agent based modeling social influence

The Power of Agents: Understanding Social
Influence Through Agent-Based Modeling

Agent based modeling social influence offers a fascinating lens through which
to examine the complex dynamics of human interaction and decision-making.
This powerful computational approach allows us to simulate how individual
behaviors, influenced by their peers and environment, can collectively shape
larger societal trends. From the spread of information and opinions to the
adoption of new technologies and the formation of norms, agent-based models
(ABMs) provide a sandbox for exploring how micro-level interactions scale up
to macro-level phenomena. By breaking down complex social systems into their
constituent agents - individuals with their own characteristics, rules, and
interactions - we can gain unprecedented insights into the mechanisms driving
social change. This article delves deep into the world of agent-based
modeling for social influence, exploring its core concepts, key applications,
and the profound implications it holds for understanding our interconnected
world.
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Understanding Agent-Based Modeling for Social
Influence

At its heart, agent-based modeling is a computational technique used to
simulate the actions and interactions of autonomous agents - both individual
or collective entities - in order to assess their effects on the system as a
whole. When applied to social influence, these agents typically represent
individuals within a social network. Each agent possesses a set of attributes
and follows a set of rules that govern its behavior, including how it
perceives and is influenced by other agents. This bottom-up approach is what
makes ABM so powerful for studying social influence. Instead of trying to
model the entire system at once, we build it from the ground up, agent by
agent, interaction by interaction. This allows us to observe emergent



properties - patterns and behaviors that arise from the collective
interactions of agents, which might not be obvious from studying individual
agents in isolation.

The beauty of agent-based modeling for social influence lies in its ability
to capture the heterogeneity of individuals. Unlike traditional aggregate
models, ABMs can account for variations in personality, beliefs,
susceptibility to influence, and social connections. This realism is crucial
because, in the real world, not everyone is influenced in the same way. Some
individuals are early adopters, others are laggards, and many fall somewhere
in between. By simulating these differences, ABMs can paint a much more
nuanced and accurate picture of how social influence propagates through a
population. Think of it like building a miniature society in a computer,
where each person is programmed with their own tendencies and then allowed to
interact freely. What unfolds can often be surprisingly insightful.

Core Concepts of Agent-Based Modeling in Social
Influence

Several fundamental concepts underpin the application of agent-based modeling
to social influence. At the forefront is the notion of the agent itself. In
social influence ABMs, an agent is typically a simplified representation of
an individual. This individual possesses state variables, such as their
current opinion, belief, or adoption status (e.g., whether they have adopted
a new product or behavior). Agents also have behavioral rules that dictate
how they process information, interact with others, and update their state.
These rules are often probabilistic, reflecting the inherent uncertainty in
human decision-making.

Another crucial concept is the environment. This can range from a simple
spatial grid where agents are located to a complex social network graph that
defines who can interact with whom. The environment can also encompass
external factors or events that might influence agents, such as media
campaigns or significant societal occurrences. The interactions between
agents are the engine of social influence. These interactions can be direct,
such as conversations or peer pressure, or indirect, mediated by shared
information or observations of others' behavior. The frequency, intensity,
and nature of these interactions are vital parameters in any ABM.

Finally, the concept of emergence is paramount. This refers to the
macroscopic patterns and behaviors that arise from the cumulative effect of
micro-level agent interactions. For instance, a widespread adoption of a
particular opinion or a rapid spread of a rumor are emergent phenomena that
ABMs are particularly adept at explaining. We don't explicitly program these
large—-scale outcomes; rather, they naturally emerge from the programmed rules
of individual agents and their interactions within the defined environment.
This emergent quality makes ABMs powerful tools for discovery, often
revealing unexpected dynamics.

The Agent: A Digital Individual

The agent in an agent-based model is far more than just a data point; it’s a



computational entity designed to mimic aspects of real-world individuals.
Each agent is endowed with a set of characteristics that define its unique
properties. These might include things like its level of innovativeness, its
risk aversion, its prior beliefs, or its social capital. Crucially, agents
also have a decision-making module that dictates how they respond to external
stimuli and internal states. This module contains the rules that govern their
behavior, such as “if I observe more than X neighbors adopting this behavior,
I am likely to adopt it too.”

