CS620 - Modelling and Simulation
Virtual University of Pakistan
Prepared by: Muhammad Ali Imran Jalali
VU ID: BC220214205
FROM Module 1 to 130

INTRODUCTION TO SIMULATION

A simulation is the imitation of the operation of a real-world process QR system.
Whether done by hand or on a computer, simulation involves the generation of an
artificial history of a system and the observation of that artificial fistory to draw
inferences concerning the operating characteristics of the real systeff

The behavior of a system as it evolves is studied by developigg\a Simulation model.
This model usually takes the form of a set of assumptions cofieerning the operation of
the system. These assumptions are expressed in mathematieal, logical, and symbolic
relationships between the entities, or objects of interest;(0f the system.

o Once developed and validated, a model can be'ysga to investigate a wide variety
of "what if"" questions about the real-werldssystem. Potential changes to the
system can first be simulated, to predict thetr impact on system performance.

o Simulation can also be used to studgssystems in the design stage before such
systems are built. Thus, simulation“ynodeling can be used both as an analysis
tool for predicting the effect of hanges to existing systems and as a design tool
to predict the performance gfirieW systems under varying sets of circumstances.

In some instances, a model can pg\dgveloped which is simple enough to be "solved" by
mathematical methods. Suchiselutions might be found by the use of differential
calculus, probability theorys=algebraic methods, or other mathematical techniques. The
solution usually consiSts of one or more numerical parameters, which are
called measures of ‘the performance of the system. However, many real-world
systems are so complex that models of these systems are virtually impossible to solve
mathematically Mf-these instances, numerical, computer-based simulation can be used
to imitate the behavior of the system over time.
From the-shmiulation, data are collected as if a real system were being observed. This
simulatien<generated data is used to estimate the measures of performance of the
system,

The availability of special-purpose simulation languages, massive computing capabilities
at a decreasing cost per operation, and advances in simulation methodologies have made
Simulation one of the most widely used and accepted tools in operations research and
systems analysis.

Circumstances under which simulation is the appropriate tool to use have been discussed
by many authors. Simulation can be used for the following purposes:

1. Simulation enables the study of, and experimentation with, the interactions of a

complex system or a subsystem within a complex system.



2. Informational, organizational, and environmental changes can be simulated, and the
effect of these alterations on the model's behavior can be observed.

3. The knowledge gained during the designing of a simulation model could be of great
value toward suggesting improvement in the system under investigation.

4. Changing simulation inputs and observing the resulting outputs can produce valuable
insight into which variables are the most important and into how variables interact.

5. Simulation can be used as a pedagogical device to reinforce analytic solution
methodologies.

6. Simulation can be used to experiment with new designs or policies before
implementation, to prepare for what might happen.

7. Simulation can be used to verify analytic solutions.

8. Simulating different capabilities for a machine can help determine the requitgmeénts
on it.

9. Simulation models designed for training make learning possible withgyt the cost and
disruption of on-the-job instruction.

10. An animation shows a system in simulated operation so that the(plan can be
visualized.

11.The modern system (factory, wafer fabrication plant, servige erganization, etc.) is so
complex that its internal interactions can be treated oplistbrough simulation.

This section is based on an article by Banks and Gibson [£997], who gave ten rules for
evaluating when a simulation is not appropriate.

Rule 1: The first rule indicates that simulation,skieuld not be used when the problem can be
solved by common sense. An example is given of an automobile tag facility serving
customers who arrive randomly at an averagetate of 10/hour and are served at a mean rate of
12/hour. To determine the minimum nuMmber of servers needed, simulation is not necessary.
Just compute 100/12 = 8.33 indicating\that nine or more servers are needed.

Rule 2: The second rule saysthatisimulation should not be used if the problem can be solved
analytically. For example, gnder certain conditions, the average waiting time in the example
above can be found frogxcurves that were developed by Hillier and Lieberman [2002].

Rule 3: The nextxtlgsays that simulation should not be used if it is easier to perform direct
experiments. Ariexample of a fast-food drive-in restaurant is given where it was less
expensive to.stage a person taking orders using a hand-held terminal and voice
communication to determine the effect of adding another order station on customer waiting
time.

Rule 4: The fourth rule says not to use simulation if the costs exceed the savings. There are
many steps in completing a simulation, as will be discussed, and these must be done
thoroughly. If a simulation study costs $20,000 and the savings might be $10,000, then a
simulation would not be appropriate.

Rule 5 & Rule 6: Rules five and six indicate that simulation should not be performed if the
resources or time are not available. If the simulation is estimated to cost $20,000 and there is
only $10,000 available, the suggestion is not to venture into a simulation study. Similarly, if a
decision is needed in two weeks and a simulation will take a month, the simulation study is
not advised.



Rule 7: Simulation takes data, sometimes lots of data. If no data is available, not even
estimates, simulation is not advised.

Rule 8: The next rule concerns the ability to verify and validate the model. If there is not
enough time or if the personnel are not available, simulation is not appropriate.

Rule 9: If managers have unreasonable expectations, if they ask for too much too soon, or if
the power of simulation is overestimated, then simulation might not be the most appropriate
tool.

Rule 10: Last, if system behavior is too complex or can't be defined, simulation is not
appropriate. Human behavior is sometimes extremely complex to model.

Simulation is intuitively appealing to a client because it mimics what.appens in a real
system or what is perceived for a system that is in the design stage. [ he output data from a
simulation should directly correspond to the outputs that could¢gbé.recorded from the real
system. Additionally, it is possible to develop a simulation” model of a system without
dubious assumptions (such as the same statistical distribu{ten for every random variable)
of mathematically solvable models. For these and othet Fedsons, simulation is frequently
the technique of choice in problem-solving.

Simulation Models vs. Optimization Models

In contrast to optimization models, simufation models are "run" rather than solved. Given
a particular set of input and model.chardcteristics, the model is run and the simulated
behavior is observed. This processdofichanging inputs and model characteristics results in
a set of scenarios that are evajuated. A good solution, either in the analysis of an existing
system or in the design of axnew.8ystem, is then recommended for implementation.

Simulation has many agyantages, but some disadvantages. These are listed by Pegden,
Shannon, and Sadowski{1995].

Some advantages of Simulation:
1. New gpolicies, operating procedures, decision rules, information flows, organizational
procedures, and so on can be explored without disrupting the ongoing operations of the real

system

2. New hardware designs, physical layouts, transportation systems, and so on can be tested
without committing resources for their acquisition.

3. Hypotheses about how or why certain phenomena occur can be tested for feasibility.

4.- Time can be compressed or expanded to allow for a speed-up or slow-down of the
phenomena under investigation.

5. Insight can be obtained about the interaction of variables.



6. Insight can be obtained about the importance of variables to the performance of the
system.

Disadvantages of Simulation

1. Model building requires special training. It is an art that is learned over time and through
experience. Furthermore, if two models are constructed by different competent individuals,
they might have similarities, but it is highly unlikely that they will be the same.

2. Simulation results can be difficult to interpret Most simulation outputs are essentialy:
random variables (they are usually based on random inputs), so it can be hard to distiguish
whether an observation is a result of system interrelationships or randomness.

3. Simulation modeling and analysis can be time-consuming and expensiveNSKimping on
resources for modeling and analysis could result in a simulation model gr aralysis that is not
sufficient for the task.

4. Simulation is used in some cases when an analytical solution is pessible, or even preferable,
as was discussed earlier. This might be particularly true in the simulation of some waiting lines
where closed-form queueing models are available.

Counteracting the disadvantages of simulation: InNdefense of simulation, these four
disadvantages, respectively, can be offset as follows:;

1. Vendors of simulation software have been actively developing packages that contain models
that need only input data for their operatian/Sueh models have the generic tag "simulator" or
"template."

2. Many simulation software vengors.have developed output-analysis capabilities within their
packages for performing very thorough analyses.

3. Simulation can be performed faster today than yesterday and will be even faster tomorrow,
because of advances inthardware that permit rapid execution of scenarios and because of
advances in manys sifhyJlation packages. For example, some simulation software contains
constructs for medehng material handling that uses such transporter as fork-lift trucks,
conveyors, and, automated guided vehicles.

4. Closedxfoem models are not able to analyze most of the complex systems that are
encountered in practice. In many years of consulting practice by two of the authors, not one
preblem was encountered that could have been solved by a closed-form solution.



The applications of simulation are vast. The Winter Simulation Conference (WSC) is an
excellent way to learn more about the latest in simulation applications a theory. There are
also numerous tutorials at both the beginning and the advanced levels. WSC is sponsored
by six technical societies and the National Institute of Standards and Technology (IST).
The technical societies are the American Statistical Association (ASA), Association for
Computing Machinery/Special Interest Group on Simulation (ACMIGSI), Institute\of
Electrical and Electronics Engineers: Computer Society (IEECS), Institute of Electrical.and
Electronics Engineers: Systems, Man, and Cybernetics Society (IEE, SMCS), Institute of
Industrial Engineers (1IE), Institute for Operations Research and the Managemep{ ' Sciences:
College on Simulation (INFORMS/CS) and The Society for Computer Simulation (SCS).
Note that IEEE is represented by two bodies. Information about the upcoming®WSC can be
obtained from www.wintersim.org. WSC programs with full papers{arg™available from
www.informs-cs.org/wscpapers.html. Some presentations, by areagftom a recent WSC a
listed next:

Manufacturing Applications

e Dynamic modeling of continuous manufacturingisystems, using analogies to electrical
systems

« Benchmarking of a stochastic production pl&nging model in a simulation testbed

« Paint line color change reduction in autgrobile assembly

e Modeling for quality and productivity.in Steel cord manufacturing

e Shared resource capacity analysis inbidtech manufacturing

« Neutral information model for sihulating machine shop operations

Semiconductor Manufacturing

« Constant time interyal,production planning with application to work-in-process control

o Accelerating productsrunder due-date oriented dispatching rules

e Design framewetk, for automated material handling systems in 300mm wafer
fabricatiogNfactories

« Making eptithal design decisions for next-generation dispensing tools

o Appliganon of cluster tool modeling in a 300mm wafer fabrication factory.

« Resident-entity based simulation of batch chamber tools in 300mm semiconductor
manufacturing

€onstruction Engineering and Project Management

o Impact of multitasking a merge bias on procurement of complex equipment

e Application of lean concepts and simulation for drainage operations maintenance crews
« Building a viral shop model for steel fabrication

o Simulation of the residential lumber supply chain
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Military Applications

o Multinational Intra-Theatre Logistics Distribution

o Examining Future Sustainability of Canadian Forces Operations

o Feasibility Study for Replacing the MK19 Automatic Grenade Launching System
e Training Joint Forces for Asymmetric Operations

e Multi-Objective Unmanned Aerial Vehicle Mission Planning

o Development of Operational Requirements Driven Federations

Logistics, Transportation, and Distribution

o Operating Policies for a Barge Transportation System

« Dispensing Plan for Emergency Medical Supplies in the Event ghBioterrorism
e Analysis of a Complex Mail Transportation Network

e Improving the Performance of Container Terminals

« Yard Crane Dispatching Based on Real-Time Data

e Unit Loading Device Inventory in Airline Operations

e Inventory Systems with Forecast Based Policy Updating

« Dock Allocation in a Food Distribution Center

o Operating Policies for a Barge TransportatighhSystem

Business Processing

A New Policy for the Service Requgst Assignment Problem
Process Execution Monitorimgiand Adjustment Schemes
In-Store Merchandising,ofRetail Stores

Sales Forecasting for Rétail Small Stores

Health Care

« Interventignd\o. Reduce Appointment Lead-Time and Patient No-Show Rate
e Supporting‘Smart Thinking to Improve Hospital Performance

Verifigaton of Lean Improvement for Emergency Room Process

Reducing Emergency Department Overcrowding

Inventory Modeling of Perishable Pharmaceuticals

Implementation of an Outpatient Procedure Center

Infectious Disease Control Policy

Balancing Operating Room and Post-Anesthesia Resources

o Cost-Effectiveness of Colorectal Cancer Screening Tests

Conclusion

Simulation can be performed faster today than yesterday and will be even faster tomorrow,
because of advances in hardware that permit the rapid execution of scenarios and because of
advances in many simulation packages.



