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0.1 Abstract

The formation of activist groups can spark social movements, coalition building, and revolutions. Al-
though exogenous shocks to a system can often cause individuals to develop or strengthen their commitment
to a cause, the mechanisms through which like-minded individuals build confidence in their views and es-
tablish social connections is not thoroughly understood. In this work, we develop a theory that begins to
explain two phenomena: 1) how an activist’s conviction co-evolves with their immediate social network,
and 2) how so-called “politically viable networks” (PVNs), or clusters of activists, tend to arise or disap-
pear based on the distribution of potential activists and the sociopolitical environment. We illustrate this
theory by modifying the adaptive voter model (AVM) with an evolutionary game theory-inspired convic-
tion variable, which represents both the strength with which an individual holds on to their beliefs and
the comfort of holding on to such beliefs in the context of their network, encapsulating the co-evolutionary
dynamics of networks and sociopolitical attitudes. In this thesis, we run systematic simulations of this
conviction-moderated adaptive voter model (CMAVM). As is expected from empirical evidence in countries
with stable pre-shock socio-political landscapes, we find that activists are often systematically discouraged
by their exposure to disengaged individuals. However, we also identify situations that favor their survival
within society as members of politically viable networks, chiefly stronger homophily preferences and higher
initial activist conviction. Next, we propose three mechanisms through which to leverage survey data to
introduce realistic heterogeneity using: 1) geographic location to inform graph structure and connections; 2)
demographic information to endow political node attributes such as opinion and conviction; and 3) identity
to differentiate the level of impact each interaction has based on the perceived similarity or difference among
the individuals involved. A parameter sweep identifies that the introduction of heterogeneity magnifies or
dampens the influence of certain parameters, informing our views of what “potential successful pathways”
towards mobilization might look like. Finally, we build a Panama-specific model, motivated by the protests
of 2022, that illustrates how the introduction of heterogeneity—informed by reliable survey data—describes
several different potential evolutionary pathways that this movement may have followed. Overall, this work
contributes to strengthening our understanding of social movements and other social issues where buy-in

matters.
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Chapter 1

Introducing Conviction Moderation of

Opinion Dynamics

“] simply wish that, in a matter which so
closely concerns the wellbeing of the human
race, no decision shall be made without all the
knowledge which a little analysis and

calculation can provide.”

Daniel Bernoulli

1.1 The Mathematics of Socio-Political Activism

Activism requires the presence of activists—individuals who not only hold an opinion but hold it strongly
enough to mobilize themselves and influence others. The emergence of a socio-political movement requires
that these activists become embedded within activist networks, which are groups of interconnected indi-
viduals who can coordinate their efforts to effect change. The strength and connectivity of these networks
are crucial for successful mobilization. However, socio-political stability often thwarts social movements by
systematically discouraging activists. Stable systems tend to maintain the status quo and suppress dissent,
making it challenging for activists to gain momentum. However, when there are shocks to the system—such
as economic crises, political scandals, or social unrest—the frequency and significance of interactions between
individuals increase. These shocks lead to more frequent social rewiring, where people seek out and connect

with others who share similar views. As individuals find like-minded peers, they start building collective



confidence. Over time, these networks can give rise to a politically viable network (PVN), where the growing
confidence and mobilization efforts of activists reinforce each other, leading to a self-sustaining movement.

How does this theory translate into mathematics? To understand the mechanisms of association and
network formation, we can use mathematical models from disciplines such as graph theory and dynamical
systems. These models, collectively known as sociophysics [1, 2] or opinion dynamics models [3], allow us to
study how individuals form connections, how opinions spread through networks, and how collective behavior
emerges from individual interactions [4]. The models’ behaviors are largely influenced by four key factors.
First, the network’s structure and layout, including the density of connections and the attachment patterns
between individuals, determine who interacts with whom and how often, and therefore significantly influence
the spread of opinions and the formation of activist networks [5]. Second, the rate at which individuals
interact affects how quickly opinions can spread and mobilizations can arise; in particular, shocks to the
system can temporarily increase this rate, resulting in more rapid changes in network structure leading to
collective behavior [6]. Third, the initial distribution of opinions within the population determines how likely
activists are to connect with other activists and how resilient they will be in the face of discouragement.
Fourth, individuals’ ability and willingness to change their connections based on their interactions and
experiences is crucial for the dynamic formation of activist networks; this rewiring process can be modeled
using stochastic rules that capture the likelihood of forming or severing ties [7].

To apply these mathematical insights to real-world scenarios, we require thorough and representative
real-world data from sources such as survey responses on political opinions and social interactions. Identify-
ing key demographic or psychological traits of individuals and populations that can drive the co-evolution
of opinions and social connections is essential to understanding the mechanisms through which activism
emerges. Although data-integration can prove challenging at times, this project finds computationally sim-
ple ways to leverage survey data at different stages of an opinion dynamics model to more realistically
simulate the evolution of each individual’s opinion over time and introduce heterogeneity at the individual
level. By challenging ourselves to build realistic models from this data, we can iteratively refine our models
to better capture the complexities of socio-political activism through calibration, simulation, and model iter-
ation. Through this process, we can develop a deeper understanding of how socio-political activism emerges,

spreads, and sustains itself, and the mechanisms that drive it in both general and specific settings.

1.2 Graph and Network Theory

Graph theory is an area of mathematics concerned with the representation of different problems and

structures as graphs, which are collections of nodes (also vertices or points) and edges (also links or ties)



[8]. The size of a graph is given by its number of nodes. Edges can be undirected or directed to represent
symmetrical or asymmetrical relationships, respectively, between the nodes. Network theory is a specific
subdiscipline of graph theory where nodes or edges are endowed with attributes; in particular, social network
theory aims to represent the structure of relationships between social elements [9], which are most often
individuals but could also be groups, organizations, institutions, nations, or even websites. Node attributes
are most often stored as vector-structured data, and can be used to track characteristics; in a social context,
these are most often demographic data (e.g. age, gender, race, ethnicity, income, socio-economic status,
location), psychological data (e.g. trust or talkativeness), and political data (e.g. political orientation, party
affiliation, talkativeness). A key distinction can be drawn in network theory between graphs with weighted
and unweighted edges; these weights are often used to designate the relative importance or capacity of
an edge in a network. For this thesis, however, edges are always undirected and unweighted, representing
symmetric and equal social relationships between individuals. Altogether, graphs can be analyzed according
to some of their well-defined properties; those most relevant to social networks include assortativity (the
extent to which neighbors share certain attributes), transitivity (the likelihood that if two nodes have a
common neighbor then they too are neighbors), and propinquity (the extent to which geographical distance
affects the likelihood of nodes being network neighbors). Meanwhile, nodes can also be described according
to subtly different yet well standardized measures of centrality, which identify the relative importance of
each node.

Another important feature of graph theory is that of induced subgraphs, which are subgraphs of an
original graph composed of a certain subset of all nodes and all of the edges from the original graph which
connect the nodes of that subset [10]. In social network theory, these induced subgraphs are often used to
understand the social structure of specific groups of interest, such as members of a particular political party,
social movement, or collective action initiative. In this thesis, politically viable networks (PVNs) are defined
as induced subgraphs.

In the political science literature, social networks have been used to understand issues of social cooper-
ation, defection, and collective action since at least 1988 [11, 12]. In particular, networks have been used
extensively to describe peace and conflict issues and dynamics, both at the domestic and international levels.
For instance, there are models that represent global-scale issues of peace and violence as well as domestic
issues of violent, criminal, and terrorist organizations [13, 14, 15, 16]. The latter more closely resemble
the problem of activism emergence, and researchers have assessed the role of networks in the recruitment
and mobilization of transcendental political developments such as the rise of ethnic revolutions and terrorist
organizations. Some projects have focused specifically on how social media or identity-based networks often

underpin these movements [17]. Yet, there is little exploration of the role that networks play in the creation



of socio-political movements in the absence of repression, war, and similar sources of political violence or
when these movements form across the boundaries of particular identities. Thus, this project contributes to
social network theory by discussing how networks are important in the creation of socio-political movements
across identity cohorts and within political environments that have historically shown very high relative

stability without cross-cohort movements or significant, violent repression.

1.3 Opinion Dynamics

Opinion dynamics refers to the study of the co-evolution of opinions and social structures. It arose as a
branch of sociophysics, a field of science that employs mathematical models inspired by physics to understand
how human societies behave and evolve. This tradition has yielded a number of useful “voter models” to
understand how an individual’s beliefs can influence those around it, how societal beliefs influence different
individuals, and how beliefs become established over time. However, it is important to consider that these
models do not necessitate a single voting event such as an election; instead, they describe the opinions
individuals have about certain issues. Two important predecessors of the type of model described in the

next two chapters of this thesis are discussed below.

1.3.1 The Classic Voter Model

One early representation of opinion dynamics hinged upon assigning “spins” (with values of +1) to
individuals who occupied certain distinct spaces and letting them influence those who were around them.
In sociophysics, each spin was mapped to an opinion (yes or no), and each space was mapped to a voter.
Among the first of such models was the “voter model,” proposed by Richard A. Holley and Thomas M.
Liggett [18]. In this iterated discrete-time model, a voter is placed at each node of a graph and assigned an
opinion. Then, the model randomly selects an individual-—a random voter—whose new, updated opinion will
be determined by its neighbors according to a stochastic rule. Specifically, one of its neighbors is randomly
chosen according to a set probability distribution, and the neighbor’s opinion is effectively transferred (or
spread) to the random voter, as illustrated in Figure 1.1. Because only one opinion change happens at each
discrete time step, these models are often represented in terms of coalescing Markov Chains. As such, voter
models can be studied as dual and branching processes, which provide insights into their long-term behavior
and the probability of different outcomes.

