: 0.16500000000000006.

delta_tree evaluation --- input_di: 0.16500000000000006, input_de:0.16500000000000006, input_do:0.16500000000000006 SESi out: P(Obey)=0.16500000000000006 .

Validation --- Scenario 2:

AgentID=1:

delta_i evaluation input: ©.835 ---> out: 0.8350000000000007.

delta_e evaluation input: ©.835 > out: ©.3350000000000007.

delta_o evaluation input: ©.835 ---> out: 0.8350000000000007.

delta_tree evaluation --- input_di: ©.8350000000000007, input_de:0.8350000000000007, input_do:0.8350000000000007 -==> out: P(Obey)=0.8350000000000007 .

Validation --- Scenario 3:

AgentID=2:

delta_i evaluation input: ©.165 ---> : 0.16500000000000006 .

delta_e evaluation input: 0.5 - out: 0.5000000000000006.

delta_o evaluation input: ©.835 ---> out: 0.8350000000000007.

delta_tree evaluation --- input_di: ©.16500000000000006, input_de:0.5000000000000006, input_do:0.3350000000000007 --=> P(Obey)=0.5.

Validation --- Scenario 4:

AgentID=99:
computed institutional agreeement --- original P(Obey): @.5 ---> adjusted for archetype: 0.25.

Figure 19. Level 0 validation experiment results for fuzzyDR implementation.
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CONCLUSIONS

The architectural design of fABIM was presented and proposed a technical approach for
connecting and operationalizing, within the context of the SAW framework, the
foundational intersections presented in Chapter 3.

The Level 0 validation experiments successfully demonstrated ABIM, ADCIO,
and fuzzyDR mechanics at a high level. These results provide the basis for implementing
this approach against a more complex real-world representative use case in the next
chapter.

While implemented in Java using MASON and jFuzzyLogic, | emphasize again
that fABIM is a generalized framework and programming language agnostic. This may
also easily be implemented within Python or other languages, though it is far more
convenient if the programming language used has a fuzzy logic toolkit library available

(e.g., JFuzzyLogic, scikit-fuzzy).
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CHAPTER 5: FUZZY ABIM AND THE COMMONS

This chapter presents the fuzzyDRcommonsmodel | developed to demonstrate the
fABIM concept by modeling agent decisions in the presence of social institutions that
are intended to govern and manage common pool resources (CPR). The CPR problem
serves as an excellent case study because it aligns well with the scenario characteristics |
identified at the beginning of this dissertation as being particularly suited for the practical
application of my research—scenario context that features top-down imposition of
institutions-in-form, in-network influences from social institutions-in-use, and the reliance
on cooperation amongst the population for achieving the desired outcomes.

In the first section, | begin with a short background on CPR modeling using ABMs,
followed by my technical approach, where | provide a detailed model description that
builds on the fABIM architectural design outlined in the previous chapter. | then describe
the series of experiments | use to test the fABIM approach in context of CPR-based
scenarios. These experiments methodically test the fuzzyDR method by separately
evaluating R , and components, before analyzing their collective
performance through that determines overall institutional compliance based on the
three delta measurements. The chapter concludes with an in-depth analysis of the findings,
along with a discussion of the conclusions.

BACKGROUND
Ostrom (1990) defines CPR as shared natural or man-made resources that multiple people

use. According to Ostrom, this sharing can lead to competition, which may degrade or even

100



destroy these resources through over-exploitation. Many natural resources, such as forests,
fisheries, water basins, and the atmosphere, are currently being overused. CPR may be
further defined by two main traits: it's hard to prevent people from using them
(excludability), and one person's use decreases the amount available for everyone else
(subtractability) (Ostrom et al., 1994). An example of this could be a fishing area that, if
overfished by some, leaves fewer fish for others.

This idea of the potential for shared resources to be depleted due to self-interest
was introduced by Lloyd (1833), however Hardin (1968) popularized the concept with his
Tragedy of the Commons. A rich body of literature has examined how the tragedy may be
avoided through the creation of well-designed local institutions that establish clear rights
for using resources and encourage practices that prevent overuse (Ostrom, 1990, 2005;
Anderies & Janssen 2013). CPR research interested in institutional governance have
framed this issue as a social dilemma, exploring various strategies that communities can
adopt to use resources sustainably and maintain them for future generations (Ostrom et al.,
1994; Falk et al., 2002). These strategies aim for a balance between individual consumption
and the collective good, ensuring that resources are used at a sustainable level.

My research does not seek to add to this body of work that examines how to design
successful institutions, but rather, given the existence of social structures and institutions,
how do we effectively model the imprecise mental models of individuals as they reason if
they will comply with what those institutions prescribe? And as the state of individuals,
their networks, and the world around them changes over time, how does this new

information update their agreement with the institution?
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ABMs of CPR Scenarios

A vast majority of CPR management studies are based on field- or experimental-based
work, but there is a community that has employed ABMs as a tool to examine CPR in ways
that field studies effectively cannot. For example, research has assessed the ability for
ABMs of CPRs to match empirical data of commons dilemma experiments (Janssen,
Radtke, & Lee, 2009; Ghorbani et al., 2017), and Bravo (2010) used ABMs to study the
relationship between agents’ beliefs and the evolution of institutions.

Of primary interest to my research, however, is research that implemented ADICO
grammar (at least partially) and ABMs to study CPRs. Of these research papers | have
reviewed, Ghorbani and Bravo (2016) presented a simple ABIM effort to model CPR and
| use their design as a generalized template for my model foundations.

Adapting CPR ABMs to fABIM Approach

| extend this body of work with an fABIM approach to the problem. My model, which |
will refer to as fuzzyDRcommons is a simple model of the commons, drawing heavily
from Ghorbani and Bravo (2016) for the model basics, but differentiated by my
implementation of fuzzyDR agents and modeling objectives, which aim to evaluate
institutional agreement instead emergence of new institutions through endogenous change
dynamics.

Using fuzzyDR agents with more realistic deontic reasoning capabilities means
these agents can make decisions based on a broader understanding of duties, permissions,
and prohibitions, rather than just responding to specific conditions or thresholds. Given the

dynamic nature of CPR scenarios where resource levels are highly sensitive to individual
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cooperation, there seems to be some significant opportunity to capture the many imprecise
decision tradeoffs that individuals face with a CPR, such as those related to economic
incentives, and ethical and communal norms about resource use. Interaction with a finite
resource pool that depends upon the responsible actions of diverse agents over a wide range
of individual situations, whom may also have very different situations from each other,
offer many opportunities where fuzzy interference might help tractable and intuitive
modeling for human behavior. For example, one can imagine edge cases where individual
situation and current state might easily push them into a state of desperation that compels
them to break with institutions of resource conservation to meet their survival needs. My
hypothesis is that fuzzyDR is a way to plausibly consider the internal conflict and tradeoff
logic that pushes someone to break from institutions.

The common pool resources dilemma perfectly illustrates the conditions outlined
in Chapter 1 as the ideal scenario for applying my research. Specifically, | propose that the
fABIM approach is most suited for scenarios that necessitate modeling agent behavior
within the framework of top-down imposition of institutions-in-form, in-network
influences from social institutions-in-use, and a dependency on cooperation for desired
system outcomes.

TECHNICAL APPROACH

Simply, fuzzyDRcommonsis an applied model of the fABIM approach, simulating a
common pool resources problem. This requires development of a world model that captures
the continuous dynamics of a common pool resource and an agent population that interacts

with each other and the common pool to extract resources for their needs. An ADICO-
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specified rule must be introduced to prescribe targeted behaviors to preserve the commons
while meeting populations needs. And finally, agents instantiated with fuzzyDR adjudicate
embrace or reject decisions for compliance with the institution, with simple action
innovation methods to give agents new behaviors if they elect to reject the prescribed
actions.

Model Description

In this section, I provide an abridged description of fuzzyDRcommonsstarting with a brief
model overview, then description of the main architectural design components presented
in Chapter 4—the world model (the commons), institutions, agents, fuzzyDR, and finally
with a description of the process flow during model execution.

Model Overview

The fuzzyDR-commons model is implemented in Java, using the MASON (Luke et al.,
2005) and jFuzzyLogic (Cingolani & Alcala-Fdez, 2012, 2013) libraries. The model takes
an ADICO sequence as a starting point for governing the common pool, with an emphasis
on two sub-fields, I_quantity (representative of a prescribed and voluntary consumption
target for all agents, at all times), and O_quantity (representative of a dimensionless impact
measure of sanctions for breaking with the institution).

A population of 100 agents is instantiated with an energy level that is decreased
with each time step in the model. When an agent’s energy level reaches zero, that agent is
removed from the simulation. Each time step, agents have an opportunity to regain energy
by harvesting resources from the commons. Harvest decisions are run through the fuzzyDR

fuzzy inference system, with agents assessing their current situation and updating their
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degree of institutional agreement. Based on this agreement level, agents determine if they
will embrace or reject the prescribed consumption amount for the current time step. If they
decide to embrace the institution, they consume the exact amount specified by the rules. If
they decide to break, agents run a method to determine some alternative quantity to
consume. These agent-level dynamics all contribute to this CAS, influencing emergent
changes in other agents and the resource levels of the common pool.