For example, some simulation software contains constructs for modeling material handling that
uses such transporters as fork-lift trucks, conveyors, and automated guided vehicles

Closed-form models are not able to analyze most of the complex systems that are encountered
in practice.

In many years of consulting practice, not one problem was encountered that could have been
solved by a closed-form solution. We have seen such a wide variety of areas where
simulation has applications.
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To model a system, it is necessary to understand the concept of a system and the
system boundary.

SYSTEM

o Asystem is defined as a group “Qf objects that are joined together in some regular
interaction or interdependence. toward the accomplishment of some purpose. An
example is a productiorisystem

manufacturing autoamobiles. The machines, component parts, and workers operate
jointly along an @ssembly line to produce a high-quality vehicle.

SYSTEM ENVIRGNMENT

A system isseften affected by changes occurring outside the system. Such changes are said to
occur in thesystem environment [Gordon, 1978].

¢ ¥ In modeling systems, it is necessary to decide on the boundary between the system
and its environment. This decision may depend on the purpose of the study.

e In the case of the factory system, for example, the factors controlling the arrival of
orders may be considered to be outside the influence of the factory and therefore part
of the environment. However, if the effect of supply on demand is to be considered,
there will be a relationship between factory output and the arrival of orders, and this
relationship must be considered an activity of the system.

« Similarly, in the case of a bank system, there could be a limit on the maximum
interest rate that can be paid. For the study of a single bank, this would be regarded as
a constraint imposed by the environment.



e Inastudy of the effects of monetary laws on the banking industry, however, the
setting of the limit would be an activity of the system [Gordon, 1978]

e System: An organized entity made up of interrelated and interdependent parts.

o Boundaries: Barriers that define a system and distinguish it from other systems in the
environment.

o Homeostasis: The tendency of a system to be resilient towards external factors and
maintain its key characteristics.

o Adaptation: The tendency of a self-adapting system to make the internal changes
needed to protect itself and keep fulfilling its purpose.

« Reciprocal Transactions: Circular interactions that systems engage in suCh.that they
influence one another.

o Feedback Loop: The process by which systems self-correct based et reactions from
other systems in the environment.

o Throughput: Rate of energy transfer between the system and itSyenvironment during
the time it is functioning.

e Microsystem: The system closest to the client.

e Mesosystem: Relationships among the systems in anefvironment.

o Exosystem: A relationship between two systems-tRat“héas an indirect effect on a third
system.

e Macrosystem: A larger system that influences €lients, such as policies, administration
of entitlement programs, and culture.

e Chronosystem: A system composed,~of./significant life events that can affect
adaptation.

To understand and analyze a system, séveral terms need to be defined.
ENTITY: An entity is an object of waterest in the system.
ATTRIBUTE: An attributeys.d property of an entity.

ACTIVITY: An aetivitytepresents a time period of a specified length.

EXAMPLE: 4 @hank is being studied, customers might be one of the entities, the balance in
their checkipghagcounts might be an attribute, and making deposits might be an activity.

The collection of entities that compose a system for one study might only be a subset of the
overall system for another study [Law, 2007]. For example, if the aforementioned bank is being
studied to determine the number of tellers needed to provide for paying and receiving, the
system can be defined as that portion of the bank consisting of the regular tellers and the
Customers waiting in line. If the purpose of the study is expanded to determine the number of
special tellers needed (to prepare cashier’s checks, to conduct commercial transactions, etc.),
the definition of the system must be expanded.

STATE: The state of a system is defined to be the collection of variables necessary to describe
the system at any time, relative to the objectives of the study.



« Inthe study of a bank, possible state variables are the number of busy tellers, the number
of customers waiting in line or being served, and the arrival time of the next customer.

EVENT: An event is defined as an instantaneous occurrence that might change the state of the
system.

ENDOGENOUS VS. EXOGENOUS EVENTS: The term endogenous is used to describe
activities and events occurring within a system, and the term exogenous is used to describ@

activities and events in the environment that affect the system. ,b
« Inthe bank study, the arrival of a customer is an exogenous event, and the com@
of the service of a customer is an endogenous event. <b.
Table 1 lists examples of entities, attributes, activities, events, and state varial r several
systems. Only a partial listing of the system components is shown. A cq list cannot be
developed unless the purpose of the study is known. Depending on the pur , various aspects
of the system will be of interest, and then the listing of components ¢ completed.
L
Table 1 Examples of Systems and Their Components
System Entities Artributes Activities Events State Variables
Banking Customers  Checking-account  Making deposits Arrival; departure Number of busy tellers; number
balance of customers waiting
Rapid rail Riders Origin; Traveling Arrival at station; Number of riders waiting at each
destination arrival at destination station; number of riders in transit
Production Machines Speed; capacity; Welding; Breakdown Status of machines (busy, idle,
breakdown rate stamping or down)
Communications Messages  Length; Transmitting Arrival at Number waiting to be transmitted
destination destination
Inventory Warehouse  Capacity Withdrawing Demand Levels of inventory; backlogged
demands
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SYSTEM CATEGORIES: Systems can be categorized as discrete or continuous. “Fe \\
systems in practice are wholly discrete or continuous, but since one type of chan%
predominates for most systems, it will usually be possible to classify a system as being eit %
discrete or continuous” [Law, 2007]. Q

DISCRETE SYSTEM: A discrete system is one in which the state variable(s) ¢ only at
a discrete set of points in time. The bank is an example of a discrete system: Th variable,
the number of customers in the bank, changes only when a customer arrives o%e the service
provided by a customer is completed. Figure 1 shows how the numbeg tomers changes

only at discrete points in time. Q,
)

Number of customers waiting
in line or being served

Time t

Figure 1 Discrete-system state variable.

- F\w

Head of water behind the dam

Time 1

Figure 2 Continuous-system state variable.

CONTINUOUS SYSTEM: A continuous system is one in which the state variable(s) change
continuously over time. An example is the head of water behind a dam. During and for some



time after a rainstorm, water flows into the lake behind the dam. Water is drawn from the dam
for flood control and to make electricity. Evaporation also decreases the water level. Figure 2
shows how the state variable head of water behind the dam changes for this continuous system.

Why Model?

Sometimes it is of interest to study a system to understand the relationships between its
components or to predict how the system will operate under a new policy. To study the’system,
it is sometimes possible to experiment with the system itself. However, this is notalways an
option. A new system might not yet exist; it could be in a hypothetical form only‘erat a design
stage. Even if the system exists, it might be impractical to experiment with it.

BANK EXAMPLE: In the case of a bank, reducing the number of telfers to study the effect
on the length of waiting lines might infuriate the customers so greatly(that'they will move their
accounts to a competitor. Consequently, studies of systems arg~Qften accomplished with a
model of a system.

Example: Consulting job for the simulation of a redésigrned port in Western Australia

At US$300 million for a loading/unloading berth, it{is\not advisable to invest that amount only
to find that the berth is inadequate for the task.

Model: A model is defined as a representation of a system to study that system. For most
studies, it is only necessary to considek those aspects of the system that affect the problem
under investigation. These aspects*are ¥epresented in a model of the system; the model, by
definition, is a simplification of the-system.

On the other hand, the modghshould be sufficiently detailed to permit valid conclusions to be
drawn about the real system Different models of the same system could be required as the
purpose of investigatieg-changes.

Similar to the.campeonents of a system including entities, attributes, and activities, models are
developed to fepresent them. However, the model contains only those components that are
relevant tg, thé)study.

Types,of Models: Models can be classified as being mathematical or physical.
Mathematical Model: A mathematical model uses the symbolic notation and mathematical
gquations to represent a system. A simulation model is a particular type of mathematical model

of a system.

Physical model: A physical model is a larger or smaller version of an object such as the
enlargement of an atom or a scaled-down version of the solar system.

Classification of Simulation Models: Simulation models may be further classified as being
static or dynamic, deterministic or stochastic, and discrete or continuous.



Static Simulation Model: A static simulation model, sometimes called a Monte Carlo
simulation, represents a system at a particular point in time.

Dynamic Simulation Model: Dynamic simulation models represent systems as they change
over time. The simulation of a bank from 9:00 A.M. to 4:00 P.M. is an example of a dynamic
simulation.

Deterministic Simulation Models: Simulation models that contain no random variables are
classified as deterministic. Deterministic models have a known set of inputs, that will result ia
a unique set of outputs. Deterministic arrivals would occur at a dentist’s office if all patieht$
arrived at their scheduled appointment times.

Stochastic Simulation Model: A stochastic simulation model has one or mgre“srandom
variables as inputs. Random inputs lead to random outputs. Since the outputs arerardom, they
can be considered only as estimates of the true characteristics of a model. The\simulation of a
bank would usually involve random interarrival times and random setviCe_times. Thus, in a
stochastic simulation, the output measures—the average number of pegfléwaiting, the average
waiting time of a customer—must be treated as statistical estimateg of_the true characteristics
of the system.

Discrete and continuous Models: Discrete and continuguys{medels are defined analogously to
discrete and continuous systems discussed earlier. However, a discrete simulation model is not
always used to model a discrete system, nor is a contintious simulation model always used to
model a continuous system.

Tanks and pipes might be modeled discretely; even though we know that fluid flow is
continuous. In addition, simulation modgls wiay be mixed, both discrete and continuous. The
choice of whether to use a discrete or gOntinuous (or both discrete and continuous) simulation
model is a function of the characteristicsS of the system and the objective of the study. Thus, a
communication channel could+e modeled discretely if the characteristics and movement of
each message were deemed ipapoftant.

Conversely, if the flow gf messages in aggregate over the channel were of importance,
modeling the system ¥ia‘€Ontinuous simulation could be more appropriate. The models
emphasized in thise0urse are dynamic, stochastic, and discrete.
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Conversely, if the flow of messages in aggregate over the channel were of importance,
modeling the system via continuous simulation could be more appropriate. The models
emphasized in this course are dynamic, stochastic, and discrete.

Discrete-event system simulation: It is the modeling of systems in which the state variable °\
changes only at a discrete set of points in time. The simulation models are analyzed b %
numerical rather than analytical methods. %

e Analytical methods: These methods employ the deductive reasoning of math ICS
to “solve” the model. For example, differential calculus can be used to CO{ the
minimum-cost policy for some inventory models. @

e Numerical methods: These methods employ computational procedu o “solve”
mathematical models. In the case of simulation models, whi loy numerical
methods, models are “run” rather than being “solved”—that issan‘atificial history of
the system is generated from the model assumptions, and obs@ons are collected to

be analyzed and to estimate the true system performance m@ S.

is vast, so these “runs” are usually conducted with th a computer. In summary, in
discrete-event system simulation, the models of interest ar€ analyzed numerically, usually with

Real-world simulation models are rather large, and the amou ata stored and manipulated
I
the aid of a computer. ’
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STEPS IN A SIMULATION STUDY: Figure 3 shows a set of steps to guide a model
builder in a thorough and sound simulation study. The steps in a simulation study are as

follows:

1
Problem
formulation

Setting of

objectives

and overall
project plan

¥

L

Model
conceptualization

Data
collection

Model
translation

Experimental
design

Production runs
and analysis

No

11
Documentation
and reporting

12

Implementation

@ Figure 3 Steps in a simulation study.
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oblem formulation: Every study should begin with a statement of the problem. If the
ment is provided by the policymakers or those that have the problem, the analyst must

ensure that the problem being described is clearly understood. If a problem statement is being

developed by the analyst, the policymakers must understand and agree with the formulation.