An important feature of these models is that they tend toward consensus; that is, information tends to
flow outward from where an opinion is held, and populations reach a steady state only when one opinion

becomes dominant. This phenomenon illustrates how, over time, a single opinion can come to dominate an
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entire population. Despite the tendency toward consensus, these models can also exhibit more interesting
phenomena such as coexistence and clustering. Coexistence refers to the scenario where multiple opinions
persist in different regions of the graph; this is more commonly observed in higher dimensions or for specific
graph structures. Meanwhile, clustering refers to the formation of regions where a single opinion is dominant.
Importantly, clusters can grow over time, eventually leading to consensus, but the path to consensus can
involve complex spatial patterns and temporal dynamics. Still, the structure of the model’s graph is extremely
important for predicting whether a model can reach consensus and the required steps for it to reach this state.
For example, a few naive arrangements include placing voters in a line graph, or on a square lattice using Von
Neumann or Moore neighborhoods [19]. These configurations influence how opinions spread: in a line graph,
consensus will form very slowly and with very simple clustering. Von Neumann neighborhoods, because of
their two-dimensional arrangements, allow for moderate consensus speed and they display relatively simple,
two-dimensional clustering. Moore neighborhoods are very similar, but the slight change in connection
rules allows for much faster consensus and complex clustering patterns, showing the importance of spatial
relationships in determining a model’s outcomes. For instance, the classical voter model on random graphs
delivers rapid consensus, unpredictable clustering, and very short coalescence time depending entirely on
connectivity. In reality, human systems must be represented by much more complex graphs, and this increases
a model’s complexity.

The classical voter model is helpful in simulating the spatial spread of opinions and the role of initial social
structures in influencing individuals’ views and shaping social configurations. However, the model’s simple
assumptions compromise its applicability in the socio-political context. Notably, the clearest socio-political
interpretation of this model is that a naive, unconfident voter yields to a neighbor under social pressure. But
social dynamics are more complex; specifically, even in high-pressure situations, individuals can choose to
sever a social tie that causes them anxiety and/or establish ties to those who hold similar views. Additionally,
most iterations of this simple model presume that all neighbors are equally likely to influence an individual’s
opinions, ignoring the nuances of weaker versus stronger ties, persuasiveness, and conviction. In light of
these limitations, researchers have refined voter models to better capture the intricacies of real-world social
dynamics, such as incorporating heterogeneity in influence strength and allowing for the dynamic formation
and dissolution of social ties. The latter is captured by the standard adaptive voter model; the former is

more of an open question that this thesis will later seek to address.
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The Classic Voter Model 4

Binary voter variable (up, down) at each site, i 1 ‘
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neighbor’s state Holley & Liggett (1975)
|—> Pick a random neighbor 5

Figure 1.1: A random voter selects a random neighbor and adopts said neighbor’s opinion.

1.3.2 The Standard Adaptive Voter Model

A next step in opinion dynamics involves capturing the structural rearrangements of voters based on their
opinions alongside the shifts in opinion based on a voter’s surroundings. The Adaptive Voter Model (AVM)
addresses this need by simulating the processes through which networks influence individuals’ opinions and
individuals modify their networks according to their connections’ stances [20]. At each discrete time step
of the AVM, an individual ¢ is randomly selected. With probability ¢, the individual will engage in social
learning, meaning i will adopt the opinion of one of its neighbors. Alternatively, with probability (1 — ¢),
1 will engage in homophily by replacing its link to some j with one to another individual j° who shares ¢’s
opinion. In the AVM, ¢ is a global parameter for the population, and its exact value significantly affects
the final configuration of the graph’s nodes and edges. In the long time limit, the AVM typically yields a
consensus state where individuals are only connected to others who share their own opinion. Holme and
Newman identified in 2006 that the standard AVM’s phase transition occurs at ¢ &~ 0.46; small values of ¢
result in smaller consensus groups resembling the original opinion distributions, whereas large values of ¢
result in a single, homogeneous component where all individuals converge to the majority opinion.

Despite its simplicity, the AVM can be made significantly more realistic with certain modifications. For
instance, Chu et al. propose a variation where two individuals, 7 and j, are randomly selected as the learner
and role model, respectively [21]. In this modified model, if ¢ and j share the same opinion, the networks
and opinions remain unchanged. However, if ¢ and j hold different opinions, with probability ¢, ¢ will engage

in social learning, adopting j’s opinion. Alternatively, with probability (1 — ¢), ¢ will engage in homophily

12



by substituting the link to j with one to another individual ;' who shares i’s opinion.

This modification inherently selects discordant pairs for potential changes, emphasizing the dynamics
of opinion convergence and network restructuring, making it better able to capture the friction inherent in
social interactions. Notably, in both the original AVM and its modified versions, ¢ represents the probability
of social learning. These models, by incorporating both homophily and social learning mechanisms, provide
a powerful framework for studying how social networks evolve and influence opinion dynamics, capturing
the complex interplay between individual behaviors and network structures.

The AVM effectively models how opinions and social structures co-evolve. By incorporating both the
likelihood of changing one’s opinion and the tendency to rewire connections towards like-minded individuals,
the model simulates realistic social processes. The parameter ¢ plays a crucial role in determining the model’s
dynamics. At high ¢ values, social learning dominates, leading to a rapid convergence towards a majority
opinion and a highly interconnected social network. Conversely, at low ¢ values, homophily dominates,
preserving initial opinion diversity, which results in multiple smaller, homogeneous clusters.

The AVM is not only a robust theoretical tool but also an adaptable framework that can be tailored
to study various social phenomena, such as political polarization, cultural assimilation, and the spread of
innovations. The AVM and its variations offer a nuanced way to understand the interplay between individual
opinions and social structures, providing insights into the mechanisms driving social cohesion and division.
This adaptability makes the AVM a valuable model for exploring the dynamics of opinion formation and
network evolution in diverse social contexts, and this project will focus on exploring the advantages and

limitations of refining the AVM in different ways.
W . W
"

Figure 1.2: In this illustration from Holme and Newman [20], different vertex shapes are used to represent
different opinions. At each time step, the system is updated according the processes shown denoted as (a)
and (b). With probability 1 — ¢, homophily occurs as shown by panel (a). With probability ¢, social learning
occurs as shown by panel (b).
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1.4 Game Theory

Game theory, which originated in the early 20th century, is a mathematical framework for analyzing
strategic interactions between decision-makers, known as actors or players, under specific circumstances,
referred to as games [22]. As each actor makes its decision, it receives a payoff, which is a numerical
representation of the outcome. Though initially applied to two-person, two-strategy games, game theory has
grown to have numerous applications in the modeling of a wide range of interactions and behaviors that rely

on strategic decision-making.

1.4.1 Classical Game Theory

In classical game theory, actors make choices that maximize their payoffs. One of the foundational
concepts in this area is the Nash equilibrium, named after John Nash. A Nash equilibrium occurs when no
player can benefit by unilaterally changing their strategy, given the strategies chosen by the other players
[23]. This equilibrium represents a stable state where players’ expectations are aligned, and no one has an
incentive to deviate.

The quintessential example of classical game theory takes the form of the Prisoner’s Dilemma [24]. In this
scenario, two prisoners, who are being questioned separately, are faced with the choice to either cooperate
with each other by remaining silent or defect by betraying the other. The payoffs are structured so that each
prisoner benefits more from betraying if the other remains silent, but if both betray, they both receive worse
outcomes than if they had both cooperated. Here, the Nash equilibrium occurs when both prisoners choose
to betray each other. Neither prisoner can improve their situation by changing their strategy unilaterally,
making this a stable but suboptimal outcome compared to mutual cooperation.

It is important to note that the most basic models in classical game theory rely on the assumption of
perfect rationality, meaning that all players are fully rational and have complete information about the game
and the other players. Classical game theory assumes that players are always capable of calculating the
optimal strategies they need to play to maximize their payoffs and assume that all other players are doing
the same. While this assumption simplifies the analysis, it often does not hold true in real-world scenarios
where information is incomplete or players have bounded rationality. For this reason, evolutionary game
theory models, concepts, and approaches will be used throughout this thesis to better understand the chaotic

and sometimes irrational, but unique and important, nature of human behavior.
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1.4.2 Evolutionary Game Theory

In contrast to classical game theory, evolutionary game theory (EGT) emerged originally from the study
of biological and later, social systems, where the focus is on the dynamics of strategy change over time
rather than the static analysis of rationally-derived equilibria [25]. EGT models populations of players who
interact and adapt their strategies based on their success relative to others. Instead of economic payoffs
and rationality, EGT considers biological fitness and natural selection, respectively. Therefore, EGT is a
way to mathematically study evolution in the Darwinian “survival of the fittest” sense. Strategies represent
inherited or adopted behaviors or traits, and payoffs are interpreted as fitness or reproductive success.

Unlike classical game theory, which assumes that players consciously optimize their payoffs, EGT assumes
that strategies evolve over time through processes like natural selection or learning. The Iterated Prisoner’s
Dilemma (IPD) is a useful example to illustrate this. In the IPD, the same players repeatedly engage in
the Prisoner’s Dilemma, which results in them adapting their strategies based on the outcomes of previous
interactions [26]. This repetition can lead to the emergence of cooperation as a stable strategy, as players
learn that mutual cooperation yields better long-term outcomes than consistent defection. Though in this
example, players update their strategy based on their payoffs, in general, the individuals in EGT models
need not even be aware that they are playing a game; strategies that do well simply reproduce faster.

In EGT, individuals playing their strategy interact with each other, and accumulate payoffs based on
these interactions. The relative success of the strategies is determined by how well they are doing in the
population (in terms of relative payoffs and fitness), leading to the prevalence of certain strategies within the
population over time. As a framework, EGT analyzes the stability and dynamics of these strategies. This
approach allows for the study of how complex behaviors, such as social norms and cooperation, can emerge
and stabilize over time, even in the absence of perfect rationality [27, 28, 29]. Moreover, one key concept
of EGT is the Evolutionarily Stable Strategy (ESS), introduced by John Maynard Smith [25]. An ESS is a
strategy that, if adopted by a population, cannot be invaded by any alternative strategy because it yields a
higher or equal payoff when played against itself than any mutant strategy does. When a population reaches

an ESS, it means it has become a successful, consolidated population that can survive indefinitely over time.