The concept of bounded rationality is often incorporated into agent design.
This acknowledges that real people don't have infinite cognitive capacity;
they make decisions based on incomplete information and simplified
heuristics. By reflecting these limitations, ABMs can produce more realistic
simulations of social influence. For example, an agent might adopt a new
product not because they’ve done exhaustive research, but because several of
their trusted friends have already done so and seem happy with it. This
heuristic-driven decision-making is a key driver of social influence.

The Environment: The Social Landscape

The environment in which agents operate plays a critical role in shaping
their interactions and, consequently, the influence they exert and receive.
This environment can be conceptualized in various ways. A common
representation is a spatial environment, where agents occupy discrete
locations on a grid or continuous space. In such a setup, an agent's
influence might be limited to its immediate neighbors, mirroring physical
proximity in real-world social interactions. Proximity can foster stronger
ties and facilitate more frequent communication, thereby amplifying social
influence.

Alternatively, the environment can be defined by a social network. This
abstract structure explicitly maps out the relationships between agents. An
agent might be connected to a few close friends, a larger group of
acquailntances, or even a vast number of weak ties. The topology of this
network - its density, clustering, and the presence of central hubs or
bridges - profoundly impacts how social influence spreads. For instance, in a
highly clustered network, influence might spread rapidly within subgroups but
struggle to cross into other clusters. Conversely, agents with many weak ties
(brokers) can be crucial for diffusing influence across disparate parts of
the network.

Interactions and Influence Mechanisms

The core of any social influence model lies in defining how agents interact
and how these interactions lead to changes in their states. There are
numerous mechanisms through which social influence can operate. One common
mechanism is conformity, where agents adjust their behavior or beliefs to
align with those of a perceived majority or a reference group. This can be
driven by a desire to fit in or a belief that the majority holds accurate
information.

Another important mechanism is imitation. Agents may observe the actions of
others and, if those actions appear successful or desirable, adopt them. This



is particularly relevant for the spread of innovations, trends, or best
practices. Information diffusion is also a key aspect, where agents share
knowledge, opinions, or news, thereby influencing the understanding and
attitudes of others. Furthermore, social reinforcement occurs when an agent’s
behavior is rewarded or punished by others, encouraging or discouraging its
repetition. ABMs allow us to meticulously define and combine these various
influence mechanisms to see how they play out dynamically.

How Social Influence is Represented in ABMs

Representing social influence within an agent-based model requires careful
consideration of how individual agents perceive, process, and respond to the
behaviors and opinions of others. The simplest forms of influence often
revolve around the proportion of neighbors holding a particular state. For
example, an agent might be programmed to adopt a new product if a certain
percentage of its immediate neighbors have already done so. This captures a
basic form of social proof or bandwagon effect.

More sophisticated models incorporate network structure more directly.
Instead of just looking at a numerical proportion, an agent might consider
the influence of specific individuals in its network, such as friends,
family, or opinion leaders. This introduces the concept of weighted
influence, where connections with higher strength or perceived credibility
carry more weight. The model can also capture homophily, the tendency for
individuals to associate with similar others, which can lead to echo chambers
and reinforce existing beliefs, or heterophily, where individuals connect
with dissimilar others, potentially leading to broader exposure to new ideas.

Furthermore, agent-based models can simulate the dynamics of opinion
formation. An agent might have an internal opinion value, and interactions
with other agents lead to adjustments in this value. These adjustments can be
based on a variety of rules, such as averaging opinions with neighbors, being
swayed more strongly by those with similar initial opinions, or being
resistant to influence from those with very different views. The pace at
which opinions change, the thresholds for switching behavior, and the
persistence of beliefs are all parameters that can be tuned to reflect
different social phenomena.

Opinion Dynamics Models

Opinion dynamics is a rich field that ABMs excel at simulating. Within an
agent-based framework, opinions are typically treated as numerical values or
states that agents can hold. When two agents interact, their opinions may
converge. A straightforward example is the DeGroot model, where an agent's
new opinion becomes a weighted average of its previous opinion and the
opinions of its neighbors. The weights typically reflect the strength of the
social ties. Over time, in such models, opinions tend to converge to a
consensus, or to different consensus values within distinct social clusters,
depending on the network structure and initial conditions.

More complex models, like the Bounded Confidence Model (BCM), introduce the
idea that agents are only influenced by others whose opinions are
sufficiently close to their own. If an agent encounters someone with a



drastically different opinion, they might disregard that information, leading
to the potential for opinion fragmentation and polarization rather than
consensus. This is a powerful way to model how disagreements can persist and
even intensify within a society. Models can also incorporate factors like
stubbornness, where agents might have a certain resistance to changing their
minds, or social reinforcement of existing opinions.