Although not shown in Figure 3, there are occasions where the problem must be reformulated
as the study progresses. In many instances, policymakers and analysts are aware that there is a

problem long before the nature of the problem is known.



2. Setting of objectives and overall project plan: The objectives indicate the questions to be
answered by simulation. At this point, a determination should be made concerning whether
simulation is the appropriate methodology for the problem as formulated and the objectives as
stated.

Assuming that it is decided that simulation is appropriate, the overall project plan should
include a statement of the alternative systems to be considered and of a method for evaluating

the effectiveness of these alternatives. It should also include the plans for the study in terms o \\
the number of people involved, the cost of the study, and the number of days required ;abrb
accomplish each phase of the work, along with the results expected at the end of each stag%
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statement is provided by the policymakers or those that have the problem, the analyst must
ensure that the problem being described is clearly understood. If a problem statement is being
developed by the analyst, the policymakers must understand and agree with the formulation.

Although not shown in Figure 3, there are occasions where the problem must be reformulated
as the study progresses. In many instances, policymakers and analysts are aware that there is a
problem long before the nature of the problem is known.



2. Setting of objectives and overall project plan: The objectives indicate the questions to be
answered by simulation. At this point, a determination should be made concerning whether
simulation is the appropriate methodology for the problem as formulated and the objectives as
stated.

Assuming that it is decided that simulation is appropriate, the overall project plan should
include a statement of the alternative systems to be considered and of a method for evaluating
the effectiveness of these alternatives. It should also include the plans for the study in terms of
the number of people involved, the cost of the study, and the number of days required te.
accomplish each phase of the work, along with the results expected at the end of each stage"

STEPS IN A SIMULATION STUDY

3. Model conceptualization: The construction of a model of a system is probably as much art
as science. Pritsker [1998] provides a lengthy discussion of this step.)*Although it is not
possible to provide a set of instructions that will lead to building su€cessful and appropriate
models in every instance, there are some general guidelines thdt’ean be followed” [Morris,
1967]. The art of modeling is enhanced by an ability to abstract the essential features of a
problem, to select and modify basic assumptions that ehdraeterize the system, and then to
enrich and elaborate the model until useful approximation_results. Thus, it is best to start with
a simple model and build toward greater complexity, However, the model complexity need not
exceed that required to accomplish the purposes farwhich the model is intended. Violation of
this principle will only add to model-building, apd/computer expenses. It is not necessary to
have a one-to-one mapping between the moedeMand the real system. Only the essence of the
real system is needed.

Involving the Model User in Conceptualization: It is advisable to involve the model user in
model conceptualization. Involwing the model user will both enhance the quality of the
resulting model and increase the.gonfidence of the model user in the application of the model.

STEPS IN A SIMULAAION STUDY

3. Model conceptualization: The construction of a model of a system is probably as much art
as science. PtitSker®[1998] provides a lengthy discussion of this step. “Although it is not
possible to preyide a set of instructions that will lead to building successful and appropriate
models_in\evety instance, there are some general guidelines that can be followed” [Morris,
1967]. e art of modeling is enhanced by an ability to abstract the essential features of a
preblem, to select and modify basic assumptions that characterize the system, and then to
elkich and elaborate the model until useful approximation results. Thus, it is best to start with
asimple model and build toward greater complexity. However, the model complexity need not
exceed that required to accomplish the purposes for which the model is intended. Violation of
this principle will only add to model-building and computer expenses. It is not necessary to
have a one-to-one mapping between the model and the real system. Only the essence of the
real system is needed.

Involving the Model User in Conceptualization: It is advisable to involve the model user in
model conceptualization. Involving the model user will both enhance the quality of the
resulting model and increase the confidence of the model user in the application of the model.



6. Verified? Verification pertains to the computer program that has been prepared for the
simulation model. Is the computer program performing properly? With complex models, it is
difficult, if not impossible; to translate a model successfully in its entirety without a good deal
of debugging; if the input parameters and logical structure of the model are correctly:
represented in the computer, verification has been completed. For the most part, common sensg
is used in completing this step.

7. Validated? Validation usually is achieved through the calibration of the madef;\an
iterative process of comparing the model against actual system behavior and ysing+the
discrepancies between the two, and the insights gained, to improve the modéhT his process is
repeated until model accuracy is judged acceptable. In the previously mentiened example of a
bank, data were collected concerning the length of the waiting lines yader*current conditions.
Does the simulation model replicate this system measure? This is ohe'means of validation.

8. Experimental design: The alternatives that are to be simutated must be determined. Often,
the decision concerning which alternatives to simulate withbe afunction of runs that have been
completed and analyzed. For each system design that is sknulated, decisions need to be made
concerning the length of the initialization period, thelength of simulation runs, and the number
of replications to be made of each run. (Sanchez f20Q7] discusses this topic extensively.)

9. Production runs and analysis: Productiomytins and their subsequent analysis, are used to
estimate measures of performance for the System designs that are being simulated. (Software
to aid in this step, include AutoStat (imAutoMod), OptQuest (in several pieces of simulation
software), and SimRunner (in ProfModel).

10. More runs? Given the agalysis of runs that have been completed, the analyst determines
whether additional runs aré pgeded and what design those additional experiments should
follow.

11. Documentatiogsand reporting: There are two types of documentation: program and
progress.

Program\dgcumentation: It is necessary for numerous reasons. If the program is going to be
used agawT by the same or different analysts, it could be necessary to understand how the
program operates. This will create confidence in the program, so that model users and
potieymakers can make decisions based on the analysis. Also, if the program is to be modified
Py the same or a different analyst, this step can be greatly facilitated by adequate
documentation. One experience with an inadequately documented program is usually enough
to convince an analyst of the necessity of this important step. Another reason for documenting
a program is so that model users can change parameters at will to learn the relationships
between input parameters and output measures of performance or to discover the input
parameters that “optimize” some output measure of performance.

Musselman [1998] discusses progress reports that provide the important, written history of a
simulation project.



Logs and Reports: Project reports give a chronology of work done and decisions made. This
can prove to be of great value in keeping the project on course.

Musselman suggests frequent reports (monthly, at least) so that even those not involved in.the
day-to-day operation can be kept abreast. The awareness of these others can often enhance the
successful completion of the project by surfacing misunderstandings early when the preblem
can be solved easily. Musselman also suggests maintaining a project log to {rovide a
comprehensive record of accomplishments, change requests, key decisions, and gther items of
importance.

On the reporting side, Musselman suggests frequent deliverables. Theséxmay-or may not be the
results of major accomplishments. His maxim is that “it is better\t0 work with many
intermediate milestones than with one absolute deadline.” Possibilities’before the final report
include a model specification, prototype demonstrations, sanimations, training results,
intermediate analyses, program documentation, progress ¢reperts, and presentations. He
suggests that these deliverables should be timed judiciogsiy\oVer the life of the project.

The results of all the analyses should be reported clgarly and concisely in a final report. This
will allow the model users (now the decision-makers) to review the final formulation, the
alternative systems that were addressed, the csitesia by which the alternatives were compared,
the results of the experiments, and the recomimended solution(s) to the problem. Furthermore,
if decisions have to be justified at a higherfevel, the final report should provide a vehicle of
certification for the model user/decisigh-maker and add to the credibility of the model and the
model-building process.

12. Implementation: The sgecess of the implementation phase depends on how well the
previous eleven steps havéseen performed. It is also contingent upon how thoroughly the
analyst has involved the(bltimate model user during the entire simulation process. If the model
user has been involved ‘during the entire model-building process and if the model user
understands the nature*of the model and its outputs, the likelihood of a vigorous implementation
is enhanced [Pritsker, 1995].

Convegsel,if the model and its underlying assumptions have not been properly
communticated, implementation will probably suffer, regardless of the simulation model’s
vahidity.

Stmulation-model building process in Phases: The simulation-model building process
shown in Figure 3 can be broken down into four phases.

Phase 1: The first phase, consisting of steps 1 (Problem formulation) and 2 (Setting of
objective and overall design), is a period of discovery or orientation. The initial statement of
the problem is usually quite “fuzzy,” the initial objectives will usually have to be reset, and the
original project plan will usually have to be fine-tuned. These recalibrations and clarifications
could occur in this phase or perhaps will occur after or during another phase (i.e., the analyst
might have to restart the process).



Phase 2: The second phase is related to model building and data collection and includes steps
3 (Model conceptualization), 4 (Data collection), 5 (Model translation), 6 (Verification), and 7
(\Validation). A continuing interplay is required among the steps. Exclusion of the model user
during this phase can

have dire implications at the time of implementation.

Phase 3: The third phase concerns the running of the model. It involves steps 8 (Experimental
design), 9 (Production runs and analysis), and 10 (More runs). This phase must have a
comprehensively conceived plan for experimenting with the simulation model. A discrete*
event stochastic simulation is, in fact, a statistical experiment. The output variabléS\are
estimates that contain random error, and therefore a proper statistical analysis is requiredySuch
a philosophy is in contrast to that of the analyst who makes a single run and draws.@minference
from that single data point.

Phase 4: The fourth phase, implementation, involves steps 11 (Documentation and reporting)
and 12 (Implementation). Successful implementation depends on the cantinual involvement
of the model user and the successful completion of every step in the pocess. Perhaps the

most crucial point in the entire process is Step 7 (Validation) because an invalid model is
going to lead to erroneous results, which, if implemented, could\De dangerous, costly, or both

Simulation Case Studies
e Inthis module, we shall see an overvigw-of various case studies
Variety of Examples
« We shall be taking a look at.a couple of examples.
e The variety will incluge\aands-on as well as spreadsheet examples.
« Key objective: Takex@VMook at Discrete Event Simulation and also descriptive statistics
for the predictiopof ‘'system performance

General Steps

o Evepysimulation that we observe will be based on 3 key steps
o _THejdea is to examine the examples using a methodological approach

First Step
o Determine the characteristics of each of the inputs to the simulation.
« Quite often, these are modeled as probability distributions, either continuous or
discrete.

Second Step

e Construct a simulation table.
« Each simulation table is different, for each is developed for the problem at hand.



Example: Simulation Table

An example of a simulation table is shown in Table.
In this example, there are p inputs, xij,j=1, 2, ..., p,
One response yi for each of repetitions (or, trials)
i=1,2,...,n.

Initialize the table by filling in the data for repetition 1

Table ,&

/ Inputs Q
Respcb K’b

Repetitions X, x

: 1

N y

’

o For each repetition, i, generate a value f\@% of the p inputs and evaluate the
function X0

e Calculate a value of the response rb

e The input values may be comp sampling values from the distributions chosen
instep 1 .

e Aresponse typically d &d}\)n the inputs and one or more previous responses.

e Also, if the program is %e modified by the same or a different analyst, this step can
be greatly facilitat(me equate documentation.

e One experience wi inadequately documented program is usually enough to
convince an a@ of the necessity of this important step.