1.5 Approach to Social Movements: Combining Opinion Dynam-
ics and Evolutionary Game Theory

When considering how to realistically model political activism, traditional opinion dynamics seemed

overly simplistic and in need of more nuanced analysis, particularly in the context of social networks and

15



evolutionary dynamics. The application of stochastic opinion modeling to specific political problems, such
as spatial polarization in Ukraine, helped us envision new paths. These models provided insights into how
opinions spread and led to geographic polarization. However, striving for universality and simplicity in social
modeling often comes at the expense of specificity, applicability, and realistic simulations. We discovered
natural resemblances between key concepts of both evolutionary game theory (EGT) and opinion dynamics
when considering political systems. Political conversations behave like games, in that political opinions
resemble strategies, and the outcomes, which resemble payoffs, influence an individual’s conviction. This
conviction can be modeled as a fitness measure, reflecting how comfortable and confident individuals are
with their opinions.

Political systems are rarely mean-fields where everyone influences everyone else equally. In reality, adap-
tation rates vary across individuals and even for the same individual over time. While it is true that people
change their minds based on their social relations, and vice versa, we believed that understanding the circum-
stances in which individuals held their beliefs most strongly—especially when surrounded by a like-minded
neighborhood—warranted further study. Hence, we decided to incorporate conviction moderation (moti-
vated by EGT) into the adaptive voter model, resulting in the Conviction Moderated Adaptive Voter Model
(CMAVM). This addition introduces individual-based heterogeneity into the simulation of socio-political
movements. By allowing individuals’ conviction levels to fluctuate based on their social interactions and per-
sonal experiences, our model better captures the complexity and variability of real-world political systems.
This is informed by social science findings that have shown the importance of quantifying the communicative,
collective, and combative nature of activist behavior [30].

Social movement studies might benefit from both evolutionary game theoretic and adaptive voter model
study approaches. The former is relevant insofar as social movements require a particular type of “col-
laborator” who is more invested than the average individual while the rest function as “defectors” as they
have the capacity to discourage activism. Moreover, social movements often revolve around zealots, which
are individuals who have absolute adherence to their opinion [31], [32]. On the other hand, adaptive voter
models show the coevolution of opinions and networks [33]. Finally, identity plays an important role in
opinion formation, especially when issues are more or less prominent in people’s lives because of them [34].
Our model, then, tries to capture the evolutionary nature of conviction as a fitness variable that attempts

to incorporate heterogeneity into the AVM.

16



1.6 Data Sources

This thesis sources its data from The Latinobarémetro Corporation and The World Justice Project
(WJP). This project used Latinobarémetro data chiefly to explore attitudes towards protest, likelihood
likelihood of participation in both authorized and unauthorized demonstrations, and interactions between
these responses and demographic features. Then, models on Panama were initialized from the WJP GPP
data, taking advantage of the larger and more representative set of demographic. More details on the
data sources can be found in the sections that follow, as well as the corresponding codebooks (these
are available at https://www.latinobarometro.org/latContents.jsp and https://worldjusticeproject.org/2021-

wjp-rule-law-index-questionnaires).

1.6.1 The Latinobarémetro Corporation

The Latinobarémetro is an annual public opinion survey conducted in Latin America. It aims to gauge the
political, economic, and social attitudes of the region’s inhabitants. The survey employs stratified multistage
probability sampling to ensure representativeness across the population. The sample is typically designed
to be representative at both national and regional levels, taking into account factors such as urban/rural
distribution, gender, age, and socioeconomic status. Still, perfect representativeness is not always achieved.
For its own reports, the Latinobarémetro corrects for sampling biases through weighting adjustments, which
account for the probability of selection and demographic characteristics to align the sample with the actual
population distribution. A sample size of 1000 respondents per country allows good representativeness of
regional demographics. In the case of Panama, the country of interest in Chapter 4, this size suffices to
perform some statistical analysis on attitudes based on demographics. However, it remains slightly small
and biased for particularly granular demographic analysis.

The questionnaire includes a wide range of questions that cover various topics such as democracy, gov-
ernance, economic conditions, social issues, and international relations. The data is available for download,
allowing for independent analysis and study. Researchers and academics use the Latinobarémetro data for
scholarly research and analysis. Moreover, the results of the survey are frequently cited in media reports and
public discussions, contributing to informed debate and discourse on key issues facing Latin America. As
such, this data plays a crucial role in informing policy decisions, academic research, and public understanding
of the social, political, and economic landscape in Latin America.

Crucially, Latinobarémetro data includes information on attitudes toward protest and likelihood of par-
ticipation in both authorized and unauthorized demonstrations. These questions are at the core of this

project’s research, so the value of these consistent measures over time is difficult to understate.

17



1.6.2 The World Justice Project’s Rule of Law Index

Established in 2006, the WJP is an independent, international non-governmental organization that seeks
to advance the rule of law around the world. It promotes a framework in which laws are clear, publicized,
stable, and fair, and protect fundamental rights, ensuring that justice is delivered by competent, ethical, and
independent representatives who are accessible and reflect the makeup of the communities they serve.

The WJP’s Rule of Law Index (RLI) is a key initiative aimed at assessing the adherence to the rule
of law in various countries. The index evaluates countries based on several factors, including the extent
to which they limit government powers, ensure absence of corruption, maintain order and security, uphold
fundamental rights, ensure open government, and deliver civil and criminal justice effectively. By providing
detailed and comparative data on these aspects, the RLI seeks to highlight areas where governments are
failing their citizens in the administration of justice and the guarantee of human rights. In so doing, the
RLI promotes informed policy decisions, fostering a culture of accountability and respect for the rule of law
worldwide.

The Rule of Law Index relies on rigorous and comprehensive data collection methods to ensure its
accuracy and reliability. For its primary sources, the WJP conducts household surveys, also called the
General Population Poll (GPP), to gather citizens’ perspectives. These surveys are nationally representative,
meaning they reflect a broad and diverse cross-section of the population in each country, and that the
statistical inference drawn from this data serves as a reliable measurement for the country’s geo-political
landscape. The surveys cover a range of issues including people’s experiences with crime, dispute resolution,
corruption, and their perceptions of government accountability and fundamental rights. Another key aspect
of the RLI are expert surveys, through which the WJP engages legal practitioners, academics, and other
professionals with expertise in various aspects of the rule of law; because of their expertise, responses to the
expert survey allows the WJP to delve into more technical aspects of the legal system and governance. For
the purposes of this thesis, which is concerned with the everyday decisions and opinions of ordinary citizens,
only data from the GPP is analyzed.

To ensure representativeness, the WJP uses random sampling techniques for the GPP and aims for a
balanced demographic representation. This explicitly includes considerations for urban and rural popula-
tions, gender, age, and socioeconomic status. In turn, these generally assure a balanced representation of
other variables of interest, such as religious faith or partisan affiliation. Moreover, The WJP employs robust
validation methods to verify the reliability of the data collected: this includes cross-referencing survey re-
sponses and comparing the data with other reputable sources. In the case of Panama, which is the country

of interest in Chapter 4 of this thesis, simple data analysis shows that the GPP very closely resembles the
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distributions of the aforementioned variables that are present in recent data from the 2020 Panamanian
census, recent annual reports from UN agencies, and the well-respected Latinobarémetro Corporation. The
sample size for Panama was 2503, a size that allows more granular demographic analysis due to its greater
representation. Finally, the RLI is updated annually to reflect changes and trends in governance and rule
of law within countries over time. This allows for tracking progress, identifying regressions, and making
comparative analyses between different countries and regions.

The GPP includes a thorough demographic questionnaire. The GPP includes a mix of quantitative and
qualitative questions designed to capture a broad array of dimensions related to the rule of law. These ques-
tions might cover personal experiences with the justice system, perceptions of law enforcement effectiveness,

experiences of bribery or corruption, and overall trust in institutions.
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Chapter 2

The Conviction Moderated Adaptive

Voter Model (CMAVM)

“All models are wrong. Some are useful.”

George Box

2.1 Methods

This project relies on systematic simulations of the conviction-moderated adaptive voter model (CMAVM),
which is introduced in Chapter 2. The code that runs these simulations consists of four main components:
initialization, interaction, adaptation, and evaluation. The adaptation step’s code is mainly derived from
Chu et al.’s baseline (geographically uninformed) model, the scripts for which are available on Github. The
same source is used as the basis for an important component of evaluation, which relies on visualizing periodic
“snapshots” that show the state of the system at different time steps. The rest of the code is original.

The main extension to the code from its previous iteration is the definition of politically viable networks
(PVNs) as independent connected components of the induced sub graph comprised of activists at the end of
a run. To thoroughly understand the impact of conviction moderation in the context of political activism,
we conduct a behavior space experiment, in which we run a parameter sweep of the model, each a total of
10 times in an attempt to reduce noise.

For our first behavior space experiment, we considered four values of N (250, 500, 750, and 1000), the
number of individuals; nine values of ¢ (between 0.30 and 0.70 with increments of 0.05), the probability of

social learning; four values of x (0.10, 0.15, 0.20, and 0.25), the initial proportion of activists; and three values
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of mean « (0.45, 0.50, and 0.55), which corresponds to conviction. The second behavior space experiment
looked at the interaction of N and ¢ more specifically, sweeping through the aforementioned values of N

and every value of ¢ between 0.20 and 0.80 with increments of 0.025.

2.1.1 Initializing the Model

We initialize a population of N individuals, a fraction = of which is labeled as activists (opinion = 1) and
the rest as others (opinion = 0). Then, each activist 7 is assigned a conviction «; between 0 and 1 according
to a beta distribution with mean «. This data, apart from the constant population size N, is dynamically
updated as the model runs.

The network is generated as a Watts-Strogatz Small World model on N nodes, with mean degree 6,
and a rewiring probability of 0.5. This code is imported according to Matlab documentation. Importantly,
connections in this model are reciprocal and undirected and are easily represented by an adjacency matrix.

The adjacency matrix is then transformed into a graph object for its continuous manipulation.