Network Topology and Influence Spread

The structure of the social network on which agents are embedded is a
critical determinant of how influence spreads. A dense, highly connected
network might lead to rapid consensus-building but could also make it harder
for novel ideas to penetrate established groups. Conversely, a sparse network
with few connections might hinder widespread diffusion but could allow for
the emergence of diverse opinions in isolated pockets. Small-world networks,
characterized by high clustering and short average path lengths, often
exhibit a fascinating interplay, facilitating both local information flow and
broader dissemination.

The presence of hubs - agents with an unusually large number of connections -
can act as conduits for influence, accelerating its spread across the
network. However, they can also be single points of failure if removed.
Bridges, on the other hand, are connections between otherwise disconnected
clusters, and their removal can significantly fragment the network and impede
information flow. ABMs allow researchers to systematically vary network
topologies and observe the resulting patterns of influence diffusion,
providing insights into how network structure shapes social outcomes, from
the adoption of new technologies to the spread of political ideologies.

Threshold Models for Behavior Adoption

Many real-world phenomena, such as the adoption of new technologies, the
spread of fads, or the participation in social movements, can be modeled
using threshold models. In these ABMs, an agent adopts a particular behavior
or innovation when the number or proportion of its neighbors who have already
adopted it reaches a certain threshold. This threshold can vary from agent to
agent, reflecting individual differences in willingness to take risks or
conform. For instance, one person might adopt a new smartphone as soon as
their closest friend gets one (a low threshold), while another might wait
until a majority of their colleagues have it (a higher threshold).

These threshold models are excellent for capturing the cascade effect often
observed in social adoption. A few early adopters might trigger a small wave
of adoptions, which then gains momentum as more agents cross their individual
thresholds. The distribution of these thresholds across the population, along
with the network structure, can lead to complex adoption curves, including
rapid S-shaped growth, plateaus, and even sudden declines if the innovation
loses its appeal. ABMs allow us to explore how different threshold
distributions and network configurations can lead to different adoption
patterns.



Key Applications of Agent-Based Modeling for
Social Influence

The versatility of agent-based modeling makes it applicable to a wide array
of real-world problems where social influence plays a significant role. One
prominent area is the study of opinion dynamics and polarization. By
simulating how individuals interact and update their beliefs, ABMs can help
us understand how societies become divided, how echo chambers form, and what
factors might mitigate polarization. This has implications for political
science, sociology, and even for understanding the spread of misinformation
online.

Another crucial application lies in marketing and the diffusion of
innovations. Marketers can use ABMs to simulate how a new product or service
might spread through a target population. By testing different marketing
strategies, pricing models, and network targeting approaches, they can
optimize their launch campaigns. Understanding the role of early adopters,
influencers, and the impact of word-of-mouth is vital here. Similarly, public
health initiatives can leverage ABMs to model the spread of health behaviors,
vaccination campaigns, or the adoption of new medical treatments, allowing
for more effective intervention design.

ABMs are also employed in understanding collective behavior and social
movements. They can simulate how individuals decide to participate in
protests, riots, or collective action. The interplay between individual risk
assessment, perceived social norms, and the actions of others is crucial
here. By varying parameters related to information availability, social
pressure, and the perceived success of a movement, researchers can explore
the conditions under which collective action is likely to emerge and sustain
itself.

Marketing and Consumer Behavior

In the realm of marketing, understanding how consumers are influenced by
their peers is paramount. Agent-based modeling offers a powerful way to
simulate these dynamics. Imagine launching a new smartphone; instead of just
looking at aggregate sales data, an ABM can model individual consumers, their
preferences, their social connections, and their susceptibility to
advertising and peer recommendations. We can simulate how early adopters,
influenced by novelty and status, might trigger a cascade of purchases among
their social circles. The model can explore the impact of influencer
marketing, where a few key agents with high social reach can significantly
accelerate adoption rates.

Furthermore, ABMs can help identify opinion leaders and critical mass points
within a consumer network. By understanding who is most influential and at
what point a product becomes self-sustaining in its adoption, marketers can
tailor their strategies more effectively. They can test different advertising
placements, understand the impact of online reviews, and even predict the
lifecycle of a product's popularity. This granular, agent-level simulation
provides insights that traditional market research might miss, offering a
more dynamic and predictive understanding of consumer behavior.