N

Overview of es

el

. tory
« ,Reliability
Q Network analysis.
The two queuing examples provide

(_§0 o single-server
( | o two-server system
First Example Overview

e The first of the inventory examples involves a problem that has a closed-form
solution;



What it means is that the simulation solution can be compared to the mathematical

solution.

Second Inventory Example

The second inventory example pertains to the classic order-level model.

More examples .\\
%’b

o Next, there is an example that introduces the concept of random normal numbers
e Also, there is a model for the simulation of lead-time demand. er

The examples conclude with the analysis of a network. ,&
Summary \®

In this module, we have examined how simulation examples gi & clear picture of
how to do simulations g
We also took a look at the type of examples that we shall b@mining in our next

module o)
&

Basics of Spreadsheet Simulation Q,

- - A - -
e Inthis module, we shall see an overvi preadsheet simulation
e We shall also take a look at simulati domness

N\

How to Simulate Randomness ®

e Almost every simulatio v%}ncounter needs at least one random variable
e E.g. Coin Toss (Head ail)

’
(d%o%her Example: Queue
Qc;) e Arrival and departure rate



Taking a Step Back: What is Random?

In the real world, the number of f@nvolved in any event is so numerous that it
can be very difficult to predict vents.
In a computer, this can be é@d to generate.

Hence the concept of “181 randomness”

General Steps ,bQ

Generate a m@@etween 0 and 1 — referred to as the “random number”
table” i

“Rando is any randomly generated quantity with a specified statistical

distributi

A mét of generating a sequence of random numbers is called a Random Number
or (RNG)

ortant Statistical Properties

N
S

The number should be uniformly distributed between 0 and 1
Subsequent numbers should be statistically independent of all previous numbers

VBA in MS Excel

We use the RAND formula = RAND()

More complex formulas can be used e.g. IF(RAND() <= 0.5, 0.1)
Here IF checks the first condition and if true, returns the second one
Another option is RANDBETWEEN()



Qc;,(q

Rnd01

Discrete Uniform(min, max)

DiscreteEmp(rCumProb, rValues)

Uniform(low, high)

NORMSINV/(Rnd01())

For manual simulation, we can use coin toss or dice (Impractical for anything large,
however)

Summary %

e In this module, we have examined the basics of simulation in a spreadsheet Q\

&

How can we simulate a coin toss in a spreadsheet model? The solution S)’@)W to use a

uniform random number generator in a spreadsheet simulation. E
Example 1: Coin Tossing \QJ
We want to simulate a sequence of 10 coin tosses. The coingsat‘fair” coin meaning that the

chance of getting ahead is the same as getting a tail. Eac %1 robability of 0.5 of occurring.
You should run the simulation multiple times and compare the results with your expectations
from real-life coin tossing. This is an example of a &rﬂe Carlo simulation; no events or clock
times are being tracked. 0

X
(Z?ﬁ fact, consists of four solutions, the first two
using the RAND() random number ge r, and the last two using the supplied VBA function
Rnd01(). It is left as an exercise t isé a justification for the statistical equivalence of the 4
solutions, even though on any ¢hick of the button ‘Generate New Trial’, the 4 sets of results are

different.
Q

The spreadsheet logic fet,coth tossing is simple. The second solution (Column E) is:

oy
:IF(RAND()<:0®. T
&

while the fo@olution (Column I) is:

=IF(Rn )<=0.5,"H","T")
4

The spreadsheet solution, shown in Ta

(ﬁ%call to RAND() or Rnd01() produces a new random number. The ‘One Trial” worksheet
rds the frequency for heads versus tails in the 10 tosses and graphs the results in a
istogram.

>



Table 1 Simulation Table for Coin Tossing

B C [ D E F G | H |
11 Solution #1A Solution #1B] Solution #2A Solution #2B
12 Solution Solution Solution | Solution
13 using RN using using RN using
14| Toss| RAND() | fromColC RAND() Toss | Rnd01() |fromColG| Rnd01()
15] 1 10.7317089 T T 1 0.9871114 T T
16| 2 [0.8285837 T T 2 0.0225598 H H
17] 3 [0.0701168 H T 3 0.0008356 H T
18| 4 ]0.2147295 H H 4 0.2127686 H T
19] 5 [0.8613179 T H 5 0.8586159 T H
20] 6 ]0.4159098 H H 6 0.5503362 T T
21 7 |0.7492317 T H 7 0.5243730 T H
22| 8 |0.9671661 T T 8 0.8884351 T H
23] 9 0.4823089 H T 9 0.2111118 H T
24| 10 |0.6738897 T H 10 |0.7680427 T H

-

The first and third solutions are two steps, an approach that is usef %en a generated
random number is used more than once. Columns C and G con generated random
number, and columns D and H the result (“H” or “T”).

How to Simulate a Random Service Time

The following example shows how to generate rand m’SampIes from an arbitrary discrete
distribution. 6

The example is simple, having just 3 p035|bl of service time. The key principle,
namely, the transformation from a rando m@ r to a service time of a prescribed
probability, easily generalizes to any dls%o. stribution with a finite number of possible

values.
c.a\

n service spends either 3, 6, or 10 minutes with each
r each service length is 30%, 45%, and 25%, respectively.
vice times in a spreadsheet. Our actual purpose is to learn how

Example 2: Random Service
An automated telephone info
caller. The proportion of ¢
We want to simulate th

to generate randonmss

from a discrete d ion, in preparation for the queuing, inventory, and other examples to
follow. Q

This also is@ample of a Monte Carlo simulation.

Table ws the input specification and a portion of the simulation table (the first 4 callers),

t@ from the spreadsheet model.
A\
&



Table 2 Input Specification and Simulation Table for Service Times

A B C D
: Service Probability Cumulative
5 Time Probability
7 3 0.30 0.30
8 6 0.45 0.75
9 10 0.25 1.00
10
11 Number of Callers= 25
12 Simulation Table
13 Step Activity
14
15 Caller Service Time
16 1 6
17 2 6
18 3 10
19 4 6

The input specification defines the probabijties for the service times, and also includes the
cumulative probabilities. Cumulative prbabilities always increase to 1.0; as we shall see, the
generation method uses the cumulative

probabilities. The method alwagS\starts with a random number and ends with the desired
value, in this case, a random'service time with the specified distribution. The simulation table
in the spreadsheet shows théresulting frequency distribution (or histogram) of the generated
service times for 25 callets;



How to Simulate a Random Arrival Time

In this section, our goal is to learn how to generate random interarrival times (times between
successive arrivals) and compute arrival times of customers or other entities to a system. The
interarrival times, as well as the service times in Example 2, are examples of simulation-
generated time durations,
called activity times or activities. These are distinguished from arrival times, which are times
on a simulation clock representing the time of arrival to a facility.

A simulation clock is a key component of every dynamic discrete-event simulation. In allgf
the Excel spreadsheet solutions, the clock times are labeled just above the appropriate cglumn
titles of the simulation table, so that you can easily distinguish between the activityytimes
(service or
interarrival times, for example) and the computed clock times. In all casesya.clock time
represents the time of occurrence of an event, such as arrival, a service begirging, or a service
completion in a queueing model.

Example 3: Random Arrival Times

Telephone calls to the telephone information service, wherg\service times are defined in
Example 2, occur at random times defined by a discrete distribation for which the interarrival
times have values 1, 2, 3, or 4 minutes, all with equal prolability. Our purpose here is to show
how to generate both
interarrival times and arrival times.

Since this example has one event, namely, thesarrval event, it is our first example of a dynamic,
event-based model (despite its simplicity):

Dynamic simply means time-based Wwith system state changing over time; dynamic, event-
based means that thes model tracks the progression of the event
occurrences over time.

The interarrival times cafR be-generated randomly in the same manner as done in Example 2 for
service times. The spieadsheets, however, supply a second VBA function to simplify random
generation from adigerete uniform distribution. Uniform means that all the values have equal
probabilities; 0 (this example, all the interarrival times may have one of the values 1, 2, 3, or
4 minutes, eaghoccurring with a probability of 0.25. For such discrete uniform distributions,
the spreadsheéts supply the VBA function, DiscreteUniform(), which takes two arguments:
either thé~eell containing the minimum value followed by the cell containing the maximum
value of the desired range of integers, or the actual low and high values, as in:

=\PiscreteUniform($G$5,$G$6)
or
= DiscreteUniform(1,4)

The DiscreteUniform(low, high) function is implemented by a single line of VBA code, as
follows:

DiscreteUniform = low + Int((high — low + 1)*Rnd())

which becomes, for this example:

DiscreteUniform =1 + Int(4 * Rnd())



where Rnd() generates a random number between 0 and 1 (in VBA, it is always less than one
but may equal zero), and Int() is a VBA function that truncates (rounds down) its argument.
(Note that 4 * Rnd() generates real values between 0.0 and 3.99999, so truncating and then
adding 1 yield the desired range 1 to 4. Why do we expect equal probabilities?)

Table 3 Input Specification and Simulation Table for Arrival Times.

A B C D

4 Interarrival Times

5 (minutes)

6 Minimum 1

7 Maximum 4

8

9 Number of Callers= 25

10 Simulation Table

11 Step Activity Clock

12 Interarrival

13 Caller Time Arrival Time

14 1 0

15 2 2 2

16 3 1 3

17 4 3 6

Table 3 shows the input specification.for interarrival times and a portion of the simulation table,
taken from the spreadsheet mogdel ir*‘Example2.3 ArrivalTimes.xIs”. As shown in Step 1 (row
14),

we assume that the first arfizal occurs at simulation time 0. (The assumed arrival time for the
first customer is model4dependent; it could be any other specified time, constant or random.)
The interarrival tinjes‘are randomly and independently generated using the DiscreteUniform(1,
4)function. The axgival times are computed by a simple formula, by adding the current
customer’s ingetderival time to the previous customer’s arrival time. (You should verify the
spreadsheet(formula for arrival times.)

Examplen3 is the first that contains an event, namely, the arrival event, and the event time
associated with that event, namely, the CLOCK time for the time of arrival. Note that Table 3
distinguishes the activity times from the CLOCK times.



The simulation table provides the structure, and the steps outlined below provide a set of
general guidelines for carrying out a spreadsheet simulation. We have seen several examples
of a simulation table, with Table 3 in Example 3 being the best so far—since it contains a clock
time for the arrival
the event, making it one of the simplest possible dynamic, event-based simulations.

First, the model developer must define the model inputs, the system states, and the model
outputs.

Inputs: Inputs are the exogenous variables that are (usually) defined independently of(othéer
system characteristics; examples include the probability of a head-on a coin toss, the Service
time, and the inter-arrival time distributions in a queuing system, or the demand distribution in
an inventory model. These input specifications are used to generate random activity*times and
other random variables. Other inputs, such as policy or decision parameters, «jay be constants.

Outputs: Outputs are used to compute measures of system performance (also known
as model responses, or simple responses).

For example, an output could be an individual customer’s waiting time in
a queue, or the cost of an individual transaction in an invenfofy/system.

Associated Responses: The associated responses might be average waiting time in a queue
or the average cost per unit time in an inventory sysStem,
respectively.

Simulation Table Design: Each simulatigmabte is custom designed for the problem at hand.
Each column in the table is one of the fo0NoWing types:

1. An activity time associated withrasmedel input;

2. Any other random variable defined by a model input;

3. A system state;

4. An event, or the clock tipg'er'an event;

5. A model output;

6. Sometimes, a model“xesponse.

For the spreadshéetsinulations here, the above-listed items are sufficient.

