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Abstract
Recent ABMs provide compelling accounts of group pattern 
formation, contagion and cooperation, and can be used to predict, 
manipulate and improve upon collective behavior. In this paper 
ABM describes interactions among individual agents and their 
environment, and provides a process oriented alternative to 
descriptive mathematical models. Different situations and systems 
are characterized by the presence of autonomous entities whose 
local behaviors (actions and interactions) determine the evolution 
of the overall system. Agent-Based models are particularly suited 
to support the definition of models of such systems and also to 
support the design and implementation of simulators. 

Keywords
Agent Based Modeling, Multi-agent Systems, Social Influence, 
Social Simulation

I. Introduction
Developments in social simulation over the past half century 
can be grouped into three broad periods: macrosimulation, 
microsimulation and agent-based models (Conte & Gilbert, 
1995; Gilbert & Troitzsch, 1999). Macrosimulations consist of 
a set of differential equations that take a holistic view of the 
system. However, taking the complete system as the unit of 
analysis had inherent limitations. Microsimulations focused on 
the use of individuals as the unit of analysis but continued with 
macro-level forecasting used in macrosimulations. The main focus 
remained forecasting macro effects of public policies that alter 
individual behaviours. Agent-Based Modeling (ABM), the third 
methodology, takes a pure bottom-up approach and keeps the 
individual at the centre. It allows modeling individual actors in 
the population and their interactions with each other as well as 
with the environment. This makes it a highly suitable technique 
for analysis of emergence of macro-level behaviours from micro-
level interactions of individuals.  
Axelrod and Tesfatison (Axelrod & Tesfatison, 2005) call ABM 
the third way of doing science besides induction and deduction. 
While induction is the discovery of patterns in empirical data 
(for example analysis of opinion surveys), deduction involves 
specifying a set of axioms and proving consequences that can be 
derived from those assumptions (for example equilibrium results 
in game theoretic formulations). ABM, however, is different from 
both induction and deduction. Like deduction, it starts with a set of 
explicit assumptions but rather than proving theorems it generates 
data which can be analyzed inductively. It is different from the 
induction in that the simulation data comes from a rigorously 
specified set of rules and not direct measurement (Axelrod, 2005a 
& 2005b). ABM provides increased understanding of systems 
through controlled computational experiments. 
In Agent-Based Modeling (ABM) a system is modeled as a group 
of autonomous agents, who can perceive environment and act on 
the basis of some behavioral rules. The agents represent the actors 
in the system; environment represents the surroundings including 
neighboring agents; and the behavioral rules model the interaction 

of the agent with other agents as well as with the environment. In 
other words, ABM describes interactions among individual agents 
and their environment, and provides a process oriented alternative to 
descriptive mathematical models. Different situations and systems 
are characterized by the presence of autonomous entities whose 
local behaviors (actions and interactions) determine the evolution 
of the overall system. Agent-Based models are particularly suited 
to support the definition of models of such systems and also to 
support the design and implementation of simulators. Recent 
ABMs provide compelling accounts of group pattern formation, 
contagion and cooperation, and can be used to predict, manipulate 
and improve upon collective behavior.

II. The ABM Approach
In ABM a system is modeled as a set of autonomous agents 
which can interact with the environment as well as with each 
other. An agent is a distinguishable entity which is situated in 
the environment, can perceive it and produce some actions on 
the basis of some behavioural rules. The agents represent the 
actors in the system; the environment represents the surroundings 
including neighbouring agents; and the behaviour rules model 
the interaction of the agent with other agents as well as with the 
environment. From a practical modeling point of view, an agent 
can be defined as an identifiable discrete individual with a set of 
characteristics and rules governing its behaviours and decision 
making capability (Wooldridge & Jennings, 1995). Agents are 
situated in the environment and are autonomous. An agent can 
be a simple reactive entity or capable of goal directed behaviour. 
Agents usually contain a base-level set of rules for behaviour as 
well as a higher-level set of “rules to change the rules” (Russel 
& Norvig, 2003; Casti, 1997). 
ABM is a bottom-up approach which starts with identification 
of constituent agents of a system and their particular behaviours. 
Agent based modeling of social systems often makes the following 
four assumptions:

Agents are autonomous1. 
Agents are interdependent2. 
Agents follow simple rules3. 
Agents are adaptive and backward looking (Macy & Willer, 4. 
2002).