The model run continues until a time limit of 2000 time steps has been reached
(representative of a situation where the common pool is in balance self-sustaining), or until
all agents have been removed from the simulation (resource and population collapse).
The Commons
| assume a parsimonious representation of a single resource Y that is shared by all the
agents in the population. This resource is renewable, with each resource unit being the
equivalent of an agent’s energy unit. The commons are parameterized with two variables:
the carrying capacity 0 and the reproduction rate i, which represents the maximum
proportional increase per time step. At each time step, the commons (re)grows using the
same standard discrete-time logistic function used by Ghorbani and Bravo (2016), which

provides the increase Y'Y in the common pool resource 'Y at time o

Equation 18. Commons regrowth function.
o Y
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At the beginning of the simulation the resource is initialized at its maximum

carrying capacity. Throughout the simulation runtime, the resource level remaining will be

a function of how much is harvested and the dynamic regrowth ¥'Y at each time step.

Agents

Agents in fuzzyDR-commons are instantiated with the following state variables:

il
T
)l

agentlD: an integer value that uniquely identifies a specific agent.

energy: an integer value that indicates the “life” of an agent, on the range [0, 100].
consumptionTarget: a double value that indicates an agent’s harvest target on the
range [0, 10]. The default is 1.0, and this value cannot be negative. This value is
either hard-coded for the control population of non-fuzzyDR agents, or the result
of harvesting decisions that are driven by fuzzyDR outcomes.
agreement_institution: a double value that reflects institutional agreement on the
range [0, 1]. As such, it is used in the model as a probability for conditional logic
to either embrace or reject the institution. This value is either hard-coded for the
control population of non-fuzzyDR agents, or will be the computed value ¢y for
agents activated with fuzzyDR.

agreement_delta_i: a double value on the range [0, 1], only used by agents

activated with fuzzyDR and reflects the computed agreement value, @

agreement_delta_e: a double value on the range [0, 1], only used by agents

activated with fuzzyDR and reflects the computed agreement value,

agreement_delta_o: a double value on the range [0, 1], only used by agents

activated with fuzzyDR and reflects the computed agreement value, @
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1 extendedNeighbors: is a data collection of other agents in the system that were
linked to a given agent through a social network initialized during agent
instantiation. These networks follow the small-world network construct from Watts
and Strogatz (1998), based on global parameters initialNeighbors and
rewiringProbability. In addition, one random agent from the remaining population
at any given time step is included in this data collection. Because i
processes require checks against networked others, this is also a safeguard to ensure
each agent has at least one agent to compare against since situations may occur
where the original network for an agent may be empty (all those agents have been
removed from the simulation). It is assumed this random other agent can would
represent what an agent might perceive from other external sources, e.g., neighbor
down the street, social media, news outlets.

1 isFuzzyDRActivated: is a boolean that indicates if fuzzyDR is activated for the

given agent.

For simplicity, | assume a single archetype with all agents, assuming that the fuzzy
membership functions used are reflective of the “critical supporter” type—agents are
generally supportive, but breaking with institutions is highly possible. This means that in
developing the membership functions ‘ , the selected archetype persona was intentionally
designed for.

Agents with fuzzyDR have three main categories of methods:
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1 Evaluate Agreement: These methods compute & , @ , © :
and Gy, to determine a decision for an agent to embrace or reject.

1 Harvest: Given Evaluate Agreement outcomes, these methods serve to conduct
the harvest, and extract resources from the commons as prescribed by the
institutional rules, or newly innovated consumption targets.

1 Action Innovation: If a decision was made to break with the institution, then
this final group of methods serves to determine alternative behaviors that better
meet the agent’s immediate needs. For simplicity and tractability, this model is
configured to use a simple linear function to map an agent’s current energy level
to a new consumption target on the range [2, 10]. This reflects the assumption
that at a minimum, a new action will be higher than the default consumption of
1.0, but also, that as their energy state becomes more desperate, the new action
will be proportionally higher on the linear function scale (e.g., critically low
energy will return consumption targets closer to 10, and acceptable energy will
return closer to 2).

All other agents that are not enabled with fuzzyDR, simply harvest the prescribed

I quantity from the scenario’s institution, update their energy levels, and remove
themselves from the simulation if their energy levels reach zero.

Institutions

Table 7 shows an example full computational ADICO sequence that would be used in
fuzzyDR-commons. The emphasis for my research is on the D_type of the obligation

(must) type, |_quantity to drive the agent’s consumptionTarget variable, and O impact to
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inform the delta-orElse fuzzy inference system. The specific values for these sub-fields
will be experiment scenario dependent, and | will detail these assumptions before showing

any experiment scenario results.

Table 7. Full computational ADICO sequence example in context of fuzzyDR-commons.

ADICO Element Element Sub-Field Example Statement
Attributes(A) A_qualifier “all”
A_object “agents”
Deontic(D) D_type “must”
Aim (1) |_verb “harvest”
|_bound “exactly”
I_quantity “X” (specified in scenarios)
|_object “resource units”
Conditions(C) C object as long as the “commons”
C bound “resource levels greater than”
C_quantity “zero”
C time “at all times”
Or-else(0O) O_impact else “incur X impact (specified in scenarios)”
fuzzyDR

Following the formulations from the Foundational Intersections chapter, and architectural
design for fABIM, agents activated with fuzzyDR will engage the inference system to
compute their overall institutional agreement level. These embrace/reject decisions will
trigger appropriate method calls to drive their consumption target variable, and ultimately
how much resource they attempt to extract from the commons.

The fuzzy inference sub-systems of fuzzyDR are each parameterized to accept
different crisp inputs, evaluate different membership sets, and have unique fuzzy rules to
apply. All systems assume the Mamdani method and centroid defuzzification operator. |

will describe each sub-delta inference system in the following subsections.
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FIS:

The] set of crisp inputs @ includes the following state variables:

1 selfEnergy: is the agent’s current energy value, reflecting if the agent is getting
what they need to survive.

1 selfConsumption: is a measure of positive difference between the agent’s current
consumptionTarget value and the limits prescribed by the institution. A high
selfConsumption value indicates that the agent is harvesting significantly above
limits, while a value of zero would indicate that the agent is fully compliant. The
intent is for a proxy measure for an ethics valuation check, allowing situations of
excessive harvesting to be identified and its magnitude to be quantified. Situations
where harvest targets are below the institution limits default to zero and are

assumed to be not relevant for the ethics check.

The fuzzification and fuzzy rule steps of fuzzy inference are determined by the

fuzzy membership functions shown in Figure 20.

[y
[y
[y

“poor” “surplus” -
“compliant” “excessive”

sufficient ~ /

“reject” /"“embrace”

memkbership
memkbership
membership

o
(=]
(=]

0 100 0

selfEnergy selfConsumption  1° 0 agreement L

Figure 20. Membership functions for the #::. ¢ »fuzzy inference system.
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The membership set for selfEnergy shows three linguistic labels that describe an
agent’s energy relative to interpretations of “poor,” “sufficient,” and “surplus.” It implies
that the energy range around 50 serves as the general transition point between states. The
membership set for selfConsumption shows two linguistic labels that describe the
computed consumption levels above institutional limits relative to interpretations of
“compliant,” and “excessive.” These functions show a minimum limit to be considered
“excessive,” and a maximum limit for what is considered “compliant.” Finally, the
agreement membership set is used to apply the fuzzy rules to the fuzzified inputs and
evaluate them against interpretations for “embrace” and “reject.” These functions show
ranges of complete agreement and rejection, as well as minimum and maximum limits for
membership consideration.

It should be noted that these specified membership functions are based on my own
intuition, but ideally would be calibrated according to field study data. There is literature
on this process that infers fuzzy membership set specifications from empirical data. The
promise for directly translating institutional analysis design field study results into fuzzy
membership sets should certainly be a priority for continued fABIM research.

Figure 21 shows the four fuzzy rules used for with the rule statements
describing the fuzzy operations.

Rule 1 is intended to capture the narrative “If my energy state is in surplus, and my
consumption rate is compliant with what is expected of me according to the institution, |

will embrace the institution.”
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Rule 2 follows the ethical narrative, “If my energy state is in surplus, and my
consumption rate is excessive and beyond institutional limits, then I will reject the
institution on moral grounds.”

Rule 3 follows the selfish status quo narrative, “If my energy state is sufficient, then
I will tolerate (embrace) the institution.”