Model Respanses: In general, model responses, also known as measures of system
performance,/ are computed outside the simulation table after the simulation has been
completeds For example, in a waiting line model, the delay in a queue of each customer is
amodel output, while the average delay overall customers is a model response. The model
eutput is tracked in the simulation table; the response is computed afterward.

Activity Time: An activity time is a time defined by a constant or a statistical distribution,
such as a service time, or an interarrival time. An activity is a duration of time, in contrast to
event times, which are clock times.
System States: System states include, for example, server status (busy or idle) in a queueing
model and inventory levels in an inventory model. In general, the set of system states includes
any information needed for the simulation to proceed through time (or from one step to the
next), as well as any quantity of information that makes the simulation logic simpler or more
transparent and thus easier to understand. The greatest simplicity possible, as long as the model




logic is correct, assists in ease in understanding that can be of tremendous value, especially
when trying to verify that a model’s logic is indeed correct.

Table 4 A Generic Simulation Table

Activities and System States
Outputs

Step  xit X - X o Xp yi

é N\
| ’OQ

with the occurrence of one or more events, or the progress of one (such as a customer)
through the system. The simulation table is designed so that a step depends solely on
model inputs and/or one or more previous steps or previoule puted values in the current

step. Q\

In general, a modeler develops and runs a spreads@r manual simulation by following these
®

guidelines: \\'
This module develops a common(r:a ork for the modeling of complex systems by using
S

discrete event simulation. It cog e basic building blocks of all discrete-event simulation
models: entities and attributeQ tvities, and events.

Each row in the simulation table represents a step in the simulation §r%s usually associated

Discrete-Event Simulati %in discrete-event simulation:

System: A syste \\&deled in terms of its state at each point in time; of the entities that
pass through em and;

Entities: ntities that represent system resources; and of the activities and events that
cause t stem state to change.

’
ﬂb%ete-event models are appropriate for those systems for which changes in system state

Q‘p(d

ur only at discrete points in time.



Concepts In Discrete-event Simulation

Here we are exclusively dealing with dynamic, stochastic systems (i.e., involving time and
containing random elements) that change discretely. This module expands on these concepts
and proposes a framework for the development of a discrete-event model of a system. The
major concepts are briefly defined and then illustrated by examples:

System A collection of entities (e.g., people and machines) that interact together over time t ,§\
accomplish one or more goals. \

Model An abstract representation of a system, usually containing structural, Iogi@%}r
mathematical relationships that describe a system in terms of state, entities and their @ tes,

sets, processes, events, activities, and delays. &

System state A collection of variables that contain all the information ne es&ry to describe
the system at any time. 6

Entity Any object or component in the system that requires explicit{ﬁﬂsentation in the model
(e.g., a server, a customer, a machine).

Attributes The properties of a given entity (e.g., the prigsi xgg/aiting customer, the routing
of a job through a job shop). (Q

4
List A collection of (permanently or temporarily@ciated entities, ordered in some logical

[ ]

fashion (such as all customers currently in a v% line, ordered by “first come, first served,”

or by priority). \rb

Event An instantaneous occurrence t %nges the state of a system (such as an arrival of a

new customer). C-)\

Event notice A record of an & to occur at the current or some future time, along with any
associated data necessarytb cute the event; at a minimum, the record includes the event
type and the event time

Event list A list \& notices for future events, ordered by time of occurrence; also known

as the future t (FEL).
&
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Concepts In Discrete-event Simulation

Activity A duration of time of specified length (e.g., a service time or interarrival time), which
is known when it begins (although it may be defined in terms of a statistical distribution).

Delay A duration of time of unspecified indefinite length, which is not known until it ends
(e.g., a customer’s delay in a last-in-first-out waiting line which, when it begins, depends on

future arrivals). \rs\\

Clock A variable representing simulated time, called CLOCK in the examples to follow. \'b

Different simulation packages use different terminology for the same or similar conc@gfor
example, lists are sometimes called sets, queues, or chains. &

Sets or lists: Sets or lists are used to hold both entities and event notices *

Entities on a List: The entities on a list are always ordered by some r uch as first-in-first-
out or last-in-first-out, or are ranked by some entity attribute, such § iority or due date.

Event List: The future event list is always ranked by the % time recorded in the event

notice.

Activity: An activity typically represents a service_tifme, an interarrival time, or any other
processing time whose duration has been charqct@ and defined by the modeler.

N\
Duration of an Activity: An activity’s dL@may be specified in several ways:
a. Deterministic—for example, alwa tly 5 minutes;
b. Statistical—for example, as a r draw from the set {2, 5, 7} with equal probabilities;
c. A function depending on sy& riables and/or entity attributes—for example, loading

time for an iron ore ship as Q on of the ship’s allowed cargo weight and the loading rate
in tons per hour.

the instant it beg uration is not affected by the occurrence of other events (unless, as

is allowed by imulation packages, the model contains logic to cancel or postpone an
activit& S).

8
<

However, it is ch rac.an, the duration of an activity is computable from its specification at



Keeping Track of Activities: To keep track of activities and their expected completion time,
at the simulated instant that an activity duration begins, an event notice is created having an
event time equal to the activity’s completion time.

Example: For example, if the current simulated time is CLOCK = 100 minutes and an
inspection time of exactly 5 minutes is just beginning, then an event notice is created that
specifies the type of event (an end-of-inspection event), and the event time (100 + 5 = 105
minutes).

Delays: In contrast to an activity, a delay’s duration is not specified by the modeler ahead“ef
time, but rather is determined by system conditions. Quite often, a delay’s duration is medsured
and is one of the desired outputs of a model run. Typically, a delay ends when sqme“set of
logical conditions becomes true or one or more other events occur. For example, a(tystomer’s
delay in a waiting line may be dependent on the number and duration of sékvice of other
customers ahead in line as well as the availability of servers and equipment.

Delay or Conditional Wait: A delay is sometimes called a conditignal wait, an activity
an unconditional wait.

Primary Event: The completion of an activity is an event, often)called a primary event, that
is managed by placing an event notice on the FEL.

In contrast, delays are managed by placing the associatéd entity on another list, perhaps
representing a waiting line, until when the system.cenditions permit the processing of the
entity.

Secondary Event: The completion of a delay-is sometimes called a conditional or secondary
event, but such events are not represented by event notices, nor do they appear on the FEL.

Dynamic Nature of the System:

The systems considered here. are dynamic, that is, changing over time. Therefore, system
state, entity attributes@nd™~the number of active entities, the contents of sets, and
the activities and delays.elrrently in progress are all functions of time and are constantly
changing over timg\JNme itself is represented by a variable called CLOCK.

Example: Cal_Eenter, Revisited

Considexthe Able—Baker call center system of Example from the Simulation Examples in a
Spreadsheet chapter. A discrete-event model has the following components:
Systém state

LQ(t), the number of callers waiting to be served at time t;

LA(t), 0 or 1 to indicate Able as being idle or busy at time t;

LB(t), 0 or 1 to indicate Baker as being idle or busy at time t.

Entities Neither the callers nor the servers need to be explicitly represented, except in terms
of the state variables, unless certain caller averages are desired (compare Examples 4 and 5).
Events

Arrival event;



Service completion by Able;
Service completion by Baker.

Example: Call Center, Revisited (Continued...)

Activities
Interarrival time, defined in Table from the Simulation Examples in a Spreadsheet chapter; %
Service time by Able, defined in Table from the Simulation Examples in a Spreadsheet \

chapter; Q
Service time by Baker, defined in Table from the Simulation Examples in a Spreads(@
chapter. &
Delay \

A caller waits in the queue until Able or Baker becomes free *

The definition of the model components provides a static description model. In

addition, a description of the dynamic relationships and interaction& een the components

is also needed. ’b
QN

Some questions that need answers include: \

1. How does each event affect system state, entity q&ib‘mes, and set contents?

K J

2. How are activities defined (i.e., determinis babilistic, or some other mathematical
equation)? What event marks the beginni d of each activity? Can the activity begin
regardless of the system state, or is its begi g conditioned on the system being in a certain
state? (For example, a machining “gc@ cannot begin unless the machine is idle, not
broken, and not in maintenance.) c_)\

3. Which events trigger the t@ing (and end) of each type of delay? Under what conditions
does a delay begin or end?rb

4. What is the syster %t time 0? What events should be generated at time 0 to “prime”
the model—that et the simulation started?

Discrete E\@imulaﬂon

A discr vent simulation is the modeling over time of a system all of whose state changes
oeeur“at discrete points in time—those points when an event occurs. A discrete-event
a@aﬂon (hereafter called asimulation) proceeds by producing a sequence of system
(d pshots (or system images) that represent the evolution of the system through time.

&



The Event Scheduling/Time Advance Algorithm

The mechanism for advancing simulation time and guaranteeing that all events occur in correct
chronological order is based on the future event list (FEL). This list contains all event notices
for events that have been scheduled to occur at a future time. Scheduling a future event means
that, at the instant an activity begins, its duration is computed or drawn as a sample from a
statistical distribution; and that the end-activity event, together with its event time, is placed on
the future event list. In the real world, most future events are not scheduled but merely
happen—such as random breakdowns or random arrivals. In the model, such random events
are represented by the end of some activity, which in turn is represented by a statistical
distribution.

At any given timet, the FEL contains all previously scheduled future eventS\and their

associated event times (called ty, to, . . . in Figure 1). The FEL is ordered by eventtime, meaning
that the events are arranged chronologically—that is, the event times satisfy

I<h=h=0B=--=1In

Cumulative
Entities Future statistics
System and event and
CLOCK state attributes | Set1 | Set 2| ... list (FEL) counters

t vz ...) (3, t1)— Type 3 event to
occur at time #
(1, t2)— Type 1 event to
occur at time >

Figure 1 Prototype system snapshot at simulation time z.

Time t is the value of €OCK, the current value of simulated time. The event associated with
time t1 is called the\mgminent event; that is, it is the next event that will occur. After the system
snapshot at simulation time CLOCK =thas been updated, the CLOCK is advanced to
simulation tinfe\CLOCK = t3, the imminent event notice is removed from the FEL, and the
event is executed.
Executign\of the imminent event means that a new system snapshot for time t1 is created, one
based onthe old snapshot at time t and the nature of the imminent event. At time t1, new future
events may or might not be generated, but if any are, they are scheduled by creating event
notiCes and putting them into their proper position on the FEL. After the new system snapshot
for time
t1 has been updated, the clock is advanced to the time of the new imminent event and that event
is executed. This process repeats until the simulation is over.



The sequence of actions that a simulator (or simulation language) must perform to advance the
clock and build a new system snapshot § called
the event-scheduling/time-advance algorithm, whose steps are listed in Figure 2 (and
explained thereafter).

Old system snapshot at time ¢

[ ]
System \\
CLOCK state e Future event list e \rb

t (5,1,6) (3, 11)— Type 3 event to occur at time 1,
(1, t2)— Type 1 event to occur at time £,

(1, 13)— Type 1 event to occur at time 73 Q

(2, t,)— Type 2 event to occur at time #, *

Event-scheduling/time-advance algorithm t

Step 1. Remove the event notice for the imminent event
(event 3, time #;) from FEL.

Step 2. Advance CLOCK to imminent event time _\
(i.e., advance CLOCK from ¢ to ;).

Step 3. Execute imminent event: update system state,
change entity attributes, and set membership as needed.

Step 4. Generate future events (if necessary) and
place their event notices on FEL, ranked by event time.
(Example: Event 4 to occur at time t*, where 12 < t* < 13.)