ABM can be used to model a number of phenomena in varied 
domains like markets & economy, organizations, World Wide Web 
and social systems etc. Availability of fast and cheap computing 
power, coupled with other advances in computational sciences 
has paved the way for use of ABM as a favoured modeling and 
simulation technique. In fact, over the last few years, ABM has 
become the frontline tool of Sociologists and Psychologists who 
try to model social behaviours, particularly the behaviour of 
groups. 

III. Theory of Social Influence and its Effect
The Social influence assumes that individuals (or agents) often 
imitate good behaviours and cultures through their interactions 
with other individuals. Its dynamics depends on familiarity of 
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the interacting individuals, density of the neighbourhood, and 
popularity and spatial proximity of the other individuals. The 
model of social influence developed in two ways:
1. It explicitly takes into account that the effect of one cultural 
feature depends on the presence or absence of other cultural 
features and behaviours; 
2. It takes into account that similar individuals are more likely to 
influence each other than dissimilar individuals. Interesting models 
of social influence have been proposed by Carley (Carley, 1991), 
Axelrod (Axelrod, 1997) and Axtell (Axtell, 1996), Coleman 
(Coleman, 1965) and Nowak et al (Nowak, 1990) etc. Axelrod, 
in his social influence model of dissemination of culture (Axelrod, 
1996), focused on factors of local influence (tendency for people 
who interact to become more similar) and homophile (tendency 
to interact more frequently with similar agents). The more agents 
interact, the more similar they become; and the more similar they 
become, the more likely they are to interact. Axelrod expected 
convergence and homogeneity as the outcome but simulation 
shown that despite the strong converging pressure, stable regions 
of diversity persisted. Axelrod basic model included sites arrayed 
on a grid. These sites are the basic actors of the model. Each site 
can interact only with its immediate neighbours. Agents who are 
similar to each other interact with each other and become more 
similar. Axelrod’s model captures culture as a group of features 
with multiple trait values per feature. However, the emphasis 
is not on the content of a specific culture but on the way in 
which culture is likely to emerge and spread. The simulations 
with varying parameters regarding grid size, number of features 
and number of traits per feature resulted in polarization, despite 
the only mechanism for change being convergence towards a 
neighbour. We have used the basic idea of Axelrod’s culture model 
to represent friends of an individual. An individual’s friend is 
believed to have behavioural feature set similar to the individual. 
The feature set similarity represents their like mindedness of the 
individuals on various issues and hence possibility of having 
similar voting preferences or at least being affected by each other’s 
preferences. An individual while deciding about his vote is thus 
likely to be affected by his interactions with friends.  

IV. Motivation for ABM in Social Influence Systems
Traditional modeling approaches to social systems relied on 
equation-based models that employ a macro perspective. They 
operate on population attributes & their distributions and lack 
focus on the individual’s role. Equation-based models, though 
useful for macro-scale behaviour predictions, fail to model social 
systems (or processes) that lack central coordination; such as 
systems that are very complex in terms of their interdependences 
or systems which produce novel emergent behaviours. The ABM 
approach, on the other hand, begins with modeling the individual 
agent behaviours and then observes how their interactions produce 
macro-level behaviours. These agents can represent people, 
families, firms, communities or even nations. Understanding the 
why and how of emergent social phenomena is possible only 
through such a bottom-up approach of analysis of interactions of 
individuals with other individuals and the environment. 
Axtell (Axtell, 2000) suggests that there are three distinct uses of 
the ABM approach in social systems:

When numerical realizations can be proposed and solved:  1. 
agent models can be used as social simulations
When a mathematical model can be formulated but can only 2. 
be partially solved: agent based models can be useful tool 
of analysis

When mathematical models are either apparently intractable 3. 
or provably insoluble: agent based modeling is perhaps the 
only technique available for systematic analysis. Availability 
of fast & cheap computing power along with readily available 
rich & easy-to-use software environments are two other 
prominent reasons for the increased prominence of ABM in 
Social Sciences. 