For Rule 4 follows the risk averse desperation narrative, “If my energy state is

critically poor, then I will reject the institution and seek change.”
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1
“surplus”
Rule1
0
0 100
IF energy is in surplus
1
“surplus”
Rule 2
0
0 100
IF energy is in surplus
1
Rule3
“sufficient”
0
0 ] o 100
IF energy is sufficient
1
“poor”
Rule4
0
0 . 100
IF energy is poor

A

selfEnergy

Figure 21. Fuzzy rules for the #

Given these fuzzy rules, | wanted to examine the possible values of @

AND

AND

] 1
‘.“n_\_"‘comp"ant”
/“embrace”
0
0 10 0 1
consumption is compliant  THEN  agreement is embraced
1
“excessive”
“reject”
0
0 10 0 o 1
consumption is excessive THEN  agreement is rejected
1
No Dependency feembrace”
0
0 10 0 1
THEN  agreement is embraced
1
No Dependency e
reject
0
0 10 0 o
THEN agreement is rejected

*

selfConsumption

. «g»liZzy inference system.

as a

function of potential selfEnergy and selfConsumption values as they dynamically update

during simulation runtime. | ran a parameter sweep simulation to generate the solution

landscape. Figure 22 shows the simulation results.
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Figure 22. Simulated results for agreement levels given crisp inputs to the . ¢ »F134

FIS:
The] set of crisp inputs @ includes the following state variables:

1 networkState: is a measure of the energy difference between the agent and the
average energy of their extendedNeighbor data collection, reflecting agent
perception for how well off they are relative to the others they are assumed to
interact with, or can observe.

9 actionConsensus: is a computed measure of the absolute value difference between
an agent’s consumptionTarget and the average target of their extendedNeighbors.
The intent is for a proxy measure for a check against how much an agent is
following the community norms, allowing situations of divergence from collective

action to be identified and its magnitude to be quantified.
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Figure 23 shows fuzzy membership functions to be used.

=
=
=

“disadvantaged” “advantaged”
“conforming” “deviating”

~,/ "parity”

membership
membership
membership

“reject” /“embrace”

(=]
(=]
(=]

-100 actionConsensus 10 0 agreement

networkState 100 0

Figure 23. Membership functions for the # »flizzy inference system.

m* ‘m

The membership set for networkState shows three linguistic labels that describe an
agent’s energy relative to interpretations of “disadvantaged,” “parity,” and “advantaged.”
The membership function shapes are the same as those for selfEnergy, but the input for
networkState is on the range [-100, 100]. The membership set for actionConsensus shows
two linguistic labels that describe how their actions match those of their network, relative
to interpretations of “conforming,” and “deviating.” This is a simple representation that
just linearly increases or decreases over the entire range of [0, 10]. Finally, the agreement
membership used is the same as with

Figure 24 shows the four fuzzy rules used for with the rule statements

describing the fuzzy operations.
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Figure 24. Fuzzy rules for the #
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Rule 1 is intended to capture the narrative “if groups | know are better off than me,
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“reject”
0
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0
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0
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»fLizzy inference system.

embrace the governing institution, since I observe it is working for them.”
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Rule 2 follows the narrative, “if groups | know are better off than me, and are doing
things differently than me, then I’'m going to reject the rules and try something different,
since I am clearly not in the majority and am falling behind.”

Rule 3 describes, “if groups | know are about the same as me and no better, and no
worse, then I see no overwhelming need to break and I will tolerate the institution.”

Rule 4 follows the narrative, “if groups | know are worse off than me, then I will
embrace my current institution.”

As described with , | wanted to examine the possible values of &

as a function of potential networkState and actionConsensus values as they dynamically
update during simulation runtime. | ran a parameter sweep simulation to generate the

solution landscape. Figure 25 shows the simulation results.
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Figure 25. Simulated results for agreement levels given crisp inputs to the # ¢ «g »F15a

FIS:

The] set of crisp inputs & includes the following state variables:

1 expectedimpact: is set to the O_quantity value from the instantiated ADICO

statement, reflecting the expected sanction impact to the agent if they break from

the institution. This is a simple representation, and in future research may take many

other forms to include computed game theoretic values, to other more nuanced

ideas of sanction costs.

1 sanctionRisk: is a computed measure of the difference between an agent’s

consumptionTarget and the consumption limits prescribed by the institution. The

intent is for a proxy measure for a check for how much an agent may be in violation

of the rules, allowing description of situations where current actions are slightly
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above the rule (lower risk of getting caught), and in severe violation of the rules
(high risk of getting caught). This value is constrained to range [0, 10], effectively

establishing a maximum risk value.

The fuzzification and fuzzy rule steps of fuzzy inference are determined by the

fuzzy membership functions shown in Figure 26.

[y
-
[y

“ ';. "
. embrace
“ambivalent” /

“moderate”
“low™ ahighu

“tolerate” /

membership
membership
membership

“severe”/

o
o
o

0 expectedimpact  1° 0 sanctionRisk 10 0 agreement

Figure 26. Membership functions for the #. ,. . fygzy inference system.

The membership set for expectedimpact shows two linguistic labels that describe
an agent’s interpretation of the ADICO sanction as “moderate” or ‘“severe.” The
membership function shapes show a clear trend toward moderate assessment of impacts
below five, with a sharp increase of severe assessments after impacts reach around seven.
The membership set for sanctionRisk shows two linguistic labels that describe a simple
assessment of risk, relative to interpretations of “low,” and “high.” This is a simple
representation that just linearly increases or decreases over the entire range of [0, 10].
Finally, the agreement membership function shows three linguistic labels, with “tolerate”

and “ambivalent” providing different coverage over the range of agreement, but designed
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to provide interpretations that average at 0.5. This is an intentional design feature that
assumes a sanction will never be the cause for deliberate breaking from an institution, only
to embrace an institution due to deviation from prescription or maintain status quo. The
“embrace” membership function is the same as with the other membership sets.

Figure 27 shows the four fuzzy rules used for with the rule statements
describing the fuzzy operations.

Rule 1 follows the narrative, “if the expected sanction impact is severe, and | am at
a high risk of incurring the sanction, then I will embrace the institution in fear of getting
punished.”

Rule 2 follows the narrative, “if the expected sanction impact is severe, but I am at
a low risk of incurring the sanction, then I tolerate the institution, with no preference if |
might obey or break with the institution, per the other sub-deltas.”

Rule 3 follows the narrative, “if the expected sanction is more moderate, then
regardless of risk level, I broadly tolerate the institution, as with Rule 2.”

In effect, the agreement membership set, used with the specified fuzzy rules and
the centroid defuzzification operator, will drive all & outcomes to the range [0.5, 1].
Again, this implies an assumption that the or-else sanction will never solely incentivize an
agent to deliberately break with the institution (e.g., “the sanction impact and risk is so low,
I will break, just because”). Embracing the institution more strongly as risk increases,

however, (for fear of incurring the impact) is a possibility.
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Rule 1
0 0 - 0
-100 100 0 10 0 1
IF impact is severe AND risk is high THEN  agreement is embraced
1 1 1
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Rule 2
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0 0 0
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IF impact is severe AND risk is low THEN  agreement is tolerated
1 1 1
Rule3 No Dependency
“parity” “ambivalent”
0 0 0
-100 100 0 10 0 1
IF impact is moderate THEN  agreement is ambivalent
expectedimpact sanctionRisk

Figure 27. Fuzzy rules for the #. . _ afygzy inference system.

Another intentional design of the fuzzy rules, it that this inference system is only
concerned with expected sanction impacts if they are either severe or moderate—sanction
impacts that are expected to be low to negligible are assumed to have no influence.

As with the other sub-delta FISs, | wanted to examine the possible values of @
as a function of potential expectedimpact and sanctionRisk values as they dynamically
update during simulation runtime. | ran a parameter sweep simulation to generate the
solution landscape. Figure 28 shows the simulation results, which also confirms the

intended design for & to be on the range [0.5, 1].
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Figure 28. Simulated results for agreement levels given crisp inputs to the #. , -aHIg.
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The fuzzification and fuzzy rule steps of fuzzy inference are determined by the

fuzzy membership functions shown in Figure 29.
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Figure 29. Membership functions for the # 4, figzzy inference system
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The membership set for the computed @ values shows two linguistic labels that
describe an agent’s interpretation of | a , and as being either
“conflicting” with, or “supporting” the institution. The agreement membership functions
are the same as with and

Figure 30 shows the four fuzzy rules used for with the rule statements
describing the fuzzy operations.

Rule 1 assumes all sub-delta parameters being equal, the most supporting
perspective (achieved through the OR operator) leads to decision to embrace current
institutions.

Rule 2 assumes all sub-delta parameters being equal, the most conflicting
perspective (achieved through the OR operator) leads to the decision to reject current
institutions.

Additional rules are possible that could specify non-dependencies, or variable

weighting emphasize other sub-delta parameters, but | have kept it simple for this work.
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Figure 30. Fuzzy operations diagram for the # 4, fizzy inference system.
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I ran another parameter sweep simulation to and generate a landscape of possible
@ outputs that result from the possible values of @ , @ , and @ . Given
these four dimensions, | held @ with fixed values to visualize the solution landscape
given those assumptions. Figure 31 shows the final institutional agreement values when
@ is held constant at 0.5. Figure 32 shows additional solution plots for & values

on the range [0.5, 1].
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Figure 31. Simulated results for agreement levels given crisp inputs to the # . FJS, holding Lﬁu . W_:Q_.S.
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Figure 32. Contour plots of fuzzyDR inference system outcomes over ranges of sub-delta parameter inputs.
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Process

Table 8 shows a high-level pseudocode description for the model process flow.