Step 5. Update cumulative statistics and counters.

New system snapshot at time 7,

System
CLOCK state e Future event list
f1 (51,5 (1, t2)— Type 1 event to occur at time #;

(4, r*)— Type 4 event to occur at time *
(1, t3)— Type 1 event to occur at time #3

(2, tn)— Type 2 event to occur at time 1,

Figure 2 Advancing simulation time and updating system image.
N4

: The length and contents of the FEL are constantly changing as the simulation

nd thus its efficient management in a simulation software package will have a

ngzim act on the model’s computer runtime. The management of a list is called list
ssing.

C_)(Qancellation Of An Event: The major list processing operations performed on an FEL are

removal of the imminent event, the addition of a new event to the list, and occasionally the
removal of some event (called cancellation of an event). As the imminent event is usually at
the top of the list, its removal is as efficient as possible.

The addition of a new event (and cancellation of an old event) requires a search of the list. The
efficiency of this search depends on the logical organization of the list and on how the search
is conducted. In addition to the FEL, all the sets in a model are maintained in some logical



order, and the operations of addition and removal of entities from the set also require efficient
list-processing techniques.

The removal and addition of events from the FEL are illustrated in Figure 2. Event 3 with event
time t1 represents, say, a service completion event at server 3. Since it is the imminent event at
time t, it is removed from the FEL in Step 1 (Figure 2) of the event-scheduling/time-advanc@

algorithm. \’b

When event 4 (say, an arrival event) with event time tx is generated at step 4, one poifbg/ay
to determine its correct position on the FEL is to conduct a top-down search: ®

If t* <1y, place event 4 at the top of the FEL. \&
Ift, < t*<ts, place event 4 second on the list. 5

If 15 < t*<t4, place event 4 third on the list. “/

Ifz, < r*, place event 4 last on the list.

Q

The least efficient way to maintain the FEL i e it as an unordered list (additions placed
arbitrarily at the top or bottom), which w u%ﬂre at Step 1 of Figure 2 a complete search
of the list for the imminent event before e ock advance. (The imminent event is the event
on the FEL with the lowest event time

ng\
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Exogenous Events: The system snapshot at time 0 is defined by the initial conditions and the
generation of the so-called exogenous events. The specified initial conditions define the

system state at time 0. For example, in Figure 2, if t = 0, then the state (5, 1, 6) might

represent the initial number of customers at three different points in the system. An

exogenous event is a happening “outside the system” that impinges on the system. An

important example is an arrival to a queueing system. At time 0, the first arrival event is

generated and is scheduled on the FEL (meaning that its event notice is placed on the FEL).

The interarrival time is an example of an activity. When the clock eventually is advanced to \\
the time of this first arrival, a second arrival event is generated. First, an interarrival time, ¢ ubrb
it ax, is generated,; it is added to the current time, CLOCK = t; the resulting (future) event

time, t +a* = tx, is used to position the new arrival event notice on the FEL. This meth

generating an external arrival stream is called bootstrapping; it provides one examp ¢$‘

future events are generated in Step 4 of the event-scheduling/time-advance algo @1
Bootstrapping is illustrated in Figure 3

At simulated time ¢, assumed to be the instant
of the nth arrival, generate interarrival
time a*, compute t* =t + a*, and schedule
future arrival on FEL to
occur at future time ¢*

Arrival 1 2 3 n n+1 ... Arrival
| | | |
Time 0 37 41 7.4 CLOCK =1 . t* ... Time
L ] a

Between successive arrival events, other

types of events may occur, causing
system state to change

Figure 3 Generation of an external arrival stream by bootstrapping.
\\
A second example of how futu%vents are generated (Step 4 of Figure 2) is provided by a
service completion event i eueing simulation. When one customer completes service, at
current time CLOCK = ?be next customer is present, then a new service time, sx, will be

generated for the nex mer. The next service completion event will be scheduled to
occur at future ti 't( t + s, by placing onto the FEL a new event notice, of type service
t ti

completion, Q me tx.
Q\é
@@



Beginning service is a conditional event because its occurrence is triggered only on the
condition that a customer is present and a server is free. Service completion is an example of
a primary event. Note that a conditional event, such as beginning service, is triggered by a
primary event occurring and by certain conditions prevailing in the system. Only primary
events appear on the FEL.

A third important example is the alternate generation of runtimes and downtimes for a machine
subject to breakdowns. At time 0, the first runtime will be generated, and an end-of-runtime
event will be scheduled. Whenever an end-of-runtime event occurs, downtime will be
generated, and an end-of-downtime event will be scheduled on the FEL. When the CLOCKNS
eventually advanced to the time of this end-of-downtime event, a runtime is generated, dhd an
end-of-runtime event is scheduled on the FEL. In this way, runtimes and downtimes centiually
alternate throughout the simulation. A runtime and downtime are examples of activities, and
the end of runtime and end of downtime are primary events.

Every simulation must have a stopping event, here called E, which.defines*how long the
simulation will run. There are generally two ways to_(stop a simulation:
1. At time 0, schedule a stop simulation event at a specified futtir€time Te. Thus, before
simulating, it is known that the simulation will run over the timeninterval [0, Te]. Example:
Simulate a job shop for Ta= 40 hours.
2. Run-length Te is determined by the simulation itself. Gererally; Te is the time of occurrence
of some specified event E. Examples: Te could be the tim¢ of the 100th service completion at
a certain service center. Te could be the time of breakdown of a complex system. Te could be
the time of disengagement or total kill (whiche¥eroccurs first) in a combat simulation.
Te could be the time at which a distribution centerships the last carton in a day’s orders.

In case 2, Te is not known ahead of time, Wid&ed, it could be one of the statistics of primary
interest to be produced by the simulati@n

When using a simulation pgekage or even when doing a manual simulation, a modeler adopts
a world view or orientétior for developing a model. The most prevalent world views are
the event schedulingwerld'view, as discussed in the previous section, the process-interaction
world view, and theactivity-scanning world view. Even if a particular package does not directly
support one orhmore of the world views, understanding the different approaches could suggest
alternative ways'to model a given system.

When uUsing a package that supports the process-interaction approach, a simulation analyst
thinks’in terms of processes.

JThe analyst defines the simulation model in terms of entities or objects and their life cycle as
they flow through the system, demanding resources and queueing to wait for resources.

More precisely, a process is the life cycle of one entity. This life cycle consists of various events
and activities. Some activities might require the use of one or more resources whose capacities
are limited. These and other constraints cause processes to interact, the simplest example being
an entity forced to wait in a queue (on a list) because the resource it needs is busy with another
entity. The process-interaction approach is popular because it has intuitive appeal and because
the simulation packages that implement it allow an analyst to describe the process flow in terms



of high-level block or network constructs, while the interaction among processes is handled
automatically.

In more precise terms, a process is a time-sequenced list of events, activities, and delays,
including demands for resources, that define the life cycle of one entity as it moves through a
system. An example of a “customer process” is shown in Figure 4. In this figure, we see the
interaction between two customer processes as customer n + 1 is delayed until the previous
customer’s “end service event” occurs. Usually, many processes are active simultaneously in

a model, and the interaction among processes could be quite complex.

N\
N
>
K\\

Customer n
End @
Arrival Begin service
event Delay service Activity event v
Time Time
Interaction
Begin End
Arrival service service
event Delay Activity event
Time v * Time
Customer n + 1
Figure 4 Two interacting customer processes in a single-server queue.
- \\)
With the activity-scanning approach, a m oncentrates on the activities of a model and
those conditions, simple or complex, th W an activity to begin. At each clock advance,
the conditions for each activity ar. cked, and, if the conditions are true, then the

corresponding activity begins. Pr@r& s claim that the activity-scanning approach is simple
in concept and leads to modu dels that are more easily maintained, understood, and
modified by other analysts times. They admit, however, that the repeated scanning to
discover whether an activi n begin results in slow runtime on computers.



The pure activity-scanning approach has been modified (and made conceptually somewhat
more complex) by what is called the three-phase approach, which combines some of the
features of event scheduling with activity scanning to allow for variable time advance and the
avoidance of scanning when it is not necessary, but keeps the main advantages of the activity-
scanning approach.

In the three-phase approach, events are considered to be activities of duration zero-time units. -\\
With this definition, activities are divided into two categories, which are called B and C. ,§b
B activities: activities bound to occur; all primary events and unconditional activities. Q

C activities: activities or events that are conditional upon certain conditions bein@

The B-type activities and events can be scheduled ahead of time, just as int ent-scheduling
approach. This allows variable time advance. The FEL contains only BstypeJevents. Scanning
to learn whether any C-type activities can begin or C-type events occ B@pens only at the end
of each time advance, after all, B-type events have been completed\

In summary, with the three-phase approach, the simulation @eds with repeated execution
of the 3 phases until it is completed: Q\

Phase A Remove the imminent event from the FEI@@Y advance the clock to its event time.

Remove from the FEL any other Q%e’;&) that have the same event time.
Phase B Execute all B-type events that V\% oved from the FEL. (This could free several

resources or otherwise hange the system state.)
Phase C Scan the conditions that each C-type activity and activate any whose
conditions are met. Rescan until itional C-type activities can begin and no events occur.
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In the conducting of an event-scheduling simulation, a simulation table is used to record the
successive system snapshots as time advances.

Example 3: Single-Channel Queue
Consider the grocery store with one checkout counter that is simulated in Example 5 from the
Simulation Examples in a Spreadsheet chapter by an ad hoc method. The system consists of
those customers in the waiting line plus the one (if any) checking out. A stopping time of 60
minutes is set for this example. The model has the following components:

System state (LQ(t), LS(t)), where LQ(t) is the number of customers in the waiting line,

and LS(t) is the number being served (0 or 1) at time t.

Entities The server and customers are not explicitly modeled, except in terms of the staQ
variables.

Events &
Arrival (A);

Departure (D); Q
Stopping event (E), scheduled to occur at time 60. SQ

Event notices \Q}

(A, 1), representing an arrival event to occur at future time t; fb
(D, 1), representing a customer departure at future time t;
(E, 60), representing the simulation stop event at future i %

Activities
Interarrival time, defined in Table 9 from the Simulation Examples in a Spreadsheet chapter;
Service time, defined in Table 10 from the Simul xamples in a Spreadsheet chapter.

Delay Customer time spent in the waiting Ilng%}t

The event notices are written as (event ty time). In this model, the FEL will always
contain either two or three event notices %@ fect of the arrival and departure events is
shown in detail in Figures 5 and 6.

ga\
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Arrival event
occurs at CLOCK = ¢

Step 3

Increase LQ (1)
by 1

Step 3

Set LS( =1

Step 4
Generate service time s*;
schedule new departure \

event at time ¢ + s*
l l Step 4
Generate interarrival time a*; K
schedule next arrival
event at time ¢ + a* \

Step 5

Collect statistics 6

Return control to
time-advance routine
to continue simulation @

Figure 5 Execution of the arrival event. Q

Departure event
occurs at CLOCK = ¢

Step 3

Step 3
No Yes
Set LS(1) =0 @ Rcdug; {_.Q(r)

Step 4

Generate service time s*;
schedule new departure
event at time t + s*

‘ Step 5

Collect statistics

Return control to
time-advance routine
to continue simulation

Figure 6 Execution of the departure event.
\J
e simulation table for the checkout counter is given in Table 1. The reader should cover all
system snapshots except one, starting with the first, and attempt to construct the next snapshot

QJ from the previous one and the event logic in Figures 5 and 6.