Axelrod and Tesfatison (Axelrod & Tesfatison, 2005) state that 
“the social science seeks to understand not only how individuals 
behave but also how the interaction of many individuals leads to 
large-scale outcomes”. They suggest that ABM is well suited for 
this social science objective. It is a method for studying systems 
exhibiting the following two properties

The system is composed of interacting agents.• 
The system exhibits emergent properties.• 

When the interactions of the agents are contingent on past 
experience and agents adapt to that experience, mathematical 
analysis becomes extremely difficult, leading to ABM being the 
only practical method of analysis. They state that “the specific goals 
pursued by ABM researchers take four forms: empirical, normative, 
heuristic and methodological”. Empirical understanding addresses 
questions like why large scale regularities (such as monetary 
systems and trade networks) evolve and persist, even when there 
is little top-down control. Normative understanding deals with 
use of ABM as laboratories for discovery of good designs (social 
policies, institutions etc.). The heuristic goal focuses on how greater 
insight can be attained into the fundamental causal mechanisms 
in social systems (for example human segregation patterns). The 
methodological goal seeks to provide ABM researchers with the 
methods and tools needed for rigorous study of social systems 
through controlled computational experiments.   

V. When to use ABM
Although technically simple, ABM is conceptually deep. ABM’s 
inherent programming simplicity may result in its improper use. 
Modeling a complex social process requires high conceptual 
clarity and analytical ability. A key issue, therefore, is to decide 
when to use ABM for modeling social systems. An indicative 
list of situations when it is better to think and model in terms of 
agents is:

When there is a natural representation of actors as agents1. 
Wwhen the interactions between the agents are complex, 2. 
non-linear, discontinuous, or discrete
When agents exhibit complex adaptive behaviours3. 
When the population or topology of interactions is 4. 
heterogeneous
When agents have a spatial component to their behaviours 5. 
& interactions (Macal & North, 2005).

ABMs in social sciences involve human agents, whose behaviours 
are often complex, irrational and subjective. Individuals interact 
with each other to produce macro-level social behaviours. 
These macro-level social behaviours are not always reducible 
to individual behaviours. There is a complex feedback loop 
(the social behaviours in turn affecting individual behaviours) 
resulting in non-linear dynamics of interactions. Individuals are 
also cognitively rich and capable of adapting their behaviours to 
changing environments. All this requires putting in careful thinking 
about the social phenomenon at hand before going for ABM. The 
models through this approach need to be built at the right level of 
description, with only the right amount of details. Unnecessarily 
adding complexity to a model can make it useless. 
Epstein (Epstein, 1999) argues that ABM permits a distinctive 



IJCST Vol. 3, ISSue 1, Jan. - MarCh 2012ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology 325

approach to social science for which the term “generative” is 
suitable. He states that the central idea is that “to the generativists, 
explaining the emergence of macroscopic societal regularities, 
such as norms or price equilibria, requires that one answer the 
following question: how could the decentralized local interactions 
of heterogeneous autonomous agents generate the given regularity”. 
The bottom up generative approach followed by ABM is suitable to 
study the emergence of macroscopic regularities in social systems. 
The key characteristics of heterogeneity, autonomy, explicit 
space, local interactions and bounded rationality, makes it the 
most appropriate method to study a number of social phenomena.   
ABM approach is currently being applied to model a number 
of social phenomena, especially those where interesting macro-
level behaviours are produced through individual behaviours and 
interactions at the micro-level.  

VI. Benefits of ABM
Understanding social systems not only requires understanding 
the individuals that comprise the system but also how individuals 
interact with each other resulting in global behavioral patterns, 
which can be sufficiently novel. ABM helps researchers in 
investigating how large-scale macro effects arise from the micro-
processes of interactions among many agents. ABM applied to 
social sciences take a methodical approach that could permit two 
important developments:

Rigorous testing, refinement, and extension of existing 1. 
theories that are difficult to evaluate using mathematical & 
statistical techniques
A deeper understanding of the fundamental causal mechanisms 2. 
in multi-agent systems. 

Bonabeau (Bonabeau, 2001) proposes that ABM is a mindset and 
not merely a technology. He summarizes the benefits of ABM over 
other modeling techniques in three statements:

ABM provides a natural description of a system• 
ABM captures emergent phenomena• 
ABM is flexible. In many cases, ABM is most natural for • 
describing and simulating a system composed of behavioural 
entities.

The equations in equation based modeling can model the aggregate 
patterns of the group but they do not allow observing individual 
behavioural patterns. ABM makes the model seem closer to reality 
by keeping it tuned to observer’s perceptual ability and also 
allowing the study of aggregate properties. In ABM, one models 
and simulates the behaviour of individuals in the system and their 
interactions, capturing emergence from the bottom-up when the 
simulation is run. ABM is also flexible as it allows adding more 
agents to a model, tuning the complexity of agents and changing 
the levels of description and aggregation. 