Table 8. Pseudocode description for the fuzzyDR-commons model process flow.

Initialize model
- Set model parameters from Config
- Initialize FuzzyDRController with Random Seed

Load Agents
For each agent in agent population:
- Create an Agent instance
- Assign unique ID
- Initialize agent state variables
- Add agent to master list and active agents data collections

Setup Environment
- Create commons resource with initial carrying capacity
- Initialize social network s for agent interactions

Define Fuzzy Logic Rules

- Load FCL files for delta_i , delta_e, delta_o, and delta_tree
- Prepare fuzzy inference systems for evaluating agent decisions
Model Loop

While simulation not terminated:
- For each Agent:
* Decrement energy based on consumption
* Evaluate fuzzy logic rules to decide on resource consumption
IF embrace, then follow institution consumption limit
IF reject ,then generate alternative consumption target
* Harvest from Resource based on decision for consumption target
* Update agent's state and network interactions
IF agent energy <= 0, remove from simulation
- Regrow Resource based on logistic growth model
- Log simulation state and agent behaviors
- Update visualization components if GUI mode
- IF time step == 2000 OR population count == 0, terminate loop
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EXPERIMENTS

The motivation for this design of experiments is to test each sub-delta system in isolation,
before testing the overarching system.

Assumptions

Table 9 shows the experimental assumptions for all scenarios.

Table 9. Simulation parameter assumptions for all experiment scenarios.
Parametet Values

Carrying capacity (K) 1000
Growth rate (r) 0.2
Number of agents 100
Agent consumptionTarget 1
network initial neighbors 5
Rewiring probability 0.05

Each agent is instantiated with their own local random number generator and
random seed. This was designed to allow for me to selectively activate fuzzyDR in specific
agents for testing, while maintaining scientific control over the rest of the agent population
and keep other system outcomes discrete.

Scenarios

| designed and ran a total of 10 experiment scenarios. The first set of six scenarios was
based on each sub-delta parameter in isolation. I configured the fuzzy inference system for
each, incorporating the fuzzy membership sets defined earlier in this chapter that are

designed toward a narrative for how an agent would consider the current situation from the
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sub-delta parameter perspective. For each sub-delta, | designed two scenarios, each toward
one of the extremes of the crisp input ranges.

The second set of experiments involved three scenarios, focused on the overall
1 system that considered activation of all sub-delta fuzzy inference systems.

The final, tenth scenario was intended to examine scalability of the approach.

The scenario designs attempted to draw from Ostrom (2005) to consider the human
factors that significantly influence emergent outcomes for management of the commons.
For the experiments, situations were designed to focus on agents’ evaluation of
their needs are being satisfied (getting what they need to survive) and internal valuation
checks on ethical behavior and reputation (not destroying the commons and adhering to the
community institutions). For the experiments, situations focused on fairness and
equity (comparison of self, relative to local neighbor networks) and normative behaviors
(comparison of own actions to the majority, relative to local neighbor networks). Finally,
the experiments focused on disincentives (expected impacts of sanction) and risk
(actions relative to thresholds that trigger sanction).

The following tables show a summary of the scenario narratives for experiment
runs testing N N , and] . These narratives were designed to have
at least two scenarios for each sub-delta inference system validation, testing the edge cases
of potential extremes (e.g., fuzzyDR agent in one scenario is doing very well, and in the
other, critically poor). The] system was tested over four experiment scenarios.

It should also be noted that for Scenarios 1 to 9, I only enabled one fuzzyDR agent

(agentID = 0) to allow for experimental results to be more tractable and comparable to the
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scientific control of the rest of the non-fuzzyDR-enabled population. For Scenario 10, |
enabled the entire population with fuzzyDR. The narratives in the table articulate what we
should expect with respect to agreement trends. Those expectations have been boldfaced.
The final column in the tables show the solution landscape for the fuzzy inference system
of that Scenario. These plots include an overlay of a red-outlined star icon to indicate the

expected agreement trends for the scenario. Table 10 describes the scenarios for
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Table 10. Descriptions for #::,

<« »SLenarios with expected ag

reement trends for the fuzzyDR agent.

Scenario

. |
“Stay the
Course”

Contextual Narrative

My energy state is sufficient, and |
am more or less aligned with what is
expected of me given the institution,
thus, | have a stronger agreement
with the institution.

Expected Agreement Trends

Self Consumption

delta_i Agreement

a0 60
Self Energy

“Dire Straits”

My energy state is pretty desperate,
with poor energy levels. Given that |
am more or less compliant with
what is expected of me with the
institution, and yet in dire straits, |
am toward rejecting the institution
and finding a new way of doing
things.

Self Consumption

delta_i Agreement

a0 60 100
Self Energy

131




Table 11 describes the scenarios for

Table 11. Descriptions for #_ . < »SceN@ri i reement trends for the fuzzyDR agent.

Scenario Contextual Narrative Expected Agreement Trends

3: (ﬁ. . < ). My network is opserved to be far . delta_e Agreement
“Behind the advantaged relative to me, and my
Pack” network is also conducting actions

that are very different from mine, 8

thus, 1 am strongly toward
rejecting my current institution so
I might catch up to my network,
especially since they are doing
things so differently.

Action Consensus

0
-100 -75 =50 25 [} 100
State of Network

delta_e Agreement

4 (ﬁ. . < ).| My network is observed to be far
“King of the disadvantaged relative to me, though
Hil” my network is conducting actions
that somewhat similar to mine. s
Given however that the
disadvantaged state recognizes that
my current actions and adherence to
the institution have resulted in me
being relatively much better off, |
will tend to embrace the current
institution.

Action Consensus

0
-100 -75  -50 25 [ 100
State of Network
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Table 12 describes the scenarios for

Scenario
5:(#. » fﬂ \f
“On the
Brink”

Table 12. Descriptions for #. , _ aS¢€

Contextual Narrative
The expected sanction is severe, with

my current actions being very close to
the threshold of incurring a sanction,

thus considered in a state of high risk.
Given this, I lean toward embracing
the given sanction, to protect myself.

Risk of Sanction

40
Expected Impact

6: (#. > fﬂ v,
“Safe Bet”

The expected sanction is far more
moderate, toward minimal expected
impact to the agent. The situation is
also not very risky for incurring the
sanction, thus, the position toward ‘or-
else’ sanction is ambivalent, neither
embrace, or reject.

Risk of Sanction

delta_o Agreement

Expected Impact

Table 13 describes the scenarios for

133



T

able 13. Descriptions for # 4,

Scenario

7 (# < >
“The Good-
Life”

Contextual Narrative
Both delta internal and delta external
evaluation of the situation result in
embracing the current institution, and
potential sanction impact and risk is
negligible. Thus, final institutional
agreement is toward agree.

enarios with expected agreement trends for the fuzzyDR agent.

Expected Agreement Trends
delta_orElse fixed at 0.5

10

0.8

8: (f «»
“Off-Ran*p5

Both delta internal and delta external
evaluation of the situation result in
rejecting the current institution, and
potential sanction impact and risk is
negligible. Thus, final institutional
agreement is toward reject.

9: (# « >
“Conflicted
Tradeoff”

Both delta internal and delta external are
strongly toward rejecting the institution.
The sanction effect reflects higher risk
involved current consumption targets
that are on the excessive side w.r.t. the
institutional prescription. Thus, effects
more or less cancel out and agreement
is in ambivalent.

™
£ o6
wu
z
=
v,
£ 04
0.2
0.0
0.0 ] 04 0.6 08 10
delta_internal
Lo delta_orElse fixed at 0.5
08
™
E o6
wu
L
=
v,
J v
0.2
0.0
0.0 ] 04 056 08 10
delta_internal
delta_orElse fixed at 0.9
10 =
08
™
E os
@
L
=
Y,
B o4

0z

0o
0o 0z 0.4 e 08 1a

delta_internal
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Table 14 shows the scenario description for the final experiment where the entire
population is activated with fuzzyDR. There is no particular scenario narrative or specific
outcome expected. This experiment with all agents fully enabled with fuzzyDR was
intented to generate initial evidence toward computational scalability of the approach when

the entire population would simultaneously use fuzzy inference.

Table 14. Descriptions for # 4, sgenario with fuzzyDR activated for whole population.

Scenario Contextual Narrative Expected Agreement Trends
10: (# <» There is no overarching narrative for B delta. orElse fixed at 0.5
“Hello, Fuzzy | this scenario.

World!”

k)

=
@

delta_external
=1
N

02

00
0.0 0.2 0.4 (11 08 10

delta_internal

Table 15 shows the settings for experiment scenarios. | specify the initialization
for the fuzzyDR agent, rest of population, and the world (relevant ADICO-specification

for the governing institution).
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Table 15. Scenario parameter initializations.