37 5 2 4 1.-.

Interarrival Times 1 1
1 5 4 1 4...

Service Times 4 2




Execution Of The Arrival Event

Initial conditions are that the first customer arrives at time 0 and begins service. This is reflected
in Table 1 by the system snapshot at time zero (CLOCK = 0), with LQ(0) = 0, LS(0) = 1, and
both a departure event and arrival event on the FEL.

Also, the simulation is scheduled to stop at time 60. Only two statistics, server utilization, and . *
maximum queue length will be collected. ,§\

Server Utilization \’b
Server utilization is defined by total server busy time (B) divided by total time (TE).K'b

Total busy time, B, and maximum queue length, MQ, will be accumulated as tH’c@Jlation
progresses.

A column headed “Comments” is included to aid the reader (a* and S*%the generated
interarrival and service times, respectively).



Table 1 Simulation Table for Checkout Counter

Cumulative
System state statistics
CLOCK LQ(@t) LS@) Future event list Comment B MQ
0 0 1 (A, 1) (D.4) (E,60) First A occurs 0 0

(@® = 1) Schedule next A
(s* = 4) Schedule first D

°

1 1 1 (A.2) (D,4) (E,60) Second A occurs: (A, 1) 1 1 \\
(a* = 1) Schedule next A fb
(Customer delayed) ?\

2 2 1 (D,4) (A,8) (E,60) Third A occurs: (A, 2) 2 2 \
(a* = 6) Schedule next A
(Two customers delayed) Q

4 1 1 (D,6) (A,8) (E,60) First D occurs: (D, 4) 4 2 %

(s* = 2) Schedule next D K
(Customer delayed) \

6 0 1 (A,8) (D.11) (E,60) Second D occurs: (D, 6) 6 2
(s* = 5) Schedule next D Q

8 1 1 (D, 11) (A, 11) (E, 60) Fourth A occurs: (A, 8) 8 2
(a* = 3) Schedule next A

(Customer delayed)

(a* = 7) Schedule next A
Third D occurs: (D, 11)

11 1 1 (D, 15) (A, 18) (E, 60) Fifth A occurs: (A, 11) 11 2 fb\
' !

(s* = 4) Schedule next D Vi
(Customer delayed)

15 0 1 (D, 16) (A, 18) (E, 60) Fourth D occurs: (D, 15) 15 2
(s* = 1) Schedule next D

16 0 0 (A, 18) (E, 60) Fifth D occurs: (D, 16) 16 2

18 0 1 (D, 23) (A, 23) (E, 60) Sixth A occurs 16 2

(a* = 5) Schedule next A
(s* = 5) Schedule next D

23 0 1 (A, 25) (D, 27) (E, 60) Seventh A occurs: (A, 23) 2
(a* = 2) Schedule next Arrival
Sixth D occurs: (D, 23)

(357

As soon as the system snapshot@irﬂe CLOCK =0 is complete, the simulation begins. At time
0, the imminent event is (A 10

The CLOCK is advar@a time 1, and (A,1) is removed from the FEL.

%}0 <t<1 (i.e., the server was busy for 1 minute), the cumulative busy

m B =0 to B = 1. By the event logic in Figure 6, set LS(1) = 1 (the server
“The FEL is left with three future events, (A, 2), (D, 4), and (E, 60). The
OCK is next advanced to time 2, and an arrival event is executed. The
1on of the remainder of Table 1 is left as an exercise.

Because LS(t) =
time is increa

becomes
simulati
interpyet

imulation in Table 1 covers the time interval [0,23]. At simulated time 23, the system
c_gg pties, but the next arrival also occurs at time 23.

The server was busy for 21 of the 23-time units simulated, and the maximum queue length was
two.

This simulation is, of course, too short to draw any reliable conclusions.

Note that the simulation table gives the system state at all times, not just the listed times.



For example, from time 11 to time 15, there is one customer in service and one in the waiting
line.

The Dump-Truck Problem

Six dump trucks are used to haul coal from the entrance of a small mine to the railroad.
Figure 7 provides a schematic of the dump-truck operation. Each truck is loaded by one of .
two loaders. After loading, the truck immediately moves to the scale, to be weighed as soon \\
as possible. Both the loaders and the scale have a first-come-first-served waiting line (or \rb
queue) for trucks. Travel time from a loader to the scale is considered negligible. After bei 'b
weighed, a truck begins a travel time (during which time the truck unloads) and then Q
afterward returns to the loader queue. K

The distributions of loading time, weighing time, and travel time are given in 1\@3, 4, and
5, respectively.

The purpose of the simulation is to estimate the loader and scale utili@u (percentage of the
busy time). The model has the following components:

System state Q’&

[LQ(1), L(t), WQ(t), W(t)], where

LQ(t) = number of trucks in loader queue; \Q

L(t) = number of trucks (0, 1, or 2) being loaded Q

WQ(t) = number of trucks in weigh queue; ’

W(t) = number of trucks (0 or 1) being weighed, @\simulaﬁon time t.
Entities X

The six dump trucks (DTL, ..., DT6). rs\'\'
Event notices \
(ALQ, t, DTi), DTi arrives at Ioader.q LQ) at time t;

(EL, t, DTi), DTi ends loading g&a\ﬁme t;

(EW, t, DTi), DTi ends weighi W) at time t.

Lists rb

Loader queue, all t;ucig iting to begin loading, ordered on a first-come-first-served basis;
Weigh queue, al waiting to be weighed, ordered on a first-come-first-served basis.
Activities

Loading ti@%hing time, and travel time.

Delays &
Delay der queue, and delay at scale.
’
'\9
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Table 3 Distribution of Loading Time for the Dump Trucks

Loading Cumulative Random Number
Time Probability  Probability Interval
5 0.30 0.30 00=R=03
10 0.50 0.80 03<R=<08
15 0.20 1.00 08<R=<10
Table 4 Distribution of Weighing Time for the Dump Trucks \

Time Probability Probability Interval

Weighing Cumulative Random Number %Q
12 0.70 0.70 0.0=R=07 K
16 0.30 1.00 07 <R<10 \

Table 5 Distribution of Travel Time for the Dump Trucks &

Time Probability Probability Interval

Travel Cumulative Random Number rbK

40 0.40 0.40 00<R<04
60 0.30 0.70 04 <R <07 Q
80 0.20 0.90 07 <R<09

100 0.10 1.00 09 <R<10 4

N

Review of Terminology and CongenQ

of X is finite, or countably infiQite; X is called a discrete random variable. The possible values
of X may be listed as x1, Xarp\ © In the finite case, the list terminates; in the countably infinite
case, the list continues iadefinitely.

Xample .Q
Example 1 ®}\a\

The number rriving each week at a job shop is observed. The random variable of
interest is

A\
Discrete Random Variables:%e??be a random variable. If the number of possible values

jobs arriving each week
e values of X are given by the range space of X, which is denoted by Rx.
eRx={0,1,2,...}

be a discrete random variable. With each possible outcome x; in Rx, a
(\mber p(xi) = P(X = xi) gives the probability that the random variable equals the value of xi.
he numbers p(xi), 1=1, 2, ..., must satisfy the following two conditions:

a. p(x;) >0, for all i
b. Yo pxi) =1

The collection of pairs (xi, p(xi)), i =1, 2, . . . is called the probability distribution of X,
and p(x;) is called the probability mass function (pmf) of X.



Example 2

Consider the experiment of tossing a single die. Define X as the number of spots on the up face
of the die after a toss. Then Rx = {1, 2, 3, 4, 5, 6}. Assume the die is loaded so that the
probability that a given face lands up is proportional to the number of spots showing. The
discrete probability distribution for this random experiment is given by:

N\
>
X; 1 2 3 4 5 6 | >

p(x;) 121 2721 3721  4/21 5/21  6/21
AN

The conditions stated earlier are satisfied—that is, p(x;) > Ofori = 1,2,...,6 and } -, p(x;) =

1/21 4 --- 4 6/21 = 1. The distribution is shown graphically in Figure 1.
"

N\
. O
o Q\Q/Q

521 - Q/
®

4/21

3/21

221 -

1/21

1 2 3 4 5 6 X

Figure 1 Probability mass function for loaded-die example.
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Continuous Random Variables

If the range space Rx of the random variable X is an interval or a collection of intervals, X is
called a continuous random variable. For a continuous random variable X, the probability
that X lies in the interval [a, b] is given by:

b
P(GSXEb)=ff(X)dx (&) \

The function f (x) is called the probability density function (pdf) of the random variable Q‘Ihe
pdf satisfies the following conditions:

a. f(x) > 0forall x in Rx

b. [o fX)dx = 1
O

c. f(x) =0if xis not in Ry
As a result of Equation (1), for any specified value xo, P(X = @ , because
x0
f f(x)dx =0 ’
s D
N\

P(X = xo) = 0 also means that the foIIowi@ tions hold:
~

Pa<X<b)=Pla<X<b)=Pa<X<b)=Pla<X <b) (2)
ﬁ‘
The graphical interpretation ation (1) is shown in Figure 2. The shaded area represents

the probability that X lies in& interval [a, b].

f@)

¢ x=a x=b X
: % Figure 2 Graphical interpretation of P(a < X < b).
Example 3

The life of a device used to inspect cracks in aircraft wings is given by X, a continuous
random variable assuming all values in the range x > 0. The pdf of the device’s lifetime, in
years, is as follows:



o-|

%e"‘/z, x>0

0, otherwise

This pdf is shown graphically in Figure 3. The random variable X is said to have an
exponential distribution with a mean of 2 years.
The probability that the life of the device is between 2 and 3 years is calculated as:

_L
P(25X53)_2 e dx

fx)
0.50

0.45
0.40
0.35
0.30
0.25
0.20
0.15
0.10

0.05

2
= —¢73? +e!

= —0.223 + 0.368

= 0.145

| | | ] | | | ] ] | | | | | |

0.00
00 04 08 12 16 20 24 28 32 36 40 44 48 52 56 60x

Figure 3 pdf for inspection-device life.
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Cumulative distribution function

The cumulative distribution function (cdf), denoted by F(x), measures the probability that the
random variable X assumes a value less than or equal to x, that is, F(x) = P(X <X).

If X is discrete, then

Fx) = plx) (3)
If X is continuous, then
&
Fx) = _;f(t) di “ \’®

Some properties of the cdf are listed here: 6

a. F is a nondecreasing function. If @ < b, then F(a) < F(b). Q/

b. limy_, o F(x) =1 fb\

c. limy_—,_F(x)=0 %Q

All probability questions about X can be answered in terms of the cdf. For example,
N\

Pla<X <b)=F(b)—F(a) foralla<b (5)

A

For continuous distributions, not only @uaﬁon (5) holds but also the probabilities in
Equation (2) are equal to F(b) - F(a.). ®

Example 4 bc')\

The die-tossing experimer@ribed in Example 2 (Module 44) has a cdf given as follows:

A
x (=00, ) [1,2) [2,3) [3.4) [45 [56) [6,00)
F(x) 0 121 321 6/21 1021 1521  21/21

where @9@ < x < b}. The cdf for this example is shown graphically in Figure 4.