VII. Examples of ABM
Although Abelson and Bernstein’s (Abelson & Bernstein, 
1963) model of processes of voter attitude change and the 
Pool and Abelson’s (Pool & Abelson, 1962) simulation project 
supporting John F. Kennedy’s election campaign are one of 
the earliest simulations made in an agent-based manner; it is 
Thomas Schelling’s segregation model and Epstein and Axtell’s 
Sugarscape model, that is truly regarded as the application of 
ABM to social sciences in the full sense. The Sugarscape model 
of Epstein and Axtell (Epstein & Axtell, 1996) was perhaps the 
first computational experimentation of ABM in social sciences. 
Thomas Schelling (Schelling, 1971 & 1978) developed an 
agent-based model for his study of housing segregation patterns, 

through a cellular automaton like formulation. The famous and 
recent example of agent-based model of a supply chain illustrates 
the ABMS approach; the supply chain consists of four stages: 
factories, distributors, wholesalers, and retailers who respond 
to customers’ demand. It is the conversion of Sterman’s “Beer 
Game” simulation model from its original Systems Dynamics 
Implementation (Sterman, 1989) to an agent-based simulation 
model in Netlogo. In this agent based model, various simplifying 
assumptions are made such as: there is only one commodity, no 
transformation of goods is made and no assembly of materials into 
products is required. The flows of goods and information in the 
form of orders between agents as well as physical shipments are 
included in the model, but the flows of payments and the additional 
complexities of pricing, negotiation, and financial accounting that 
this would entail are not included. 
Supply chain agents consist of the customer, retailer, wholesaler, 
distributor, and manufacturer. Each period, supply chain agents 
following four behaviors:

The customer places an order with the retailer1. 
The retailer fills the order immediately from its respective 2. 
inventory if it has enough inventories in stock
The retailer receives a shipment from the wholesaler in 3. 
response to previous orders. The retailer then decides how 
much to order from the wholesaler based on an ordering 
rule. The ordering decision is based in part on how much the 
retailer expects customer demand will be in the future. The 
retailer estimates future customer demand using a demand 
forecasting rule
Similarly, each wholesaler receives a shipment from the 4. 
distributor, forecasts future demand by the retailer, and places 
an order with the distributor. This process continues up the 
chain to the factory who decides on how much to put into 
new production.

The goal of the agents in the model is to manage their inventory in 
such a way as to minimize their costs through judicious decisions 
based on how much to order each period. When inventories are too 
low and there is a danger of running out of stock, agents order more; 
when inventories are too large and agents incur high inventory 
holding costs, agents order less. Each agent incurs a cost when 
holding stock in inventory, the inventory holding charge. Agents 
also incur a backorder charge when they receive an order and 
cannot immediately meet that order because they have no stock. 
Each agent strikes a delicate balance between having too much 
inventory, which runs up inventory holding costs, and too little 
inventory, which puts the agent at a greater risk of running out of 
stock and incurring excessive backorder charges. In this example, 
supply chain agents only have access to local information. No 
agent has a global view of the supply chain or is in a position to 
optimize the system as a whole. Agents adopt decision rules that 
only this local information in making their decisions. The results 
of the agent-based supply chain model exactly duplicate the results 
from Sterman’s original Beer Game Simulation. 

VIII. Steps Involved in ABM for Social Influence 
Systems
Designing an agent-based model of a social system requires first 
identifying the purpose of the model, i.e., the potential question to 
be answered. This is followed by a systematic analysis of the system 
under study, identifying components and component interactions 
and relevant data sources etc. In contrast to the process-based 
perspective of traditional simulation modeling, ABM takes an 
agent perspective from the very beginning and throughout the 
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modeling effort.  The typical steps to be followed while attempting 
an ABM approach can be summarized as follows:

Iidentifying the agents and their behaviour rules.1. 
Identifying agent relationships and their interaction 2. 
patterns.
Selecting an ABM platform.3. 
Obtaining the required relevant data.4. 
Validating the agent behaviour model.5. 
Running the model and recording the outputs.6. 
Analyzing the outputs with a view to linking micro-scale 7. 
behaviours of the agents to macro-level behaviour of the 
system.
Validating the model outcomes and hence the model (Macal 8. 
& North, 2005).