Scenario

fuzzyDR agent

L. «gih-+m energy=90 energy=random(1, 100) I_quantity = 1.0
“Stay the Course” agreement_institution=0.9 agreement_institution=N(0.9, 0.05), on range [0.8, 1.0]
consumptionTarget=ADICO(1.0) consumptionTarget=ADICO(1.0)
2:(H. «gh +n energy=10 energy=random(1, 100) I_quantity =1.0
“Dire Straits” agreement_institution=0.9 agreement_institution=N(0.9, 0.05), on range [0.8, 1.0]
consumptionTarget= ADICO(1.0) consumptionTarget=ADICO(1.0)
B (fge «gn- +n energy=10 energy=N(90, 5), constrained to range [80, 100] I_quantity = 1.0
“Behind the Pack” agreement_institution=0.9 agreement_institution=0.5
consumptionTarget= ADICO(1.0) consumptionTarget=gaussian(3,1), on range [2, 4]
4: (Fge «gn- £n energy=90 energy=N(30, 5), on range [20, 40] I_quantity = 1.0
“King of the Hill” agreement_institution=0.9 agreement_institution=0.5
consumptionTarget= ADICO(1.0) consumptionTarget=ADICO(1.0)
5:(. prw v energy=50 energy=random(1, 100) I_quantity = 1.0

“On the Brink”

agreement_institution=0.9
consumptionTarget=8.0

agreement_institution=N(0.9, 0.05), on range [0.8, 1.0]
consumptionTarget=ADICO(1.0)

O_quantity =90

6: (#. Pﬁ) Ym

energy=50

energy=random(1, 100)

I_quantity = 1.0

“Safe Bet” agreement_institution=0.9 agreement_institution=N(0.9, 0.05), on range [0.8, 1.0] | O_quantity =20
consumptionTarget= ADICO(1.0) consumptionTarget=ADICO(1.0)

[ CPTe energy=90 energy=N(30, 5), on range [20, 40] I_quantity =1.0

“The Good Life” agreement_institution=0.9 agreement_institution=0.5 O_quantity =20
consumptionTarget= ADICO(1.0) consumptionTarget=ADICO(1.0)

8 (ardm energy=10 energy=gaussian(90, 5), on range [80, 100] I_quantity = 1.0

“Off-Ramp” agreement_institution=0.9 agreement_institution=0.5 O_quantity = 20
consumptionTarget= ADICO(1.0) consumptionTarget=N(3,1), on range [2, 4]

N (Har)m energy=10 energy=gaussian(90, 5), on range [80, 100] I_quantity = 1.0

“Conflicted agreement_institution=0.9 agreement_institution=0.5 O_quantity =90

Tradeoff” consumptionTarget=5.0 consumptionTarget=8.0

10: (Farpm energy = N(50, 20), range [10, 90] n/a I_quantity =1.0

“Hello, Fuzzy agreement_institution = N(0.75,

World!” 0.125), range [0.5, 1.0]

consumptionTarget = ADICO(1.0)
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RESULTS

The following are the experiment run results. It should be noted that these are singleton
simulation runs for each scenario. This was intentional as the results represent typical
outcomes that can be expected from implementing fuzzyDR within agents and | did not
want variability over multiple replications to dampen or wash out interesting dynamics that
could be better observed with an individual run. The main objective is to show that typical
results can track with directional Level 1 expectations that were part of the experimental
design and fuzzyDR membership function development.

Each of the following results sections are broken into a quad plot. The top row
shows Average Energy results, and the bottom row shows Institutional Agreement results.
Each row includes contextual data to help with interpretation of the results. All results are
plotted against time step, shown on the x-axis.

The Average Energy plot includes two graphs, with one on the left representing the
control situation (all agents are non-fuzzyDR agents, but agentID=0 is initialized for the
scenario), and on the right, the experiment situation that includes one fuzzyDR-enabled
agent (agentlD = 0). Each of these plots show the average energy level of the agents, with
the y-axis on the right providing the energy measures, with the dark blue line tracking the
average energy of the population, and the dark red line the exact energy of the fuzzyDR
agent.

A shaded region surrounds the energy lines, indicating the size of the remaining
population still in the simulation. Data labels annotate the population size at the quartiles

(n=100, n=75, n=50, and n=25). For both graphs, the population lines do not include the
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fuzzyDR agent. This is to ensure that the control (non-fuzzyDR) and experiment (fuzzyDR)
conditions may be compared against the same population baselines, a design that was
enabled by the local random number generators that were instantiated with each agent.

The Average Energy plots also show, with a light grey area chart, the remaining
levels of resources in the commons, with its values shown on the second y-axis on the right.

The Institutional Agreement plots are focused on showing the resulting agreement
results from the fuzzy inference systems. For scenarios 1-6, each sub-delta was evaluated
in isolation, so overall institutional agreement was assumed as the & output from solely
from that sub-delta system. For the later scenarios that use the full fuzzyDR system, plot
lines show , @ , W , and @ , but labeled respectively as
“delta_internal,” “delta_external,” “delta_orElse,” and “delta_tree.” These plot labels
apply for all the Institutional Agreement plots.

The left plot for Institutional Agreement shows the computed Y value against the
energy level of the fuzzyDR agent in the experiment situation, and on the right plot, against
the consumptionTarget value of the fuzzyDR agent as it changes throughout the simulation
run.

In effect, the upper right plot represents the scientific control run. The remaining

three plots all describe the experiment case and present the data from different perspectives.
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Scenario 1 (#. . g only): “Stay the Course”
The Scenario-1 narrative had the fuzzyDR agent’s energy starting with a very high value

with their needs being met, with their current consumption target being aligned with the

ADICO-specified limit of 1.0 energy unit per time step.

SCENARIO 1: "stay the course" -- partial-fuzzyDR -- delta internal only

Control
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Figure 33. Scenario 1 simulation results.
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The control plot in the average energy plot-row clearly shows that the fuzzyDR
agent starts with a significantly higher energy level (energy=90) than the rest of the
population (average is around 50). The model begins with a fully stocked commons, which
rapidly gets exploited to effectively empty around t=25. Around this time, the population
begins to die off due to not enough resources remaining, despite the commons regrowth.

Because the fuzzyDR agent started with such high energy levels, they are able to
survive longer than over 75% of the population. The fuzzyDR agent dies off around t=130,
and the rest of population follows closely, collapsing completely at just past t=120.

The experiment plot shows initial conditions that match with the control case,
however the fuzzyDR agent’s energy begins to increase until reaching maximum energy
capacity around t=15. These results are confirmed by looking at the institutional agreement
plot-row. The left plot in the bottom row shows @& (labeled as delta_internal)
hovering around 0.8 up until collapse of the commons. This delta_internal value of less
than 1.0 provides a 20% chance of breaking with the institution. The bottom right plot
confirms that the consumptionTarget did increase with these sporadic “break” decisions,
enabling the fuzzyDR agent to increase their energy by exploiting a greater harvest.

After the commons collapse, the population begins to die off, as with the control
case, and the delta_internal agreement level starts to significantly shift and trend toward
greater likelihood to reject the institution. As fuzzyDR agent energy continues to drop, so
does delta_internal. And as delta_internal drops, the expected inverse relationship is
observed with consumptionTarget increasing as “break” occurrences become more

frequent.
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Scenario 2 (#.. «»only): “Dire Straits”

The Scenario-2 narrative had the fuzzyDR agent’s energy start critically low, and starting

with a consumptionTarget value that matched the prescribed ADICO limit. Figure 34

shows the results.

SCENARIO 2: "dire straits" -- partial-fuzzyDR -- delta internal only

Control
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Figure 34. Scenario 2 simulation results.
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The control plot shows the expected results where the fuzzyDR agent, starting at a
disadvantage, is able to survive until the commons collapses. The critically low energy is
not increased beyond status quo due to strict adherence to the institutional limits, and after
collapse, the fuzzyDR agent quickly dies off.

In the experiment case, there is an interesting dynamic that has the fuzzyDR agent,
in desperation, immediately drops their delta_internal value to around 0.2, despite having
an initialized value of 0.9. This drives a massive shift in consumptionTarget, allowing the
agent to exploit the commons far more than the others. This is dramatically seen in the
upper right energy plot with the red line of the fuzzyDR agent quickly establishing a high
energy state, while the rest of the population remains in status quo. After resource collapse,
all agents start to lose energy and begin to die off.

The delta_internal dynamics are also interesting, increasing to higher levels of
institutional agreement as the fuzzyDR agent’s energy levels stabilize. As energy drops
after the collapse, however, the resulting trend from Scenario-1 is observed again, with
delta_internal dropping, and consumption target increasing as “break” events become more
frequent.

The main validation dynamic | hoped to see was the fuzzyDR energy level moving
up, while the population energy either stayed the same or moved in the opposite direction.
These results match the expected scenario outcomes, with fuzzyDR agent behaviors

breaking with the institution in order to survive.
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Scenario 3 (#g. «5»0nky): “Behind the Pack”
The Scenario-3 narrative introduces external influences, where the fuzzyDR agent observes
their network to be relatively far advantaged, have also adopted actions and behaviors that

are different than what the fuzzyDR agent uses. Figure 35 shows the results.