Public Health and Epidemics

The spread of diseases is a quintessential example of social influence,
albeit in a biological rather than purely cognitive sense. Agent-based models
have been instrumental in understanding and predicting epidemic dynamics. In
this context, agents represent individuals, and their states can range from
'susceptible' to 'infected,' 'recovered,' or 'deceased.' Interactions between
agents, often dictated by proximity and contact rates, determine the
transmission of the disease. Crucially, ABMs can incorporate social influence
aspects into epidemic modeling.

For instance, an agent's decision to get vaccinated can be influenced by the
vaccination rates of their social network. If many friends or family members
are vaccinated, an agent might be more likely to follow suit, even if they
were initially hesitant. Similarly, the adoption of preventative behaviors
like mask-wearing or social distancing can be influenced by the observed
actions of others. ABMs can help public health officials design targeted
interventions, understand the impact of public awareness campaigns, and
predict the effectiveness of different public health policies by simulating
the complex interplay between disease transmission and social influence.

Political Science and Social Movements

Understanding how political opinions form, shift, and lead to collective
action is a complex undertaking, and ABMs provide a valuable framework for
this. Researchers can build models where agents have varying political
leanings, levels of engagement, and susceptibility to different forms of
persuasion. Simulations can explore how exposure to media, discussions with
peers, and the actions of political figures influence individual attitudes.
This can shed light on phenomena like political polarization, the formation
of echo chambers, and the rapid shifts in public opinion.

Moreover, ABMs can be used to study the dynamics of social movements. How do
individuals decide to join a protest? What role does perceived success or
failure play? How does the network structure of activists facilitate or
hinder mobilization? By modeling these factors, ABMs can help explain why
some movements gain traction while others fizzle out, and they can inform
strategies for organizing and sustaining collective action. The ability to
simulate the emergent properties of collective behavior, from peaceful
demonstrations to more disruptive forms of protest, makes ABMs a powerful
tool in the political scientist's arsenal.

Challenges and Limitations of ABM for Social
Influence

While incredibly powerful, agent-based modeling of social influence is not
without its challenges and limitations. One of the most significant hurdles
is data availability and calibration. Building realistic ABMs requires
detailed data about individual behaviors, social networks, and the parameters
governing their interactions. This data can be difficult to obtain,
especially at a fine-grained level. Furthermore, calibrating the model -



ensuring that the simulation’s outputs accurately reflect real-world
phenomena - can be a complex and iterative process. We need to be confident
that our simulated agents are behaving in ways that genuinely mirror human
decision-making.

Another challenge is model complexity and computational cost. As the number
of agents and the complexity of their rules increase, the computational
resources required to run simulations can become substantial. Finding the
right balance between realism and tractability is crucial. Overly simplistic
models might fail to capture important nuances, while overly complex ones may
become computationally intractable or impossible to interpret. The process of
validation is also critical. How do we truly know if our model is a good
representation of reality? Comparing simulation outputs to real-world data is
essential, but often, the direct causal pathways in the real world are not as
clear as they are in the model, making definitive validation difficult.

Data Requirements and Calibration

The effectiveness of any agent-based model, particularly one focused on
social influence, is heavily reliant on the quality and quantity of data used
to build and calibrate it. In an ideal world, we would have comprehensive
datasets detailing individuals’ social connections, their current opinions or
behaviors, their demographic characteristics, and their past decision-making
patterns. However, such granular data is often proprietary, difficult to
collect ethically, or simply unavailable. Researchers often have to rely on
aggregate data, survey results, or proxy indicators, which can limit the
precision of the model.

Calibration, the process of adjusting model parameters so that its outputs
match observed real-world data, is another significant challenge. For social
influence models, this involves finding the right combination of influence
strength, susceptibility to different types of persuasion, and network
structures that best replicate observed phenomena, such as opinion shifts or
adoption curves. This is often an empirical and somewhat artful process,
involving multiple runs, sensitivity analyses, and comparisons with
historical data. The risk of overfitting the model to specific historical
data, making it less generalizable to new situations, is also a concern.

Model Complexity and Computational Resources

As we strive for greater realism in our agent-based models of social
influence, the inherent complexity can escalate rapidly. Each agent might
have dozens of attributes, and their interaction rules can involve
sophisticated logic. When you multiply this by thousands or even millions of
agents — the scale often needed to capture emergent societal phenomena - the
computational demands become immense. Running a single simulation might take
hours, days, or even weeks on powerful computing clusters. This limits the
number of scenarios that can be explored and the speed at which research can
progress.