2.1.2 Running the Model

1. Interaction Step: First, an individual i is chosen randomly. If it is an activist, then it experiences
two random interactions with members of its neighborhood (and if it is not an activist, we move on to
the next iteration of the simulation). These interactions affect i’s fitness according to a pre-determined
payoff structure that depends on the similarity or difference in opinion between two interacting individuals.
Namely, finding two activists will increase i’s fitness by a factor of 1.75, finding one will increase it by 1.35,
and finding none will decrease it by 0.90.

2. Self-assessment Step: The conviction value, «;, recalculated based on i’s interactions and inter-
preted as a fitness measure, governs the decision to adapt or not. A higher « indicates that an individual is
more committed to their opinion and that they are more comfortable with their network. Then, ¢ will either
retain all of its properties (with probability «) or choose to adapt (with probability 1-«).

3. Adaptation Step: If i adapts, it either engages in social learning (with probability ¢) or in homophily
(with probability 1-¢). In the case of social learning, the social learner adopts the role model’s conviction
as well as their opinion.

The above process repeats itself for a total of t = 25 %« N time steps; this number was empirically found
to be close to peak PVN presence in the system and theoretically consistent with issue permanence and

interaction frequency. A flowchart describing the above steps is shown in Figures 2.1 and 2.2.
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Figure 2.1: The interaction step recalculates individuals’ . The interaction step is followed by the adaptation

step.
. Do social learning (adopt
Retain network model's opinion and
conviction)
. With p= a
Continue e
with the same With p= (i
individual i
With p= (1- a)
Engaee in Do homophily (rewire
d & tgt‘ With p=(1-(9) —»| connection towards like-
adaptation minded node)

Figure 2.2: The adaptation step allows for homophily or social learning. Note that for a given time step,
the randomly chosen individual 7 is the same individual chosen in the interaction step

2.2 Results and Model Evaluation

While “others” (i.e. those who are not activists) certainly play a significant role in this model through the
systematic discouragement of activists as shown in social science research [35], model evaluation is mainly
concerned with the latter. Thus, an indented sub-graph is extracted from the general graph consisting solely
of activist nodes (if any). From this sub-graph and its underlying matrix, each run of the model reports
the share of activists, their final mean conviction, the number of edges between them, and the number of
politically viable networks (defined as the number of independent connected components of the indented
sub-graph).

Moreover, we extract periodic “snapshots” of the system at predetermined time steps to evaluate the
system’s behavior over time. At designated intervals, the model saves the resulting graph and underlying

data as outputs, which are vital to make qualitative and quantitative statements about the changes the

22



system experiences over time.

In the limit of long time, our simulations show general tendencies towards the systematic discouragement
of activists (see Figure 2.3). Thus, we run the model for 25% N time steps and take a census of activists, their
connections, and their PVNs. This time is interpreted as the point by which each individual has interacted
with its neighborhood and at least considered adaptation a number of times over the course of the period
of exogenous shock to the political system. So, the measured variables at this point meaningfully represent
the effect of the shock to the system.

As should be expected from the evolutionary game theoretic dynamical updates to activists’ conviction as
a function of their neighborhood, the model only preserves activists in groups of similarly-minded individuals.
While those nodes with high initial conviction might last for several more time steps, they eventually succumb
to discouragement if they cannot surround themselves with activists too. Normally, these networks are not
completely detached from the main component; rather, these PVNs tend to retain some connection through
highly convicted (i.e., less vulnerable) nodes (see Figure 2.4). Moreover, PVNs are characterized by high
internal connectivity and high average conviction. This is consistent with the social structure found by

research on the anatomy of activist networks, both in-person and on social media [13, 36].

Figure 2.3: In the image, green represents activists; darker shades represent those with higher convictions.
Meanwhile, red represents others. The image shows how, in most cases, activists are systematically discour-
aged as the limit approaches long time.

Our simulations reveal that lower ¢ (a higher preference for homophily) helps the establishment of
PVNs, as it seems to help activists isolate themselves from the discouragement they feel when neighbored

by others (i.e. non-activists). This is clear in Figures 2.5, 2.6, 2.7, and 2.8, which plot the outcomes of our
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Figure 2.4: See typical isolation of a PVN for mutual reinforcement; only extremely highly convicted nodes
remain connected to main component.

behavior space experiment. Additionally, while higher N leads to proportional increases in PVNs, it does
not necessarily lead to higher shares of activists or mean conviction. Finally, as is expected, higher values of
a and z increase the likelihood that activists are present and typically result in networks with higher shares
of activists and more viable networks; this is shown by Figures 2.9 through 2.12.

The trends of our model map nicely to those of the general AVM, as there is a clear phase transition at
which runs tend to lead to the consensus state. It occurs at a similar value, ¢ = 0.54, compared to Holme
and Newman’s ¢ = 0.46. So despite our modifications, including the introduction of many more auxiliary
parameters to the model which allow us to understand the social dynamics involved, the most significant
parameter remains ¢, and it behaves similarly regardless of V.

Importantly, the fact that there are enduring PVNs at the final time step does not mean that activism
has “succeeded”, it instead just shows that activism has emerged and persisted. Emergence and persistence,
however, should not be dismissed, as they are incredibly integral to the study of social movements. Specif-
ically, the emergence of communities has been cited by the field of community psychology as an important
and almost necessary pre-requisite to the emergence of modern activism in the context of the perceived
antagonism and hostility towards certain forms of activism . So, the findings concerning PVN formation
and survival directly engage with these fundamental research trends in social science [37]. Despite this, mea-
suring “success” is still important. However, this is rarely attempted because it is extremely challenging to

define the success or failure of activism, as it is frequently unclear which goals or objectives would represent
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Figure 2.5: Lower ¢ (higher homophily) is associated with higher counts of PVNs; note the phase transition
near 0.575 after which PVNs become exceedingly rare.

success, and it is difficult to identify when, how, and whether these goals are reached within a movement.
Research in this area, though, has begun to emphasize the importance of considering activist perspectives
in defining success [38]. Through the interpretation of conviction as a measure of comfort of the individual
holding an opinion within their neighborhood, we contribute to this tendency of activism success metrics

centered around the individual activist and their perception of change.

25



"ys1810d 0} SNAJ 10] POPeau aIe T Jo sonfea 4soySIy oY} MO MOYS ‘Gl’() = 0 PaXIJ 1S9mO[ a1} 0} puodser1od yoTym ‘sjord 9say ], :9°g 2SI

=
)

)
]
SNAd 40 3Unco eBeseAy

o
2

- oL
G20=x ‘[5°e ‘5'gl=eydie 105 1yd "sn NAG aBeiany

=
]
SNA 40 1unoa sBeieny

2
v

=
&

SHO=X ‘I5'E ‘g'gl=eydie 1o 1yd "sn NAJ 9Besary o

SNAd 10 1Unco eBeisAY

26

0z:0=x T5& ‘Gzl=eyde 105 yd “sn NAd aBesery o

SL0 L0 590 a0 S50 50 SP0 ra SED £0 520
T i o T

SNAd 10 Junoa ebeseny

ok0=x '[g'e ‘g'Zl=eydie 1oy 1yd “sA NAd 2Beiany ce



"UOT}ISURI)

aseyd o1} IeOU © puUR T JO senfea payndul oY) 0} SI [OPOUW S} SAIJISUSS MOY MOUS ‘()G'() = © Paxy e 0} puodsariod Yorym ‘sjord asey, :)°g 9INSIq

8.0 80 L0 520
T 0 T 0
S0k S0t
qoz S0z
4 ™ z
qoeg “0EQ
Q a
8 8
g g
3 3
Hor & Hor &
3 -
< <
z z
& &
—40% —408
Joo 000L=M +o0g
0SL=N
0os =N a
0Sz=N =
-oL “oL
5z°0=x ‘[0 ‘0'g]=eydie 4o} 1yd "sA NAd eBeseny 0z°0=x {0 ‘0'gl=eydie 4o yd "sn NAd eBesany
520 520 520 L0 590 90 550 sz20
i 0 ; 2 — b 0
a ok
0z 0z
z z
g g
e g e g
g g
El EL
or S oy &
3 o
< <
z z
& &
0% 05
000L= N [s) 08
05L=N
0W5=N
0sz=N G
0L
§1°0=X '[0'E ‘0°E]=eyde Jo} 1yd "SA NAd 96B2AY

01°0=X '[0°€ '0'g]=Budie 10} Iyd 'SA NAd S6RIaAY o

27



"SNAJ Jo oouajsisiod moys GT°() < T [[® ‘GG() = © JO oN[eA SIU} 10] Yer) SUIjoU [YpIoMm ST )1 ‘A[[eUuoyIippy
"SJUNO0D 9FeIdAR N A J OSBOIOP IO 9SBOIOUI UIN} Ul T Ul S9SURYD MOY JUasoIdal 1s9q 0 POxY 3s9ySry oY) 0} puodsorrod yorym ‘syord 9soy ], :8°¢ 9INSJI

510 3 e 520
T 0 " 0
ot S0
0z 10z
: . :
) " 3
1L} N Joed
g AN g
N 2 N g
or S lwa
2 o
H =<
& z
“ o
05 Jos
09 {09
czo=x ‘[5Z ‘gel=eydie 10; yd “SA NAQ 9BEIBAY o 0z0=x ‘5z ‘g'El=eydie o} 1yd “5n NAJ 8BEIBAY Sot
10 Ea st )
| 0 T 9
oL oL
o0z 0e
H z
] 3
0eg og m
g g
Py =
o or S
2 °
H <
& 4
“ o
05 {os
000L=N 09 09
0S5L=N
w0s=N o
0se=N
o
sH0=x '[5°2 ‘gEl=eydie 4o 1ud "SA NAd oBesoAY