SCENARIO 3: "behind the pack" -- partial-fuzzyDR -- delta external only

Control Experiment
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Figure 35. Scenario 3 simulation results.
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In the control case, the higher-than-normal consumptionTarget for the non-
fuzzyDR population is observed to align with an accelerated collapse of the commons.
Because of this, the fuzzyDR agent with its low initial energy level, dies off quickly. The
significantly high energy levels of the rest of the population allow them to survive on their
energy stores for far longer after the commons collapse, with no major loss of population
until around t=100.

In the experiment case, | introduce a new plot line for tracking the energy levels
and consumption targets for the fuzzyDR’s dynamic extended neighbor’s list. Given the
nature of this sub-delta, | wanted to be able include the context of the social network. The
upper right plot shows the fuzzyDR agent trying to make immediate changes to their
consumptionTarget to catch up to the rest of the population and survive. These behaviors

are confirmed with the bottom plots showing changes in @ (labeled as

delta_external), and corresponding adjustments to the consumptionTarget values.

Given the change patterns observed for delta_external, this is consistent with the
fuzzy inference system parameter sweep model that showed a total solution landscape that
ranged between extremes [~0.4, ~0.7]. This is in stark contrast to the possible range of
delta_internal, and why in the first two experiments we saw a much bigger swing in
agreement outcomes.

This suggests a logical sensitivity of outcomes to the design of the fuzzy

membership functions and fuzzy rule base.
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Scenario 4 (4. <5 »0nky): "King of the Hill”
The Scenario-4 narrative continues exploration of external influences and presents a
situation where the fuzzyDR agent is initialized with high energy and is observing their

network as significantly disadvantaged from them. Figure 36 shows the results.

SCENARIO 4: "king of the hill" -- partial-fuzzyDR -- delta external only
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Figure 36. Scenario 4 simulation results.
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The control case shows a longer preservation of the commons than with Scenario-
3, due to the larger population matching the institution and consuming resources slower.

In the experiment case, it is interesting to note that because the fuzzyDR agent is
doing well, and their network is doing poorly, the delta_external values are stable with a
high degree of agreement.

This trend is shown to continue after the entire non-fuzzyDR population dies off
just past t=60. After this point, the fuzzyDR agent’s energy continues to drop, so during
the sporadic “break” decisions, the linear function design of the action innovation method,
results in greater and greater increases to the consumption target. There are no resources
remaining and the regrowth rate is too slow, so these increased consumption targets are

never realized, and the fuzzyDR agent dies off around t=130.
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Scenario 5 (#. , .«0gly): "On the Brink”

The Scenario-5 narrative introduces the influence of sanctions. Figure 37 shows the results.

The expected impact of this sanction is severe (O_quantity=90). The fuzzyDR agent is

initialized with a consumption target that is in gross violation of the institution.

SCENARIO 5: "on the brink" -- partial-fuzzyDR -- delta or-else only
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Figure 37. Scenario 5 simulation results.
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In the control case, the higher consumptionTarget value allows the fuzzyDR agent
to raise their energy level very quickly to reach the energy maximum. The agent maintains
this state until the commons collapse, after which the population begins to die off.

In the experiment case, the fuzzyDR agent does continue to have a higher-than-
normal consumption target, but & (labeled as delta_or-else) shifts closer to embracing
the institution each time the consumption targets get too high. The result is a dampened

fuzzyDR agent energy trend in the experiment case, then with the control case.
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Scenario 6 (#. , ..aly): “Safe Bet”

The Scenario-6 narrative continues with the influence of sanctions, with the expected

impact being moderate (O_quantity=20), and risk of sanction being low (due to initial

consumption target being close to the institutional limit). Figure 38 shows the results.

SCENARIO 6: "safe bet" -- partial-fuzzyDR -- delta external only
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Figure 38. Scenario 6 simulation results.
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In the control case, the fuzzyDR agent and rest of population all have nearly the
same starting energy level, and as expected, the population declines as the commons
collapses.

In the experiment case, delta_or-else is shown to be constant. This confirms
expected behavior from the parameter sweep model for this sub-delta parameter, with a
broad contour region at a value of 0.5.

The delta_or-else results also show that the influence from the fuzzy rules is far

more sensitive to changes in expectedImpact than sanctionRisk.
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Scenario 7 (# «» )3 “The Good Life”

The Scenario-7 narrative is the first experiment run where the fuzzyDR agent now uses all

the fuzzy inference systems. Figure 39 shows the results.

SCENARIO 7: "the good life" -- fully implemented fuzzyDR
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Figure 39. Scenario 7 simulation results.
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These results show computed results for & , (labeled as “delta_internal”),
@ , (labeled as “delta_external™), & (labeled as “delta_or-else™), and @
(labeled as “institutional agreement”).

The narrative follows that both delta_internal and delta_external is initialized at
levels that trend toward embracing the institution. Potential sanction risk and impact are
low, so delta_or-else is initialized lower as well.

In the control case, outcomes are plausible, with the fuzzyDR agent surviving
longer after resource collapse because of the higher initial energy stores.

In the experiment case, the dark blue line in the bottom row plots show the

resulting institutional agreement, @ . It is notable that delta_internal seems to have a

stronger influence on institutional _agreement, but also that the possible range of values
for this scenario were constrained between 0.5 and approximately 0.65. This is a function
of the design of the fuzzy membership functions and fuzzy rules.

It is important to note, however, that intentional fuzzyDR actions are being
influenced and triggered by computed institutional_agreement values, as indicated by the
changes in consumption target, and variations along the fuzzyDR agent energy trends

over time.
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Scenario 8 (# 4, )3 “Off-ramp”

The Scenario-8 narrative begins with an initialization that is the opposite of Scenario-7,

with both delta_internal and delta_external trending toward rejecting the institution. The

sanction risk is high, but the expected impact is moderate. Figure 40 show the results.

SCENARIO 8: "off-ramp" -- fully implemented fuzzyDR
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Figure 40. Scenario 8 simulation results.
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In the control case, the fuzzyDR agent dies off quickly as the non-fuzzyDR
population quickly exhausts the commons. The higher initial energy stores of the larger
population allow them to survive much longer past the collapse of the commons.

In the experiment case, we can observe that the fuzzyDR agent’s energy does
meaningfully change from the control case as a result of the institutional agreement
allowing frequent “break” opportunities. Trends in institutional agreement is also
observed to be much more sensitive to delta_internal in these scenario results.

Again, however, | call out what appears to be a very constrained range of

institutional agreement values.
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Scenario 9 (# 4, )3 “Conflicted Tradeoff”

Finally, Scenario-9 has a narrative that has both delta_internal and delta_external trending

toward reject institution, but the sanction impact and sanction risks are low. Figure 41 show

SCENARIO 9: "conflicted tradeoff" -- fully implemented fuzzyDR

the results.
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Figure 41. Scenario 9 simulation results.
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In the control case, the commons are exhausted immediately given the high
consumption targets of the entire population, including the fuzzyDR agent. This causes
such a rapid decline of agents, that the regrowth rate of the commons has a greater chance
to restore levels. While never enough to fully sustain the entire remaining population, it
does create a series of mini resource rebounds this is sufficient enough for the far smaller
population to create the sawtooth like patterns in the energy plots on the top row.
Eventually it is not enough, and the population dies off when the commons completely

collapse.
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Scenario 10 (¢4, )y “Hello, Fuzzy World”

As described earlier, this run is primarily intended to return some initial findings toward
the scalability of the fuzzyDR approach at scale, and if Mamdani-type methods for agent
deontic reasoning at every time step is computationally efficient enough for practical
applications of large real-world communities. Figure 42 shows the population level
outcomes because of all agents being enabled with fuzzyDR. The plots show that in the
control case, as expected, the population sustainably functions until the commons collapse,

after which the agents begin to expire and are removed from the system.

SCENARIO 10: "hello, fuzzy world!" -- fully implemented fuzzyDR
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Figure 42. Scenario 10 simulation results for the common pool resource levels.
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In the experiment case, when fuzzyDR is activated, the plot shows the average
energy increasing for a while as the agents reason about the institution and new
consumption targets are determined. The commons collapse occurs much earlier due to
higher harvests, leading to an earlier population collapse.

Figure 43 shows the median agreement outcomes from each sub-delta FIS, as well
as the orchestration FIS. A shaded region around the median shows the 25"-75%
percentile agreement for the remaining population at that time.

Fuzzy inference outcomes show a wide range of results for , While the
1 FIS output had much less variance. A likely explanation is that all agents were
assumed to have the same archetype, and thus the same fuzzy membership functions. |
expect the variance to be much larger if different fuzzy membership sets were used. As no
sanctions were used for this run,] did not produce any significant results, other than
a middle of the range value of 0.5. This did have a logical result however on the overall
institutional agreement computed result fromj , since the implemented fuzzy rules used
the OR operator and takes whatever the maximum values are. This means that even though
1 values might drop below 0.5, the effectively becomes the minimum
possible institutional agreement value.

This emphasizes the sensitivity of the fABIM approach to the design of its fuzzy

membership sets and rule base.
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Figure 43. Scenario 10 simulation results for the sub-delta parameters and the agreement outcome.
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CONCLUSIONS

These scenario runs were designed to stress test the fABIM approach by running a variety
of edge cases to evaluate each sub-delta inference system, before testing the full fuzzyDR
process.