IX. Validating ABM for Social Influence
ABM, now an established scientific research practice, needs to 
incorporate a proper methodology of validation in order to verify 
the robustness of its findings and to truly act as a bridge between 
disciplines. Since simulation results of ABM are very sensitive to 
how agents are modeled, validation of the computational model 
& simulation results is a critical issue in ABM (Takadama, Kawai 
& Koyama, 2008). Several approaches for validation of agent-
based computational models have been proposed. Carley & Gasser 
(Carley & Gasser, 1999) categorize the validation approaches into 
three broad categories:

Theoretical verification, which determines whether the model 1. 
is an adequate conceptualization of the real world with the 
help of situation experts
External validation, which determines whether the results 2. 
from the model match the results from the real world
Cross-model validation, which compares the results of the 3. 
model with other models. All these approaches are essentially 
aimed at validating the model at the macro level. 

Gilbert (Gilbert, 2004), on the other hand, emphasized that in 
order to completely validate a model it should be validated not 
only at the macro-level but also at the micro-level. Before going 
for macro-level validation it is necessary to confirm that micro-
level behaviours of agents are an adequate representation of the 
actors in the system. Econometric validation and companion 
modeling techniques have been advocated to be suitable for 
empirical verification of social system models (Moss, 2008). 
There are, however, still some methodological problems arising 
in empirical validation of agent-based models (Windrum, Fagiolo 
& Monata, 2007), and validation continues to be one of the central 
epistemological problems of computer simulation and modeling 
methods including ABM (Kuppers & Lenhard, 2005).

X. ABM Computational Resources in Social Influence
Many rich and easy to program software platforms and toolkits 
for ABM are now readily available. Some of the popular modeling 
tools (particularly for social sciences) are: NetLogo (http://ccl.
northwestern.edu/netlogo/), Repast (http://repast.sourceforge.
net/), Swarm (http://www.swarm.org), and MASON (http://
cs.gmu.edu/~eclab/projects/mason/). NetLogo is a multi-agent 
programming language and modeling environment designed in the 
Logo programming language. It is highly suitable for modeling and 
exploring emergent phenomena. Repast is basically an agent-based 
social network modeling toolkit but has rich libraries to study the 
dynamics of social processes. Swarm is a multi-agent simulation 
package to simulate the social and biological interactions of agents 
and their emergent collective behaviour. Swarm has two versions, 

namely Objective-C and Java versions. MASON is one of the 
latest Java platforms in this group. In addition to these platforms, 
there are many other toolkits & APIs available for modeling and 
visualizing social systems.

XI. Applications of ABM in Social Influence
ABM has since then been applied to model a variety of collective 
phenomena not only in pure social sciences, but also in economics 
(Tesfatison, 2002 & 2005), anthropology (Koehler et al, 2005), 
political science (Cederman, 2002; Axelrod, 1997) and cognitive 
science. Most of the work using ABM in social sciences is 
concerned with modeling and analyzing emergence of collective 
(macroscopic) phenomena of structures and processes. Macy and 
Willer (Macy & Willer, 2002) group most of the work on agent-
based modeling in collective behaviour in social sciences into 
two categories:

Models of emergent structure which include works on cultural 1. 
differentiation, homophilous clustering, idea diffusion, 
convergent behaviours and norms.
Models of emergent social order which include viability of 2. 
trust, cooperation and collective action in the absence of 
global control.

Goldstone and Janssen (Goldstein & Janssen, 2005) also identify 
three similar themes for agent-based computational models of 
collective behaviour, namely

Qatterns and organizations which include settlement patterns & • 
segregation, human group behaviours and traffic patterns
Social contagion which include spread of ideas, fashions, • 
cultures & religions
Cooperation which include evolution of cooperation, trust & • 
reputations and social norms & conventions.

Though the ABM approach in social sciences is barely 20 years 
old, it has made rapid progress and there seems to be a long 
way to go amid a number of challenges. Davidson (Davidson, 
2002) argued that the ABM approach to social sciences lies in the 
intersection of three research areas, agent-based computing, the 
social sciences and computer simulation, and provides a unique 
potential for cross-fertilization between these areas.    

XII. Conclusion
It is observed that large number of agent based approaches have 
been reported in literature. Most of the work using ABM in social 
sciences is concerned with modeling and analyzing emergence of 
collective (macroscopic) phenomena of structures and processes. 
ABM helps researchers in investigating how large-scale macro 
effects arise from the micro-processes of interactions among many 
agents.
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