0F0=x '[5Z ‘g'el=rydie 10} jyd *SA NAd 9Besony o

28



SNAJ JO JUnod 98RIOAR 9([} UL 9AT JO 9SRAIOUL UR 0} POYUI[ ST UOIIOTAUOD UROW [RIIIUT UT 95URYD %G @ ‘douaisjord A(rydowror] Jo [9A9] SIY)
1% ‘MoY Moys os[e s30[d o], SUOIJOTATOD URSWI [RIJIUT PUR SISTATIOR JO SOIRYS [RIJIUL O} JO SSO[PIRIII ‘ATJUSISISTOD SN A J P[OIA SUOTIRINUILS [[® )SOW[R
‘Arrydowaoy] 10§ 9ouaIe)eId [RIDO0S JO [9A9] ST) 9y "deams Iojourered o) ut sousisyeld Arydowoy 9se8uorys o) ‘g () = ¢ yussaxdar syord osay T, :6°g 9IS

Byde

BydE
g el Ise'sel [5z'sel el [se'sel
T T ] T T T 0
o o1 o
o
o 0z - 0z
z b4
1 <
h b
0z @ LEE-]
B a 2
g g
2 2
or 2 or 2
] °
= =
=z =z
& &
Hos +os
o9 +0a
Sz0=x ‘g'o=wd 10} eydyE SA NAJ BBRIBAY So So
eyde Bydie
[5z'sel & 'l lse'szl l5z'sel e el [se'sel
T T T ] T T T 0
u
ot . ] ot
a
0z 0z
z z
11 3
B =
05 @ e
2 2
g g
2 2
oy 2 or 2
b °
= =
= =z
& &
Hos +os
o9 +0a
S1°0=x ‘g'o=1yd 0} BYD|E "SA NAJ BBEIBAY So So

010=X ‘£°0=1yd 40} BYd|E ‘SA NAd 86EIBAY

29



"SISIATIOR JO IRYS I0J ON[RA dUIRS o) SUISN ‘SNAJ PRIA 0} Sul[rej 10 SUIp[RIA
AIU8ISISUOD SUOIJR[NUIIS B U9OM)S( SOUSISHIP 8} o'W ULRD UOIJOIAUOD [RIIIUL Ul 95URYD (T © MOY MOUS 1s9q (') = ¢ 10J sjo[d oy, :01'g oInSiq

BydE

eyde
g'sel ls 'sl lse'sal z'sel ls'gl Iss'sal
T T T 0 T T T 0
: : :
ot a o
a
n
0z 0z
z z
2 g
] g
e 0eg
o a
g g
S 2
or & or S
° 0
= =
r4 z
@ &
Hos Hos
+og +o0g
dos oz
5Z0=% ‘v"0=1yd Joj eyd|e "SA NAd @6elany 02°0=X ‘w0=1yd 10} eydje 'SA NAD 9BeIaAY
eude eydpe
[5eg'sel g ‘gl lsg'sal 55l Ig ‘gl Iss'sel
T T T 0 T T T 0
> . @
a N o
ot ou
n
0z 0z
z z
e e
8 g
g 0eg
e a
g g
2 2
or 2 or 2
b Bl
< =
H =
& &
+os +os
WOIEN - Joa WOIEN - Joa
0sL=N o 0sL=N
0s=N o o0s=N o
0S2=N © Qge=N ©
§10=x ‘p0=iud 10} eyd|e SA NAQ @BeIany o o

01°0=x ‘po=iyd 10) eydje ‘sA NAd 8Be.8ny

30



"A[IU03SISU0D SNAJ PIRIA SUOIIOIATOD [RIJIUL }S0YSIY PUR SISIAIJOR JO SOIRYS IoFIR] A[OAIIR[OI SUISIL SUOIJR[NUIIS AJUO SIS M
‘uregyed SuriseIejur ue 99s am oIof uoljsurI) oseyd o) Suryorordde A[esod eousiejerd Arydowoy v ‘(G () = ¢ juesardor sjo[d oseT, :TT°g 2INSIg

eyde
[52'sEl I el lse'sel [5z'sel g ‘el lse'sel
T T T 0 T T T 0
o ] @
- o
. BLE o1
0z 0z
z z
e 3
8 B
0eQ [i:1<]
2 2
2 2
2 E3
or S or &
T o
= =
z =
& &
08 +og
09 +o9
Jos oz
Gz-0=x “5g=1yd 103 Bydje S NAd SBEIBRY 02-0=x ‘G:0=1yd 103 eydje ‘s NAd SBEIBRY
BydEe Byde
[5e'sel [ el Ise'sel l5e2'sel e ‘el lse'sel
T r T 0 T 5 ¥ 0
5 g g
. o
]
ok ol
0z 0z
z z
2 -]
g I}
08Q 0sQ
2 Q
£ g
2 2
or 2 oy &
T o
= =
=z =z
B &
08 Hos
-08 +09
oz
§1°0=x ‘g"0=1yd o} Byd|E "SA NAG eBeseny

010=x ‘5'0=1yd 404 EydiE SA NAG eBEIBAY

31



lsz'sel

eudie
gl [ee'gal

T T ]
" g
u
L
0z
z
@
B
g
a
g
=
or 2
]
=
z
&
—0s
—09
oL
§2°0=x ‘g0=1yd 10 Eyd|E SA NA @BEseny
BydE
[5z'sel I el [5g'sal
T I T ]
2
o
0z
z
o
o
g g
a
2
2
or S
3
=
2z
@
- 08
- 09
Joz

§1°0=x ‘gg=1yd 104 eydie ‘sa NAd eBeseay

"A[IUR3SISU0D SNAJ PIRIA 0} PO[IR] SUOIIOIAUOD [RIIIUL
1SOUSIY puUR SISIAIIOR JO SAIRYS 1S9SIR] 9Y) SUISN SUOIIR[NUWIS USAD JRY} MO[ 0S SI douaIgjard Afydowoy ‘(9 () = ¢ 10y s101d 9soy) [[® U] :g]'g oINS

eudre
g'sel el [se'sal
T T + [
- 8 a
o
o
0z
z
@
&
g
g
g
=S
or 2
o
<
=z
&
05
09
o
02-0=x ‘g"0=1yd 10} eydie sA NA eBeseny
Byde
[sg'sel el [se'sel
7 ) 0
g
o
0z
z
3
5
0gQ
o
2
S
or S
3
=
Z
&

01°0=x ‘g"0=1yd 40} eydie ‘sa NAg ebeseny

=]
@

09

oL

32



"AYU0)SISU0D SN A J PIOIA 03 Po[Ie] SUOIJOIAUOD [RIIUL
1SOUSIY puR SISIAIIOR JO SOIRYS 1S9SIR] 9Y) SUISN SUOIIR[NUWIS USAd JRY} MO[ 0s SI douaIgjard Afydowoy ‘() () = ¢ 10§ s1o1d 9sey) [[® U] :€]'g oINS

eydre eyde
[52'se) e ‘el [se'sel Iz 'sel Il I5e'sel
- T ™ 0 - - s 0
> g a g
a
Hor Hoi
0z 0z
z z
e e
8 B
e g 08 g
g a
g g
2 2
or & oy &
o o
< <
r4 =z
& &
Hos +og
<09 o8
oz oz
§2°0=x *£"0=1yd 10} BYdE "SA NAD @6eI8ny 02'0=x “2-0=1yd 10} Byd|E "SA NAD ©BERIBAY
eyde eyde
[52's°E) e ‘el [5g ‘sl sz sl [l Ise'sel
T B i 0 ] 3 i 0
Hor Hoi
0z 0z
z z
e e
8 B
e g 08 g
Q g
g H
2 2
or & oy &
o o
< <
r4 =z
& &
Hos +og
<09 o8
S10=x ‘7"0=14d 10} EYdE "SA NAJ 9BEIBRY -o -o

04D=X ‘L'0-1yd o) eydie ‘sA NAd 8BeIaAY

33



Chapter 3

The Survey-Informed CMAVM

“Everything should be made as simple as

possible, but not simpler.”

Albert Einstein

The integration of real-world data into the CMAVM allows for the introduction of more realistic hetero-
geneity. In this project, data is leveraged in three main ways: geographic location informs graph structure
and connections; demographics, political node attributes such as opinion and conviction; and identity, the
level of impact each interaction has based on the perceived similarity or difference among the individuals
involved. These mechanisms are inspired by research that shows how each plays an essential role in opinion

formation and information flow, both in material and online communities [39, 40].

3.1 Geographical Information and Network Layout

The procedure to create the geographically-informed graph aims to model social connections in a country
with population IV divided into n distinct regions or communities known as Ry, Rs, ..., R, with populations
n1, N3, ..., Ny such that ny + ne + ... +n, = N. Each region’s social structure is generated using the Watts-
Strogatz (WS) model, known for producing small-world networks characterized by high clustering and short
average path lengths. These features are typical in real-world social networks, where individuals form tight-
knit clusters but are still relatively close to others within the same region. Then, the regions are connected
according to an algorithm based on the Stochastic Block Model such that some individuals replace an existing
within-region relationship with one across-regions, to represent important and influential connections that

transcend geographic or social boundaries; this is a secondary rewiring step. However, the model ensures
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that individuals maintain most of their social connections within their own regions by following these steps:

1. Defining Populations: We start by defining the population sizes of the n regions, allowing for
significant population disparities if these reflect real-world scenarios. This heterogeneity allows the model to
capture varying social dynamics across regions.

2. Generating Regional Graphs: For each region Ry, Rs, ..., R,, a corresponding WS graph G1, Ga, ..., G,
is created with two parameters: a mean degree k of connection to a node’s nearest (geographic) neighbors
and a rewiring probability p (this model uses k = 6 and p = 0.1). Note that it is possible to assign differ-
ent mean degrees and rewiring probabilities to each region to represent real-world conditions such as, for
instance, the population sparsity of rural regions or extreme clustering of red-lined cities.

3. Combining Graphs: The individual WS graphs G1, G, ..., G,, are then combined into a single graph
G using NetworkX’s disjoint_union_all function. This step ensures that each region’s graph remains distinct
initially, with no inter-regional connections.