One of the main findings was that this process did indeed allow fuzzyDR agents to
plausibly respond to changing conditions to themselves, others, and the observable world,
as predicted by both the SAW framework and the design of experiments (e.g., membership
functions, fuzzy rule sets).

Despite this however, I did observe that the computed institutional agreement, & |,

was constrained to a very limited range and it was not possible to have values near the
extremes. This was confirmed by reassessing the parameter sweep model for which
also showed limited range of computed values, over all possible combinations of the sub-
delta parameters. This was clearly an artifact of the fuzzy membership function and fuzzy
rule designs, and that should be a strong consideration to validate the fuzzy inference
system behaviors when calibrating for practical use cases.

Given these outcomes for Scenarios 7-9, | suggest that the insights justify my
decision to use singleton runs to observe fuzzyDR outcomes as multiple replications would
very likely wash out to averages close to 0.5 for institutional agreement and would have
dampened or completely obscured any interesting trends that would have confirmed that
fuzzyDR successfully triggered adaptive agent behaviors to both embrace and reject

institutions based on different contexts.
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As a final thought, it should be noted that these outcomes all assume that the fuzzy
rules are static. Continuing fABIM research for dynamically changing the fuzzy
membership functions and/or fuzzy rules during runtime based on fuzzyDR agent
experiences, is worth exploring, and I propose would further enhance the value proposition

of the fABIM approach.
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CHAPTER 6: DISCUSSION

This chapter summarizes the research, from motivation and research questions through
experiments, results, and conclusions. | situate the core contributions within the literature
and conclude with thoughts on how future research may further advance these ideas.
RESEARCH SUMMARY AND CONTRIBUTIONS

The significance of ABMs in computational social science, especially for public policy and
governance, underscores the importance of accurately simulating agent decisions to reflect
real-world complexity. This research aimed to contribute new tools that resolve the
oversimplified assumption of uniform compliance with governing institutions, introducing
a nuanced representation of individual variance in adherence to policies. It was motivated
by three primary areas of inquiry: operationalizing ADICO and the delta parameter;
modeling institutional reasoning using fuzzy inference; and using the ABM paradigm to
implement both institutional formalisms and fuzzy reasoning within a unified fABIM
computational framework.

These questions guided a review of sociological theories on the influences of
structure and agency in determining individual behavior and actions. By adopting a
complex adaptive systems perspective, | integrated sociological theory into a mechanistic
process that relates individual agency to influences from institutions and dynamic updates
to the observable world and network interactions. This led to the development of the SAW
framework which enabled a mapping of sociological foundations to my technical approach.

Figure 44 reintroduces the SAW framework with annotations for these contributions.
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| used the SAW framework to inform the development of all technical components
of my research. This framework is a contribution as it conveniently classifies the overlap
of multiple sociological theories on structure and agency—Giddens, Archer, and Stones—
into discrete processes of complex adaptive systems. | have not found anything similar in
my computational social science literature search. It should also be noted that while I have
mapped my own technical contributions of computational ADICO, ABIM, and fuzzyDR
against the SAW framework, alternative tools may also be applied against the most relevant
underlying sociological theories.
Computationally operationalizing ADICO
My research has not been the first to integrate the ADICO grammar of institutions into
ABMs. One of the most comprehensive attempts has been with Ghorbani et al. (2013)
which proposed a metamodel framework called MAIA (Modelling Agent Systems Based
on Institutional Analysis), that is designed to speed the development of advanced ABMs
that requires consideration of social institutions. Their approach was based on formalizing
the components of the Institutional Analysis and Development framework (IAD) (Ostrom,
2005). The works | have leveraged the most however has been that of Smajgl, Izquierdo,
& Huigen (2010) who proposed decomposing ADICO elements into sub-fields to facilitate
their integration into ABMs, and they demonstrated the use of these sub-fields in models
of the commons. This was also informed by more recent works, such as Ghorbani et al.
(2017), Farjam et al. (2020), Ghorbani, Ho, & Bravo (2021), and Ghorbani (2022).

My contribution on this point proposed sub-fields to be used for the full ADICO

sequence, to include the Or-Else element. My Level 1 validation experiments, however,

164



used only the I_quantity (the unit amount for the Aim element) and O_quantity (the unit
amount for sanction impact). While | do mention in my validation chapters that | do not
exhaustively research the Or-Else, it is a contribution to integrate sanction quantities into
the model as typically, other research has assumed full compliance with a given institution,
thereby negating any need to consider the Or-Else—if the agent always obeys, there is no
deliberation to break based on tradeoff calculations of incentives and sanctions.

Modeling the Delta Parameter

Crawford and Ostrom (1995) and Ostrom (2005) describe the delta parameter as a
formalization of normative payoffs when analyzing the effects of norms on decision
making. These delta parameters represent internal and external costs and benefits
associated with obeying or breaking an institutional prescription. And they go further,
proposing that these parameters can be divided into rewards and costs that come from
external versus strictly internal sources of valuation.

Schliuter and Theesfeld (2008) call out this concept, saying that the internal and
external emotional factors captured by the delta parameter are the “ones on which we
should focus if we want to understand the reasons people follow or disobey an institutional
statement.” This perspective is probably one of the most influential for guiding my research
motivation—delta parameter-based deontic reasoning for deciding to obey or break with
institutions.

Despite this emphasis on the critical importance of the delta parameter concept, |
could find no technical approaches in the literature for operationalizing the parameter in

computational models. Research that most closely addressed this used algorithmic decision
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criterion, which in effect, was presented as a simple threshold model. In ABIM works that
leveraged ADICO, for example, Smajgl, lzquieerdo, & Huigen (2010) and Ghorbani &
Bravo (2013), assumed full compliance and thus ignored opportunities to break from
institutions.

| argue that the delta parameter concept is crucial for policy models because it
allows us to account for the population's potential decisions to deviate from expected
behavior, thereby enabling a more accurate evaluation of proposed policies' effectiveness.
The delta parameter's imprecise descriptions of individual trade-off considerations, along
with their uncertain quantification, present an ideal case for the application of fuzzy logic.
By representing the delta parameter as a fuzzy inference system, we can better capture the
nuances of these decisions. To the best of my knowledge, no other research has attempted
this fuzzy approach to modeling agent response to governing institutions.

Given the dynamic and partial truths associated with agreement on qualitative
concepts, including internal values, external social influences, and the consideration of
possible sanctions, risks, and incentives, my research and experiments have proposed
methods for designing fuzzy membership sets to encapsulate these factors. Additionally,
they illustrate how overlapping truths, including contradictory ones, can be integrated
within computational agents. | consider fuzzyDR as a novel contribution to policy
modeling.
fABIM as a Unified Computing Framework
As a final contribution of this research, | propose fABIM as a generalized architectural

design to embed fuzzyDR within an ABIM environment, modeling agents as they interact
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with each other and decide on institutional compliance. Successful Level 0 and Level 1
validation experiments have demonstrated early fABIM capabilities and promise for
further research and application to more complex scenarios.

One promising opportunity that fABIM might be meaningfully applied to, is work
that has focused on the dynamics of endogenous institutional change (Smajgl, 1zquierdo,
& Huigen, 2008; Ghorbani & Bravo, 2016; Farjam et al., 2020; Ghorbani, Ho, & Bravo,
2021). The earlier of these works often assume simple threshold models, or simplified
processes by which institutions might undergo a change. The representation for how a
deliberate breaking from institutions at an individual agent level clearly has significant
influence on the outcomes of institutional change models. | propose that using fABIM as
the base experiment platform will add new flexibility and exploratory power to this line of
research.

CONCLUSIONS

Complexity science recognizes that simply basing our understanding of systems based on
macro-level trends is insufficient and acknowledges the need to account for system
dynamics at the “agent level,” especially when dealing with social systems and the
heterogeneous behavior of individuals. This paradigm shift of macro to micro is succinctly
captured with the “Lucas critique” by Robert Lucas (1976). This theoretical proposition
advocated for micro foundations and the incorporation of deep parameterthat influence
individual worldviews, expectations, and adaptive behavior changes. The fundamentals of
complexity science, in many ways, addresses the gaps highlighted by the Lucas critique. It

emphasizes the dynamic nature of human behavior, especially in terms of responses to
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policy changes and shifts in the external environment. However, continued advancements
in computationally operationalizing sociological theory are necessary to enhance the
diversity of available modeling tools that capture the complexity and dynamical aspects of
human behavior. Research scenarios are extremely diverse, and models are never one-size-
fits-all—the toolkit for the computational social scientist must be flexible and robust.

In my work with fABIM, and particularly with the fuzzyDR method, I aim to refine
how we model these so-called deep parameters of the Lucas critique. My emphasis has
been on capturing subjective individual perspectives, the reasoning behind their degree of
agreement with governing institutions, and the modeling of subsequent actions in response
to institutional prescriptions. Through this approach, | hope to have contributed to the
broader effort of integrating greater representative realism of computational social science
models, enhancing agent response to social structures of institutions-in-form and
institutions-in-use.