The challenge lies in striking a balance. A highly complex model might be
very realistic in its component parts, but if it’s too computationally
expensive to run, its practical utility is diminished. Conversely, a highly



simplified model might be computationally efficient but fail to capture the
critical mechanisms of social influence that are of interest. Researchers
must carefully consider which aspects of social influence are most critical
for their research question and design models that are complex enough to
capture those dynamics without becoming computationally prohibitive or overly
difficult to understand.

Validation and Generalizability

One of the most persistent challenges in agent-based modeling is ensuring
that the models are valid and generalizable. Validation is the process of
demonstrating that a model's outputs accurately represent the real-world
system being studied. This often involves comparing simulation results to
empirical data, historical trends, or observations from controlled
experiments. However, social systems are incredibly complex, with myriad
interacting factors. It can be difficult to isolate the specific influence
mechanisms being modeled and prove that the observed outcomes are solely due
to those mechanisms, rather than other confounding factors.

Generalizability refers to a model's ability to accurately predict outcomes
in situations or contexts different from those used for its calibration and
validation. A model that is perfectly tuned to explain the spread of an
opinion in one specific social group might not accurately predict its spread
in another group with different network structures or cultural norms.
Achieving robust generalizability requires careful model design, thorough
sensitivity analysis, and testing across a range of conditions. Without
strong validation and demonstrated generalizability, the insights derived
from ABMs remain tentative.

The Future of Agent-Based Modeling and Social
Influence

The field of agent-based modeling for social influence is continually
evolving, driven by advancements in computing power, data science, and our
theoretical understanding of human behavior. We are seeing increasing
integration of machine learning techniques to develop more sophisticated
agent learning and decision-making capabilities. Imagine agents that can
learn from their interactions and adapt their influence strategies over time,
mimicking the dynamic nature of real social interactions. This will
undoubtedly lead to even more nuanced and realistic simulations.

Furthermore, the ability to link ABMs with other computational approaches,
such as network analysis and big data analytics, promises to unlock new
frontiers. By drawing upon real-world social media data, mobile phone usage
patterns, and other digital footprints, researchers can create ABMs that are
grounded in empirical reality to an unprecedented degree. This fusion of
modeling, data, and theory will allow us to tackle increasingly complex
societal challenges, from understanding political discourse in the digital
age to predicting the impact of global pandemics and designing more resilient
and equitable societies. The journey of exploring social influence through
the eyes of artificial agents is far from over; it is, in fact, just
beginning to reveal its full potential.



Integration with Big Data and Machine Learning

The future of agent-based modeling in social influence is inextricably linked
to the explosion of digital data and the advancements in machine learning. We
are no longer limited to hypothetical agent rules; we can increasingly inform
agent behavior and network structures using real-world data. For example,
social media APIs can provide information about connections, communication
patterns, and sentiment, which can be used to initialize agent networks and
their states. Machine learning algorithms can analyze these vast datasets to
identify patterns of influence, predict individual susceptibility, and even
help define the interaction rules for agents, making them more adaptive and
responsive.

This integration allows for the creation of ABMs that are not only more
realistic but also more dynamic. Agents can learn from their experiences
within the simulation, updating their beliefs and behaviors based on the
outcomes of their interactions. This is particularly relevant for
understanding complex phenomena like the evolution of online discourse, the
formation of collective intelligence, or the impact of personalized
recommendation systems. The synergy between ABM’s system-level simulation and
machine learning’s pattern recognition capabilities holds immense promise for
deeper insights into social influence.

Hybrid Modeling Approaches

Recognizing that no single modeling paradigm is perfect for every problem,
the future will likely see more hybrid modeling approaches. This involves
combining agent-based modeling with other computational techniques to
leverage their respective strengths. For instance, ABMs can be coupled with
equation-based models (like differential equations used in traditional
epidemic modeling) where certain aggregate behaviors can be efficiently
represented by equations, while individual-level heterogeneity and complex
interactions are handled by agents. Alternatively, ABMs can be integrated
with geographical information systems (GIS) to incorporate spatial dynamics
more explicitly.

Another exciting development is the integration of ABMs with game theory or
reinforcement learning. This allows agents to engage in strategic
interactions, where their decisions are based on predicting the responses of
others and optimizing their own outcomes. Such hybrid approaches enable
researchers to model more sophisticated social phenomena, such as
negotiation, competition, cooperation, and the emergence of complex social
contracts. By weaving together different modeling threads, we can create
richer, more comprehensive simulations of social influence.