4. Rewiring Edges Across Regions: To introduce realistic inter-regional connections, a controlled
rewiring process is applied. Each region is allowed to rewire a fixed number of its internal edges (in this case,
12 edges per region) to nodes in different regions. This step ensures that while the majority of connections
remain within regions, some connections bridge across regions, reflecting occasional long-distance social ties,
such as those formed through migration, work, or familial relationships. Again, note that it is possible to
assign different numbers of within-region internal edges or to establish additional rules to represent real-world
conditions such as, for instance, that rural communities might all be better connected to a central city than
to each other.

This approach effectively creates a graph that mirrors realistic social connection patterns in a geographi-
cally divided country. The use of the WS model ensures that each region has a small-world network structure,
characterized by high local clustering and short path lengths, capturing the essence of social connections
within a community [41]. The controlled rewiring process introduces a small number of inter-regional con-
nections, ensuring that while regions are predominantly internally connected, there are still some pathways
for inter-regional interaction. This type of model reflects real-world social dynamics where individuals are
more likely to interact with others in their immediate geographical vicinity, forming tightly-knit clusters.
However, due to various factors such as travel, communication technology, and social mobility, there are still
occasional long-distance connections. This balance between local clustering and occasional long-distance
ties is crucial for representing key characteristics of social networks, including information flow and social
integration across the entire country. Overall, this method provides a realistic simulation of social networks
in a geographically divided country, highlighting the importance of both local community structures and

inter-regional connections that underpin the social structure.
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Moreover, the code structure for creating the graph is highly flexible, making it adaptable to various
types of social divisions beyond geographical boundaries. If the primary divides in a given country are based
on party lines, economic status, or other social factors, the initial communities can be configured accordingly.
By defining populations for these communities, the code can generate small-world networks that reflect the
social dynamics within each group. For instance, in a country where political affiliation forms the main social
clusters, each Watts-Strogatz graph can represent a different political party’s social network. This flexibility
allows the code to simulate realistic social connection patterns in diverse contexts. Additionally, the code’s
parameters can be adjusted to reflect varying levels of connectivity within and between communities. By
modifying the number of rewires or the rewiring probability, the model can capture different degrees of social
integration. This adaptability makes the generated graphs more realistic for countries with varying strengths

of social divides, providing a robust base for simulating and analyzing opinion dynamics.

3.2 Demographics and Political Attitudes

The procedure to endow each individual with a more realistic initial opinion in the graph begins by
identifying a set of traits x1, s, ..., z, through linear regression. These traits are identified based on their
practically and statistically significant impact on the likelihood of protesting and/or supporting protests.
This approach ensures that the initial opinions of individuals are assigned in a way that accurately reflects
the likelihood of each individual holding a particular opinion, consistent with real-world social dynamics
where traits like gender, age, and ethnicity influence political attitudes. This can be accomplished through
the following steps:

1. Extract Demographic Trait Effects: Initially, demographic traits such as gender, age, and ethnic-
ity are one-hot encoded to transform categorical data into a numerical format suitable for analysis. K-nearest
neighbors (k-NN) matching is then applied to pair individuals with similar demographic characteristics, en-
suring that each individual is matched with others who share similar traits. This regression process identifies
which traits have practically and statistically significant effects on the initial views each individual possesses
and helps control for confounding variables and isolates the effect of specific traits on opinions.

2. Logistic Opinion Assignment: Using the insights gained from the a simple linear regression
on demographic covariates and the desired opinion, a simple logistic model is employed to assign initial
opinions to individuals in the graph. The logistic model considers the significant traits and their effects,
assigning opinions in a way that reflects the real distribution of political attitudes within the population.
This probabilistic approach ensures that the assigned opinions align with the observed likelihoods based on

demographic characteristics.
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This procedure effectively models how demographic traits influence initial political opinions, creating a
more realistic social network. By incorporating linear regression, the model accurately captures the impact of
traits such as gender, age, and ethnicity on political attitudes. The logistic opinion assignment step ensures
that the distribution of opinions in the network mirrors real-world scenarios. The realism introduced by this
procedure is crucial for understanding the dynamics of opinion formation and change. Different demographic
groups respond differently to periods of shock, such as political upheaval or social movements. By accurately
reflecting these variations in initial opinions, the model provides a robust framework for studying how social
networks evolve over time in response to exogenous shocks to the system. Moreover, this method’s flexibility
allows it to be adapted to different contexts and populations. Whether the focus is on political opinions,
social behaviors, or consumer preferences, the same steps can be applied to identify key traits and assign
initial states that reflect real-world distributions. This adaptability makes the procedure valuable for a wide

range of applications in social science research, public policy analysis, and network theory.

3.3 Identity and Social Influence

The procedure to endow each individual with a more realistic initial opinion in the graph begins by
identifying a set of traits zi,zo,...,x, through covariate matching and sample average treatment effect
(SATE) regression. These traits are identified based on their practically and statistically significant impact
on the likelihood of protesting and/or supporting protests. This approach ensures that the initial opinions
of individuals are assigned in a way that accurately reflects the likelihood of each individual holding a
particular opinion, consistent with real-world social dynamics where traits like gender, age, and ethnicity
influence political attitudes. This can be accomplished using the following steps:

1. Create Covariate Matching: Initially, demographic traits such as gender, age, and ethnicity are
one-hot encoded to transform categorical data into a numerical format suitable for analysis. K-nearest
neighbors (k-NN) matching is then applied to pair individuals with similar demographic characteristics,
ensuring that each individual is matched with others who share similar traits. This matching process helps
control for confounding variables and isolates the effect of specific traits on opinions.

2. Calculate Difference in Attitudes: After matching, the difference in political attitudes (likelihood
of protesting/supporting protests) between matched individuals is calculated. This involves comparing the
attitudes before and after a treatment or shock to the system, such as a significant political event. The
difference provides insights into how specific traits influence opinion changes in response to external stimuli.

3. SATE Regression: The next step involves performing a linear regression analysis to assess the

effect of the identified covariates on the likelihood of protesting or supporting protests. This regression helps
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determine which traits have a practically and statistically significant impact on political opinions. Traits
that significantly influence attitudes are identified as key factors for opinion assignment.

4. Create Similarity Formula: Using the relative effects of the statistically significant attributes, we
design a formula as a weighted sum of traits in common or different, which is carefully encoded such that
it can intake the four different types of variables most commonly present in surveys (binary, categorical,
continuous, and discrete). Similarity is calculated as this pair-wise weighted sum resulting above or below
threshold.

5. Design Payoff Table: update payoff table to show how much more or less an individual is encouraged

or discouraged based on the identity of their chosen neighbor.

Payoffs
2SAct. | 1S/1D | 2D Act. 1S 1S 1D 1D 2D 1S/1D | 2S Non.
Act. Act./1D | Act./1S | Act./1 | Act./1S Non. Non.
Non. Non. D Non. Non.
1.4 1.375 1.35 1.325 0.95 0.9 0.85

Table 3.1: Payoff Table, where S represents a neighbor deemed similar and D a neighbor deemed different,
and Act. denotes an activist and Non. denotes a non-activist.

3.4 Methods

We conduct a parameter sweep on an informed CMAVM that incorporates the mechanism of heterogeneity
introduction outlined in Section 3.3. We considered three values of N (250, 500, and 1000), the number of
individuals; nine values of ¢ (between 0.30 and 0.70 with increments of 0.05), the probability of social
learning; four values of = (0.10, 0.15, 0.20, and 0.25), the initial proportion of activists; and three values of

mean « (0.45, 0.50, and 0.55), which corresponds to conviction.

3.4.1 Initializing the Model

We initialize a population of N individuals, a fraction = of which is labeled as activists (opinion = 1) and
the rest as others (opinion = 0). Then, each activist ¢ is assigned a conviction «; between 0 and 1 according
to a beta distribution with mean «. This data, apart from the constant population size N, is dynamically
updated as the model runs.

This model also assigns four attributes randomly to each node, simulating each individual’s potential
responses to survey questions. According to the four variable types, each individual will have a binary, a
categorical, a discrete, and a continuous attribute (respectively labeled binary, categ, discrete, and cont).

These traits are fixed for each simulation.
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The network is generated as a Watts-Strogatz Small World model on N nodes, with mean degree 6, and

a rewiring probability of 0.5.

3.4.2 Running the Model

1. Interaction Step: First, an individual 7 is chosen randomly. If it is an activist, then it experiences
two random interactions with members of its neighborhood (and if it is not an activist, we move on to
the next iteration of the simulation). These interactions affect i’s fitness according to a pre-determined
pre-determined, expanded payoff structure that depends on the similarity or difference in opinion and in
demographic traits between two interacting individuals. The result of the demographic similarity formula
described in the previous section determines the payoff received according to the payoff table in Figure 3.1.

2. Self-assessment Step: The conviction value, «;, recalculated based on i’s interactions and inter-
preted as a fitness measure, governs the decision to adapt or not. A higher « indicates that an individual is
more committed to their opinion and that they are more comfortable with their network. Then, i will either
retain all of its properties (with probability «) or choose to adapt (with probability 1-«).

3. Adaptation Step: If i adapts, it either engages in social learning (with probability ¢) or in homophily
(with probability 1-¢). In the case of social learning, the social learner adopts the role model’s conviction
as well as their opinion.

The above process repeats itself for a total of t = 25 % N time steps; this number was empirically found
to be close to peak PVN presence in the system and theoretically consistent with issue permanence and

interaction frequency. A flowchart describing the above steps is shown in Figure .

: Do social learning (adopt
Retain network model's opinion and
structure conviction)
With p= alpha
Choose an
individual 7 at With p= phi
random
With p= (1-alpha)

Eneage in Do homophily (rewire
d g tgt- With p= (1-phi) —{ connection towards like-

adaptation minded node)

Figure 3.1: The interaction step recalculates individuals’ . The interaction step is followed by the adaptation
step.
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: Do social learning (adopt
Retain network model's opinion and
conviction)
. With p= @
Continue o
with the same With p= ()
individual i
With p=(1- a)
\ Engage in Do homophily (rewire
d a8 . With p= (1-(9) = connection towards like-
adaptation minded node)

Figure 3.2: The adaptation step allows for homophily or social learning.