This research, however, is just the initial results and more work must be done.
Ultimately, I would like to enable fABIM to be both practically viable and deeply rooted
in empirical evidence, requiring a careful balance between computational methods and the
theoretical and practical demands of social science fieldwork.

CONTINUATION OF RESEARCH
There are five areas that | call out for continuation of this research: improving the taxonomy
of a computational ADICO grammar; streamlining the bridge between field study and

computational study; adapting the fuzzy inference methods used to scale to large agent
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populations; dynamic fuzzy deontic reasoning; and increasing the breadth of demonstrative
fABIM use cases.

Improving the Taxonomy of a Computational ADICO Grammar

The proposed decomposition of ADICO elements into sub-fields works well for existing
works focused on application of ABIM methods to scenarios of resource management in
the commons, such as with Smajgl, Huigen, and Izquierdo (2010), and including my work
here with fABIM. Additional examination must be done however to examine if these sub-
fields are generalizable to a wider range of possible use case scenarios, and if not, to
determine if other sub-fields or approaches may best adapt the grammar for a more
effective computational implementation.

Streamlining the Bridge betweehield Study and Computational Study

In practice, and toward the idea of benefits for using the ADICO formalisms used by field
teams, the calibration of fuzzy membership sets that reflect the generalized beliefs of
individuals must be further validated, with proven methods to extract these insights from
multi-method social science research so it may be used to initialize fABIM models and
realize its potential usefulness for policy research, evaluation, and design. This must be
robustly proven with evidence that can accurately show concurrence between empirical
observations and data from institutional analysis to emergent fABIM results that are
generated from the application of real-world calibrated fuzzyDR agents.

Adapting the Fuzzy Inference Methods used to Scale to Large Agent Populations
As mentioned earlier in the dissertation, there are different types of fuzzy inference systems

that primarily differ in how they define the output membership functions and the process
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of defuzzification. These differences are most relevant in the steps of the application of
fuzzy rules and inference, as well as the defuzzification step of a fuzzy inference system.

For my research, | used the Mamdani method, which is well recognized for its
advantages when working with human input and qualitative analysis, as it relies on fuzzy
sets for both inputs and outputs. It applies fuzzy rules to the fuzzified inputs to generate
fuzzy outputs. The rules in a Mamdani system are typically of the form "IF [condition],
THEN [fuzzy output],” where both the condition and the output are expressed in terms of
fuzzy sets. This makes the method intuitive and simple, and common in systems that need
to directly translate human expert knowledge and experience (consider the qualitative data
that a field study on institutions might provide) into fuzzy control rules.

There are other methods that have been studied and applied. | believe that one
alternative method that may be potentially ideal for fABIM is the Takagi-Sugeno method,
which differs in that the output of each rule is not a fuzzy set but a mathematical function
of the input variables. This method might have rules of the form "IF [condition], THEN
[mathematical function of input variables]." The output might be a linear function or even
a constant, which simplifies the computation, and given a large population of
computational agents at scale, this potentially more efficient approach might be a better
choice for fABIM.

Dynamic Fuzzy Deontic Reasoning
As captured by the SAW framework, feedback loops can drive endogenous change in long-
run observations. To do so, agent behaviors must be considered as shaped by institutions,

and institutions are also able to be changed or influenced by emergent collective trends by
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individuals as their actions may diverge from prescription and eventually be adopted by
the population.

Computationally, following the ABIM approach, | propose this can be represented
by adaptive fuzzy inference membership functions that coevolves with changes to the
system, during runtime. For example, consider an agent that is of the conformist archetype,
but after repeatedly not having their needs met and now finding themselves in a critically
low state, they may experience a shift in their membership functions, allowing for greater
tolerance toward ‘reject institution’ behaviors.

This may be technically executed with membership function changes, for example,
through adjustments that draw out a distribution long tail, extend ranges of extremal values,
or compress distributions to cover less range. The ABIM paradigm allows for easy changes
of shape parameters as they can be programmatically linked to evaluation methods that
assess if agent mental models should shift in its beliefs.

More research is necessary to ensure that fABIM may be used in a dynamic way.
Increasing the Breadth of Demonstrative fABIM Use Cases
Finally, | suggest that significant progress for the fABIM approach would be to expand the
portfolio of use cases to which it has been applied. A greater breadth of scenarios to
demonstrate the flexibility of the architectural design would be highly instructive for
identifying how fABIM should continue to evolve. I propose two real-world use cases that
are ideal for continued evaluation and stress testing of fABIM.

The first use case opportunity is to apply it to models of the COVID-19 pandemic.

There are a few reasons that this use case is ideal. First, the pandemic spread resulted in
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the implementation of many NPIs and other disease containment policies that depended on
individuals to voluntarily decide to comply or not. This situation follows my intended
scope of ideal application of the fABIM approach. Second, many ABMs of the pandemic
exist, and given the object-oriented nature of ABMs, it should be relatively straightforward
to implement Classes for ADICO and fuzzyDR. Finally, the extremely rich literature and
data collection around the pandemic likely provides many opportunities for calibrating
fuzzyDR to empirical data, and for capturing ground truth data for model validation. For
example, assuming a non-fABIM model as the control, and its performance measured
against real-world outcomes, does an fABIM model calibrated to relevant data enable
greater predictive accuracy against the ground truth? It would be instructive to validate if
agent-level, heterogenous reasoning based on fuzzy interpretation of the situation makes a
significant difference in modeled results.

An additional approach involves using fABIM to address water scarcity issues.
With the rise of climate change and global warming, we are seeing more challenges that
threaten our daily lives and, in many situations throughout the world, our very survival.
One way that this problem manifests is with "day zero" events. These events represent the
critical juncture where a city's water supply is nearly depleted, emphasizing water's
essential role in drinking, sanitation, agriculture, and industry. Driven by increased
demand, population growth, urbanization, climate change, and poor water management,
the risk of reaching "day zero"—a scenario where taps run dry—is escalating. This
situation not only reflects an acute water scarcity crisis but also underscores the urgent

need for effective water management strategies and conservation efforts, while
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emphasizing the need for understanding how the community might reason about, and
comply with, these conservation-based institutions. Ultimately, if the population does not
embrace the intervention strategies, no day zero response efforts will ever succeed. It is my
hope that approaches such as fABIM might preemptively assess the likely population
response to planned institutions, providing an experiment platform to virtually test and
evaluate potential policies, or combinations of polices, to determine what the best course
of action might be.

This will be a significant global challenge in the coming decades. Several cities
have faced or are approaching day zero, demonstrating the tangible consequences of water
scarcity, including public health risks, economic instability, and environmental damage. In
recent times, this has included: Cape Town, South Africa, in 2018; Chennai, India, in 2019;
and currently, Mexico City, Mexico, among many others. The crisis demands a collective
response, with actions required at both individual and community levels to mitigate the
impact and address the underlying causes.

Moreover, the challenge of water scarcity and the looming threat of day zero
exacerbate social inequalities, affecting vulnerable populations disproportionately. They
also heighten the potential for conflicts over resources, underscoring the complex socio-
political landscape of water scarcity. The heterogeneous and varied responses of
individuals facing different levels of scarcity and unmet needs highlight the importance of
modeling methods that capture these nuanced dynamics.

fABIM offers a nuanced approach to model the behaviors of individuals as they

navigate the delicate tradeoffs between survival and adherence to conservation policies. By
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incorporating realistic simulations that capture plausible representations for the deontic
reasoning process, TABIM potentially provides insights into the tipping points and
conditions that may lead to the failure of policies intended to safeguard water resources,
thereby offering an approach to improve development and implementation of more
effective water management strategies.

These two use cases of pandemic response and water scarcity would be ideal for
continuing this research and extending the evaluation of fABIM as a viable tool for

computational social scientists and policy makers.

174



EPILOGUE

I've always been drawn to the concept of finding meaning with "the middle path." This
approach suggests an established understanding of the extremes before fully realizing the
potential found in navigating the middle ground. Our collective knowledge seems to evolve
in this way: we start with a theory at one end, encounter an opposing theory at the other,
and through ongoing research and discourse, we eventually uncover a more nuanced and
deeper understanding that lies somewhere in between. | hope my work exploring the
middle ground between structure and agency contributes to this evolving understanding
and provides a potential new tool and approach for advancing my field.

As a final note, | started with the poem, Anecdote of a Jar, and | end with a
reflection on the personal journey of the poet. Wallace Stevens began his literary career
after decades in the corporate sector and started writing poetry seriously at the age of 50,
achieving remarkable success. | do not expect nor claim | will mirror his success in the
computational social science field, but his story does resonate with me. After nine years of
working on my PhD, balancing family, life events, work, and school, and constantly feeling
like I'm running behind, I find peace in the thought that with a handful of years to go before
50, by at least one relative measure, | am well ahead of schedule!

May my children know significant accomplishment and personal growth are not
confined to a specific timeline, and may we all, in our own way, find that our jars upon the

hill have helped make this world a better place.
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