Ethical Considerations and Responsible Innovation

As agent-based models become more sophisticated and influential in shaping
policy and understanding society, ethical considerations become paramount.
The ability to simulate and predict social phenomena raises questions about
privacy, bias, and the potential for misuse. For instance, models that
accurately predict societal trends could be used for manipulative purposes,



and models trained on biased data may perpetuate and even amplify existing
inequalities. Responsible innovation in this field requires a proactive
approach to addressing these ethical challenges.

This includes developing methodologies for detecting and mitigating bias in
models, ensuring transparency in model design and assumptions, and fostering
interdisciplinary collaboration to consider the societal implications of
research findings. It also involves engaging with stakeholders, including
policymakers and the public, to ensure that ABM research is conducted in a
manner that is both scientifically rigorous and ethically sound, ultimately
serving to enhance human well-being and foster a more just and informed
society.

Frequently Asked Questions

Q: What is the fundamental difference between agent-
based modeling and traditional statistical modeling
for social influence?

A: Traditional statistical models typically focus on aggregate relationships
and correlations within large datasets, treating individuals as data points.
Agent-based modeling, conversely, simulates individual agents with unique
characteristics and interaction rules, allowing complex system-level
behaviors to emerge from micro-level dynamics. This bottom-up approach is
particularly adept at capturing emergent phenomena and the heterogeneous
nature of social influence.

Q: Can agent-based models accurately predict future
social trends?

A: Agent-based models are powerful tools for exploring potential future
scenarios and understanding the mechanisms that drive social change, rather
than making precise, deterministic predictions. They help us understand "what
1if" questions by simulating various conditions and interventions. The
accuracy of their insights depends heavily on the quality of the data used,
the realism of the agent rules, and the validation against empirical
evidence.

Q: How are social networks represented in agent-based
models for social influence?

A: Social networks in ABMs can be represented in various ways, from simple
proximity in a spatial grid where agents influence their immediate neighbors,
to complex graph structures that explicitly define relationships. These
networks can be static or dynamic, with connections forming or breaking over
time, and can incorporate different tie strengths and densities to reflect
real-world social structures.

Q: What kind of data is typically used to build and



validate agent-based models of social influence?

A: Data used for ABMs can include survey data on opinions and behaviors,
network data from social media or organizational structures, demographic
information, and behavioral data from experiments or observational studies.
Validation often involves comparing simulation outputs to historical trends,
aggregate statistics, or results from controlled experiments to ensure the
model's outputs align with observed reality.

Q: Are agent-based models only useful for academic
research, or do they have practical applications?

A: Agent-based models have a wide range of practical applications. They are
used in marketing to understand product diffusion, in public health to model
epidemic spread and behavioral interventions, in urban planning to simulate
traffic and pedestrian flows, in economics to study market dynamics, and in
political science to analyze public opinion and social movements.

Q: What are some common "influence mechanisms"
simulated in agent-based models?

A: Common influence mechanisms simulated include conformity (aligning with
group opinion), imitation (copying others' behaviors), information diffusion
(sharing knowledge and opinions), social reinforcement (rewards and
punishments), and threshold-based adoption (adopting when a certain
proportion of neighbors have adopted).

Q: How do agent-based models handle individual
differences in susceptibility to influence?

A: Individual differences are incorporated by assigning varying attributes to
agents. For example, agents can be programmed with different levels of
innovativeness, risk aversion, trust in others, or cognitive biases. These
varying attributes influence how they perceive and respond to social cues and
the opinions of their peers.

Q: What is "emergence" in the context of agent-based
modeling and social influence?

A: Emergence refers to the macroscopic patterns, structures, or behaviors
that arise from the collective interactions of individual agents, which are
not explicitly programmed into the agents themselves. For example, a
polarization of opinions or a rapid spread of a trend are emergent phenomena
in social influence ABMs.

Q: What are the main challenges in creating realistic
agent rules for social influence?

A: Creating realistic agent rules is challenging because human decision-
making is complex and influenced by a multitude of cognitive, emotional, and
social factors. It requires translating abstract social psychology theories
into computational logic, and often involves making simplifying assumptions



while trying to retain essential dynamics. Finding the right balance between
simplicity and fidelity is key.
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