3.5 Results

Our simulations yield largely similar results to those of the CMAVM. Lower ¢ (a higher preference for
homophily) helps the establishment of PVNs. While higher N leads to proportional increases in PVNs; it
does not necessarily lead to higher shares of activists or mean conviction. Higher values of a and x increase
the likelihood that activists are present and typically result in networks with higher shares of activists and
more viable networks. The trends of our informed CMAVM still map nicely to those of the general AVM,
including its phase transition at which runs tend to lead to the consensus state.

There seems to be one important consequence of factoring identity into the strength of social influence
of pairwise interactions. Most remarkably, this modification mildly magnifies or dampens the the effect of
the parameter x, meaning that it mildly decreases the likelihood of persistence for smaller initial shares of
activists and mildly increases the likelihood of persistence for smaller initial shares of activists. This might
be because depending on the size of the initial sets of activists, each activist may have an easier more difficult
time finding another activist who is similar to them. Besides that small difference, the plots below are almost
indistinguishable from those corresponding to the uninformed CMAVM shown in Chapter 2. However, the
lack of huge differences should not be interpreted as evidence of an unsuccessful model; rather, it shows that

the CMAVM is mostly resilient even after the introduction of heterogeneity.
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Chapter 4

An Application: The Panamanian

Protests of July 2022

“La pelea es peleando.” / “The fight requires

fighting.”

Victoriano Lorenzo

4.1 Background and Model Introduction

Periods of exogenous shock are linked to opinion evolution [42]. These processes of opinion evolution
interact with social rewiring and exemplify the conditions that can lead to the formation of social movements
[43]. This model simulates the process through which significant social re-wiring might have helped Pana-
manians hold more intensely onto a negative view of the country’s outlook and find likeminded individuals
across cohort boundaries. In doing so, we can better understand how cross-cohort activism happened in this
highly unique and interesting socio-political landscape.

The Republic of Panama enjoyed a prolonged socio-political stability between its return to democracy
in 1989 through 2022 [44]. However, that year’s summer witnessed unprecedented levels of cross-cohort
mobilization and motivated this project [45]. This was influenced by an increased frequency of political
discussion during the COVID-19 pandemic, a period of shock to the Panamanian political system. During
this period, severe lockdown measures and increased official communication politicized the discussion of
current events. In particular, Panamanians began seeking ways to hold the government accountable for

its management of the pandemic. Discomfort grew along three main issues: cost of living, public sector
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corruption, and neglect of indigenous rights.

None of these issues were new to Panamanians in 2022, and it is difficult to argue that they had worsened
so significantly and suddenly as to awaken such a response. Historically, Panamanian unions, most notably
public school teachers and construction workers, protested rising costs of living with some regularity and
relative success. On the issue of corruption, movements comprising primarily younger, more affluent, and
more technologically-connected Panamanians have denounced different corruption scandals and holding small
demonstrations since Panama’s return to democracy and very consistently since at least the early years of the
Varela government (2014-2019). Lastly, indigenous and rural interest groups have a lengthy and successful
tradition of demonstration, both against the government and corporations [46, 47].

The 2022 Panamanian protests, though different from the preceding single-sector movements, featured
many of these facets of the traditions of Panamanian activism quite prominently. For instance, the protest’s
first movers included teachers and construction workers [48]. Crucially, though, they began collaborating
with many other unions almost immediately. Younger people, including students in the country’s public high
schools and universities, were more involved [49]; when asked, many cited great outrage at the discovery
of corruption scandals [50]. Panama’s seven indigenous peoples also joined early, employing mainly the
same mechanisms of protest that had delivered policy victories in the past: road blocks [51]. And these
shock waves crossed the country in every direction, with very similar multi-cohort protests occurring even
in Panama’s isolated rural regions (see Figure 4.1). It seems that technology was at least partly responsible
in bridging the historical gap between metropolitan Panama and the countryside; specifically, the pandemic
increased rural access to and consumption of technology and media, putting the countryside in closer contact
with urban areas. Of course, there are still major challenges to technological access in rural Panama [52],
but the argument is that some technology did connect the public sentiments of the city and countryside.

A common narrative in Panamanian media and among local scholars is that the public perception of
protest changed radically during the pandemic, reaching support thresholds that both allowed and required
action. This was frequently cited in direct conversation with individuals from multiple regions when ques-
tioned about how they thought the protests had emerged. The interviewed Panamanian faculty and public
servants also agreed with this characterization. However, though Latinobarémetro data does show a small
but sizable shift towards public support of protest and towards increased participation in unauthorized
demonstrations, the shift is nowhere near the drastic change of the collective mindset that Panamanians
think prompted the protest (refer to Figures 4.2, 4.3, and 4.4). In other words, the protests are likely not the
direct result of the small increase in support for protest and willingness to participate. Our model explores

whether the mechanisms highlighted by the CMAVM could have been the main cause of these developments.
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Figure 4.1: The COVID-19 pandemic did not result in meaningful increase or decrease in the likelihood
of participation in authorized demonstrations and protests; however, more Panamanians gave a definitive
answer to this question.
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Figure 4.2: The COVID-19 pandemic resulted in meaningful increase in the likelihood of participation in
unauthorized demonstrations protest, and the number of surveyed individuals who had participated in protest
nearly tripled. Still, demonstration participants remained a relatively small fraction of the population.

4.2 Informing the Model

4.2.1 Geographic Creation of Network Layout

We use WJP survey data to assign each individual’s region and obtain the population size of each. The
choice to group by region as opposed to province was made in light of the tremendously large population ratios
between provinces. We start by creating one Small-World Watts-Strogatz graph for each one of Panama’s
regions according to their size. Then, we add all regions together as a disjoint union graph. Finally, we
use the stochastic block model to rewire edges from within-region to cross-region. This ensures that most

connections stay within a Panamanian’s own region, but that there are some that cross these boundaries.
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Figure 4.3: The COVID-19 pandemic resulted in meaningful increase in the support for other groups’ protests
among Panamanians.

4.2.2 Demographically-Informed Opinion Assignment

Our model does not endow opinions randomly; instead, we leverage data to assign activists in a more
realistic fashion. We use Latinobarémetro survey data from 2020 and 2023, both of which contain the three
measurements of support for protest. Then, we explored which demographic groups were more likely to be
activists; these are young adults and individuals at either extreme of the financial spectrum. We use this
insight to influence the assignment of opinions: our logistic equations make it so that individuals with these
characteristics are more likely to be labeled as activists as the probabilistic endowment happens. The code
ensures that the proportion of activists overall remains exactly as desired and that there are activists who

do not belong to these identified groups

4.2.3 Identity Factored into Social Influence

The similarity formula for Panama is built as follows, taking in nine demographic factors stored as
node attributes. These are gender, age, nationality, financial status, highest level of education, level of
employment, geographical region, party affiliation, and ethnicity (respectively encoded as gend, age, nation,
fin, edu, emp, region, paff, and ethni). Each one of these factors has an associated weight; in this model,
all factors were weighted as 0.10, except for level of education and financial status which received 0.15. Our
code establishes logical rules to compare the two individuals on each dimension and return a factor by which
to multiply the weight. These factors can be absolute or relative, based on the demographic dimension in
question. For example, the logical conditions for gender returns 1 if same or 0 if different, while age returns

a float value between 0 and 1 according to how close in age the individuals are. Once the pairwise similarity
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score is computed, the neighbor is classified as similar if the weighted sum score is greater than or equal
to 0.50 and different if below. This result then affects which payoff from the informed CMAVM table the
activist receives.

We use the traditional understanding of all of these variables except for partisan affiliation, where we
define a binary so that an individual either belongs or does not belong to any political party. This is because,
as mentioned before, specific partisan lines were not relevant to the 2022 Panamanian protests; instead, the
main division separated independents from members of all parties. Distancing oneself from partisan affiliation
became a widely used mechanism to signal discomfort with the political establishment and the country’s
status quo.

It is worth saying that the role of race in Panamanian politics is complicated and that identity-based
politics are not as common [53]. Panama does follow a different paradigm of socialization and politicization
around race than countries which routinely incorporate these into social models, such as the United States
and the United Kingdom [54]. However, we include ethnicity within the similarity formula as a moderately
influential factor because psychology and sociology researchers have emphasized that it can play a role, either

consciously or subconsciously, in social comparison and political interaction [55].

\

Region Metropolitana -Regién Oriental
-Regién Central -Regibn

Interocéanica
.aglén Occidental

Figure 4.4: Panama’s 10 provinces and 6 indigenous comarcas are divided into four regions: Western Panama
(comprising Bocas del Toro, Chiriqui, Ngédbe Buglé, and Naso Tjerdi), Central Panama (comprising Veraguas,
Coclé, Herrera, and Los Santos), Metropolitan Panama (comprising Panam4, Colén, and Madungandi), and
Eastern Panama (comprising Darién, Emberd Wounaan, Guna Yala, and Madungandi.
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Figure 4.5: This graph shows N = 2303 nodes distributed according to each individual’s region as assigned
in the data. The spectral graph representation shows the connections between regions but overemphasizes
distance.

Figure 4.6: TThis graph shows N = 2303 nodes distributed according to each individual’s region as assigned
in the data. The Kawai-Kamada graph shows the clustering and de-emphasizes distance across regions.
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4.3 Methods

4.3.1 Initializing the Model

We initialize a population of 2303 individuals represented by a graph created according to the procedure
outlined in section 4.1.1. Each of these nodes corresponds to an individual survey respondent in the cleaned
WIP dataset. A fraction x of these nodes is labeled as activists (opinion = 1) and the rest as others (opinion
= 0), according to the rules described in subsection 4.1.2. Then, each activist i is assigned a conviction o
between 0 and 1 according to a beta distribution with mean «. This data, apart from the constant population

size N, is dynamically updated.

4.3.2 Running the Model

1. Interaction Step: First, an individual 7 is chosen randomly. If it is an activist, then it experiences
two random interactions with members of its neighborhood (and if it is not an activist, we move on to the
next iteration of the simulation). These interactions affect i’s fitness according to a pre-determined payoff
structure that depends on the similarity or difference in opinion between two interacting individuals; as
defined in section 4.1.3.

2. Self-assessment Step: The conviction value, «;, recalculated based on i’s interactions and inter-
preted as a fitness measure, governs the decision to adapt or not. A higher « indicates that an individual is
more committed to their opinion and that they are more comfortable with their network. Then, i will either
retain all of its properties (with probability «) or choose to adapt (with probability 1-«).

3. Adaptation Step: If i adapts, it either engages in social learning (with probability ¢) or in homophily
(with probability 1-¢). In the case of social learning, the social learner adopts the role model’s conviction
as well as their opinion.

The above process repeats itself for a total of t = 25 % N time steps; this number was empirically found
to be close to peak PVN presence in the system and theoretically consistent with issue permanence and

interaction frequency. A flowchart describing the above steps is shown in Figures 4.3.1 and 4.3.2.

4.4 Results

The Panama informed CMAVM'’s results show a more likely mechanization of the process that led to
the 2022 Panamanian protests. We theorize that the rise of protest depended, rather, on the existing ac-
tivists followed a specific process of reconfiguration catalyzed by the COVID-19 pandemic. First, Panama’s

existing activists began experiencing higher levels of conviction through more frequent communication and
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Figure 4.8: The adaptation step allows for homophily or social learning.

the increased reach of new media, while politicization of society as a whole increased the preference for
homophily. These two conditions, increased initial conviction and homophily preferences, allowed for signif-
icant social reconfiguration. Activists sought and found other activists beyond their immediate circle and
isolated themselves, at least in terms of political influence, from non-activists around them.

Our model’s results demonstrate how the change in initial conditions induced by COVID-19, namely
the higher levels of society’s homophily preferences and activists’ conviction, likely caused the formation of
politically viable networks. This is shown through the model, where we see how PVNs can emerge across
demographic boundaries without the need to assign a large initial activist share. Namely, we see that higher
¢ and « are sufficient to allow PVN formation even with the low values of x identified by Latinobarémetro
data. As such, we provide a more realistic, mechanistic, and accurate representation of the social dynamics

that underpinned the 2022 Panamanian protests.
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Chapter 5

Discussion, Conclusion, and Future

Research

“Sometimes, attaining the deepest familiarity
with a question is our best substitute for

actually having an answer.”

Brian Greene

This thesis proposes and builds the survey-informed conviction-moderated adaptive voter model (CMAVM),
which improves our understanding of the mechanisms that underpin social movement emergence through
the formation of activist networks during periods of exogenous shock. Most notably, we show how protest
emergence is more than a numbers game. While the initial share of activists does affect their likelihood
of persistence within the system, several other factors, including the system’s homophily preferences, the
activists’ initial conviction, and the activists’ clustering also contribute significantly to the likelihood of per-
sistence. These mathematical findings have very important social scientific implications. That homophily
preferences are the strongest predictor of PVN formation implies that societies which demonstrate a pref-
erence for preserving one’s own beliefs over interpersonal relationships might witness more activism. The
results also show that PVNs evolve mostly as relatively stable clique-like structures in the graph’s periphery.
This means that even subtle degrees of insulation from non-activists significantly help activists build collec-
tive conviction over time through mutual reassurance. In other words, insulation allows for stable persistence
of activism as the activists influence each other. Finally, the model shows how small changes to the activists’
initial mean conviction can substantially increase the likelihood of activism persistence, even compensating

for lower initial share of activists. This means that, if the first activists believe strongly in a movement,
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activism can emerge from an even smaller group or around a less widespread point of view.

Moreover, our model’s inclusion of meaningful political interactions emphasizes the centrality of social
interaction in opinion formation and network building processes, creating a much more realistic picture of
the co-evolution of opinions and social ties. Even if the outcome, activism, is the same, we emphasize the
mechanisms of association and confidence building, and the different patterns that society might follow based
on different sets of initial conditions. This is a more realistic representation of an inherently human and
social process, which is full of heterogeneity. Our model captures more than just an individual’s opinion
— we can measure, represent, and interpret the strength with which they hold onto it and the relative
comfort that they have holding it within their current networks. Future research can use the time evolution
of individual-level conviction to evaluate individual trajectories of individuals’ opinions and convictions to
understand how exogenous shocks and periods of intensified social reconfiguration might affect individuals.
In a more interconnected and interdependent world so prone to spontaneous shocks and changes, it is essential
to understand how these might affect individual persons and their networks.

The survey-informed CMAVM is novel in that it allows demographic and geographical data, inherently
heterogeneous attributes of nodes and graphs, respectively, to drive social processes. The model is also
extremely flexible, as the mechanisms of leveraging data for the introduction of heterogeneity are derived
from simple and well-studied computational and statistical methods. By outlining specific processes to
leverage several different types of key and commonly collected survey data, we hope to bridge the gap
between novel theoretical models and real-world applications. We remain hopeful that these possibilities
inspire others to explore wider sets of interesting, real-world phenomena and develop even more mechanisms
linking computation and application.

The Panama model and this project as a whole contribute to raising awareness around the modeling
of opinion dynamics in different societies, specifically Panama and Latin America, where partisan and po-
litical polarization is not necessarily the basis of some of our most recent and important developments of
activism and protest. While Latin America does experience polarization, the degree to which it does and
its consequences are very different from the polarization dynamics of countries like the United States and
the United Kingdom upon which most polarization models are built. As we witness multi-cohort protests in
previously socio-politically stable systems that do not espouse specific political ideologies, including many
movements in 2022, researchers must modify their understanding of activism emergence. The factors under-
pinning movement emergence include exogenous shocks (like COVID-19), intensifying political conversations
among immediate neighbors, and rapid social reconfiguration, and our models need to be refined to capture
these features. This thesis provides new theoretical lenses and new computational methods to begin this

undertaking.
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If we interpret the CMAVM’s conviction feature as buy-in, the model is also applicable to multiple
other social dynamics that require or depend on significant buy-in, such as volunteering. In this sense, the
relational nature of conviction building is an important finding, suggesting that volunteer organizations may
benefit from taking advantage of existing networks of like-minded individuals or prioritize the creation of
these for the preservation of their volunteer base in the long term. And while this is consistent with research
in the field, our model shows a way to quantify and simulate the importance of relationships to the degree
of commitment to a cause.

The model could always become more complex: incorporating a more granular understanding of ge-
ographical location, gender, race, age, and partisanship are natural extensions of this model. Integrating
node attributes based on identity and allowing an individual to weigh the impact of an interaction differently
based of the other party’s identity could help us better understand questions surrounding the importance of
these heterogeneously distributed identity features on the emergence of specific and diverse types of activism.
In fact, implementing some of these extensions would enable this model to not only provide explanations for
relevant social phenomena where identity-based polarization is common, such as views on different social,
economic, gender, and cultural policies, but also represent the intensity of those views and the mechanisms
that control those changes over time. This is all dependent on breaking the mean field assumptions that are
so prevalent in network science, opinion dynamics, and evolutionary game theoretic studies of activism.

Of course, the models introduced in this work are not without limitations. As we focused on the short and
medium-term aftermath of exogenous shock, we do not allow for the evolution of shock intensity over time.
Realistically, exogenous shocks can worsen or improve over the period following it, and multiple shocks can
coexist. These two features of shock response, spontaneous change and coexistence, are extremely important
from both a mathematical and a social scientific perspective and have been the object of study of projects in
evolutionary game theory and opinion dynamics. For instance, research has identified the impact of sponta-
neous change on the unpredictable nature of consumer choice [56] and the relevance of contagion synergy in
the co-diffusion of social contagions [57]. While these few aspects could be integrated stochastically into the
model by, for instance, allowing for the spontaneous addition or attrition of activists or the introduction of
a new shock, this would complicate model interpretability. In all applied mathematics, there exist tradeoffs
between verisimilitude and interpretability, especially in the early study of new models. Future research
should consider ways to study these properties of exogenous shock in light of our model. Furthermore, the
models assume, for simplicity of model execution and interpretation, that non-activists are all equally as
convicted of their non-participation. However, one can imagine that a significant mechanism for non-activists
to become activists might include slow socialization by activists in the non-activist’s neighborhood over time,

the effect which is not captured by the current version which does not allow for the evolution of non-activists’
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conviction. Future research can explore this extension for the potential discovery of important trends or even
more potential pathways towards activism persistence.

Similarly, there are aspects of individual-level behavior that are heterogeneous but not considered in this
model. For instance, several of an individual’s personality traits, including sociability, political talkativeness,
and trust in others, most certainly influence central aspects of the model, such as how many connections an
individual can maintain, how frequent their interactions might become, and how much weight they give to
each interaction. Social science research has thoroughly discussed the traits of an “activist personality” [58].
And importantly, increasingly more attitudinal surveys are asking these important personality questions,
opening doors for scientific enquiry. Future research can explore these by extending this model in a few
ways. For example, to understand how people with different degrees of talkativeness might experience a
shock differently, the selection of a chosen individual could be probabilistic and based on the talkativeness.
Another reasonable extension includes assigning individual ¢ values based on how trusting each individual
is of others in their circle, as this might be a proxy for how receptive or unreceptive they will be of differing
ideas. Another limitation of all AVMs is the lack of data on social connections. While this thesis uses multiple
methods to produce verisimilar patterns of social connections, they are not rooted in hard data. It is difficult
to imagine survey data capturing this in the near future. However, research could look at alternative data
sources that can provide empirically based connection patterns, such as account interactions on social media.

Lastly, the Panama model also suffers from the need to utilize two very different data sources. Although
the project was designed around the thorough WJP GPP questionnaire and survey history, multi-year data
from the WJP was never made available. Additionally, behavioral and attitudinal questions surrounding
protest were not asked in Panama after 2019, rendering the comparison of Panamanian society’s behavior and
attitude towards protest before and after the identified shock, the COVID-19 pandemic, nearly impossible.
These challenges were mitigated by resorting to the Latinobarémetro as a data source, but the model would

benefit from depending entirely on a single dataset for its computation, interpretation, and verification.
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