A



F(x) |
21721 ———

18/21

15/21 -

12/21 - \

921 -~

6/21 |— 6%*
321 |- Q/

— >
Q

Figure 4 cdf for loaded-die example. Q

’
If X is a discrete random variable with possible valyes x1, x2, ..., where xX1 <x2 < ..., the
cdf is a step function. The value of the cdf is ce @1 in the interval [xi-1, Xi) and then takes a
step, or jump, of size p(xi) at xi. Thus, in Ex , P(3) = 3/21, which is the size of the step

when x = 3.
N
Example 5 . ®

The cdf for the device describe@ xample 3 (Module 45) is given by

-

1 X
F(x) = 5[ e dr=1— e

0
N\

The probabili%@ﬁ he device will last for less than 2 years is given by
o\
PO<X<2)=FQ2)—F0)=FQ2)=1—¢"'=0.632
’ N
T@robability that the life of the device is between 2 and 3 years is calculated as

=—¢ " fe! = 0223 +0.368 = 0.145

qu
Q(J_) PR<X<3)=F3) -FQ=0-e¢*—-(1=-¢"

as found in Example 3.
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Expectation

An important concept in probability theory is that of the expectation of a random variable.
If X is a random variable, the expected value of X, denoted by E(X), for discrete and continuous
variables, is defined as follows:

all i

. \
EX) = inp(xf) if X is discrete (6) f}
>

and

EX) = foo xf(x)dx if X is continuous (7 ®

The expected value E(X) of a random variable X is also referred to as the‘@\ M, or the first
moment of X. The quantity E(X"), n> 1, is called the nth moment of6a is computed as

follows: \Q}
EX") =) xp(x)  ifX isdiscrete (8) Q’b
Q

all i

And Q\

4

00
EX") = f x"f(x) dx if X is continuous )
—00

N
The variance of a random variable X de \:LQ V(X) or var(X) or o2, is defined by

N

V(X) = E[(X — E[X])?] C—;

A useful identity in comp V(X) is given by

- e

V(X) = EX?Y — [EX))? (10)

S

The rr@) IS a measure of the central tendency of a random variable. The variance
of X measures the expected value of the squared difference between the random variable and

ileean.

us, the variance, V(X), is a measure of the spread or variation of the possible values
of X around the mean E(X). The standard deviation, o, is defined to be the square root of the
variance, o 2. The mean, E(X), and the standard deviation, o = VV(X), are expressed in the same
units.



Example 6

The mean and variance of the die-tossing experiment described in Example 2 are computed
as follows:

EX)=1 L 2 3 6 i *2*433
V=)t 21)+“'+ (21 TR
To compute V(X) from Equation (10), first compute E (X 2y from Equation (8) as follows: \\
ot (D)2 (2) e e (2) = AN
EX?) =1 (2l)+2 (21 4. +6 57 =21 \(b
Thus, Q
>
V(X) =21 — (ﬁ) =21-18.78 =222 @
o =V(X)=149 Q
Example 7 6 :
The mean and variance of the life of the device described in Example 3 are computed as follows:

o o0
+ [ e~ 2 dx
0 0

and

l o0
EX) = 3 f xe ¥ dx = —xe=1?
0

o0
= 2 years
0

1 ;
=0 - —x/2
+ 1/26‘

To compute V (X) from Equation (10), first compute £(X ?) from Equation (9) as follows:
EX?) = 1 f X2 dx
2 Jo
Thus,
o0
EX?) = e[ 42 f e dx = 8
0

giving

V(X) =8 —2% =4 years
N
Review of Términology and Concepts

The m@o

’
@ﬂode is used in describing several statistical models that appear in statistical models in
™

lation.

QJ Mode in Discrete Case: In the discrete case, the mode is the value of the random variable that
occurs most frequently.

Mode in Continuous Case: In the continuous case, the mode is the value at which the pdf is
maximized.



Bimodal Distribution: The mode might not be unique; if the modal value occurs at two
values of the random variable, the distribution is said to be bimodal.

Useful Statistical Models

Numerous situations arise in the conduct of a simulation where an investigator may choose to
introduce probabilistic events.

In a queuing system, interarrival and service times are often probabilistic. %

Inventory model: In an inventory model, the time between demands and the lead timesQime
between placing and receiving an order) can be probabilistic. \’b

Reliability model: In a reliability model, the time to failure could be probabili n each of
these instances, the simulation analyst desires to generate random event 0 use a known
statistical model if the underlying distribution can be found. b

Queueing systems Q/

\
In queueing examples, interarrival- and service-time pattern r?mes between arrivals and
the service times are often probabilistic. However, it is @'t have a constant interarrival
time (as in the case of a line moving at a constant speed i the assembly of an automobile), or
a constant service time (as in the case of robotized spoet welding on the same assembly line).
The following example illustrates how probabi.lis@erarrival times might occur

Example 8 \rs&'\

Mechanics arrive at a centralized tool @& shown in Table 1. Attendants check-in and check
out the requested tools to the m h% s. The collection of data begins at 10:00 A.M. and
continues until 20 different int aqr'cr'Da times are recorded. Rather than record the actual time
of day, the absolute time fr given origin could have been computed. Thus, the first
mechanic could have arri time 0, the second mechanic at time 7:13 (7 minutes, 13

seconds), and so on. QO



Table 1 Mechanics’ Arrival Data

Arrival Arrival Interarrival Time
Number (hour:minutes::seconds) (minutes::seconds)
1 10:05::03 —
2 10:12::16 7::13
3 10:15::48 3::32
4 10:24::27 8::39
5 10:32::19 7::52
6 10:35:143 3::24
7 10:39::51 4::08
8 10:40::30 0::39
9 10:41::17 0::47
10 10:44::12 2::55
11 10:45::47 1::35
12 10:50::47 5::00
13 11:00::05 9::18
14 11:04::58 4::53
15 11:06::12 1::14
16 11:11::23 5:11
17 11:16::31 5::08
18 11:17::18 0::47
19 11:21::26 4::08
20 11:24::43 3::17
21 11:31::19 6::36




&

Example 9

Another way of presenting interarrival data is to find the number of arrivals per time period.
Here, such arrivals occur over approximately 1.5 hours; it is convenient to look at 10-minute
time intervals for the first 20 mechanics. That is, in the first 10-minute time period, one arrival
occurred at 10:05::03.
In the second time period, two mechanics arrived, and so on. The results are summarized in -\\

Table 2.
%’b

Table 2 Arrivals in Successive Time Periods \

Time Number of | Time Number of

Period Arrivals Period Arrivals \®
1 1 6 1 *

2 2 7 3 6
3 1 8 3
Q
4 3 9 2
P >

This data could then be plotted in a histogram, as shoquﬁgﬂre 5.

Q
XS
3 N\
N\

3

[§S]

Occurrences

—

1 2 3 4
Number of arrivals in 10-minute period

Figure 5 Histogram of arrivals per time period.

The distributi@ﬁime between arrivals and the distribution of the number of arrivals per time
period isti rtant in the simulation of waiting-line systems. “Arrivals” occur in numerous
ways; hine breakdowns, as jobs coming into a job shop, as units being assembled on a
line, as orders to a warehouse, as data packets to a computer system, as calls to a call center,

6@0 on.



Agent-Based Modelling

Before we discuss why agent-based modeling is important, we briefly describe what agent-
based modeling is.

Agent: An agent is an autonomous computational individual or object with particular
properties and actions. \\
Agent-based modeling: It is a form of computational modeling whereby a phenomenon is \’b
modeled in terms of agents and their interactions.

In the past two decades, scientists have increasingly used agent-based modeling met{ﬁb?
conduct their research.

e ABM is a species of computation, growing up alongside the mat n\\computer
technology. U%

e The combination of large data, cheap computation, and hi nnectivity allow
agent-based models to be constructed with millions of i édual agents whose
properties and behaviors have been validated. Moreover utational
representations are dynamic and executable, aIIowin%reater interactivity between
the user and representation. Perhaps, even more j , agent-based
representations have particular advantages in tha&%y are easy for people to
understand.

o Agent-based representations are easier derstand than mathematical
representations of the same phenomel This is because agent-based models are
constructed out of individual objesﬁnéﬁvslmple rules for their movement of behavior,
as opposed to equational models e constructed from mathematical symbols. In
our natural discourse, we col describe our experience in terms of the
interactions of |nd|V|duaI %ﬁosed to in terms of the rates of change of aggregates
as in differential equati

e Individual Agents: | kmg about individual agents, we can make sense of them
by projecting our b@experience onto the agents. Thus, the language and concepts
we use in agent- modeling are much closer to natural language and our natural

thinking.
W

Steps for Co@ahzaﬂon: As a first step to presenting this conceptualization, we look
t

back histori changes to representational tools and practices used in science and the
signifi@@efits they had for both scientists and learners.

S
<




A Thought Experiment

Imagine a country (let’s call it Foo) where people represented numbers as the Romans
did, using symbols such as MCMXLVIII. Fooian scientists worked laboriously to
quantify and more accurately calculate basic science such as planetary motion and
dynamical forces.

Number of Different Approaches: Business people had great difficulties with their
financial calculations, tradespeople struggled with their measurements, and consumer \\
labored to assess their purchases. Educational researchers and policymakers in this \’b
imaginary country were very concerned with the difficulty of learning to handle

numbers, and they worked hard to make these skills accessible to more of their Q

citizens. They engaged in several different approaches.

The Sort of Innovation: A first step is to name the sort of innovation @ted with
the shift from Roman to Hindu-Arabic representations of numbe not sufficient,
for example, to say that we have a new approach to learning an ing with
numbers. %

Structuration: By structuration, we mean the encodin knowledge ina
domain as a function of the representational infrastru@used to express the

knowledge. \

Restructuration: A change from one structuratfon of a domain to another resulting
from such a change in representational in cture we call a restructuration.
Examples of Restructuration: T opment of Arabic numerals and the
transformation of kinematics via were empowering and democratizing,
enabling significant progress i ce and widening the range of people who could
make sense of prewously ble topics and skills.

fbK\
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COMPLEX SYSTEMS AND EMERGENCE

What areas are widely thought to be difficult for people to comprehend and potentially
ripe.  for  restructuration? One such area is complex  systems.
Its very name suggests that it is a difficult area for comprehension.

However, even if the level of complexity in our life remained constant over the ages, .°
our continual quest for knowledge would ultimately lead us to study complex system@

From Simple to Complex System

As we gain facility and a more complete understanding of simple systems, w&@%ﬂy
progress to trying to make sense of increasingly complex systems. ®

Simple Population Dynamics Models *

Simple population dynamics models, for example, make the@icit assumption that
all members of a species are the same, but later, it becom ortant to explore the
manifold complexity of the food web and how each indivi interacts with every other
individual. Thus, our need to understand

complex systems is also a natural result of the growth of human knowledge.

’
stheory develops principles and tools for
defines complex systems as systems that
ents that interact with each other yet whose
redictable from the elements themselves.

Complex Systems Theory: Complex sys
making sense of the world’s complexi
are composed of multiple individ
aggregate properties or behavior |

Emergent Phenomenon:é' h the interaction of the multiple distributed elements
an “‘emergent phenome%n > arises. The phenomenon of emergence is characteristic of
complex systems. T ‘emergent” was coined by the British philosopher and

psychologist G. H.Jﬁ S.

Emergence: @ewes’s time, scholars have struggled with how to best define
emergen% me definitions are succinct, others more involved. For our purposes,
we defi ergence as the arising of novel and coherent structures, patterns, and
pro through the interactions of multiple distributed elements.

3

tures of Emergence: Important features of emergence include:
’
(\/% the global pattern’s spontaneous arising from the interaction of elements,
e and the absence of an orchestrator or centralized coordinator — the system “self-
organizes.”

Macrostructures Are Emergent: Structure (or rules) at the micro-level leads to
ordered patterns at the macro-level. Because the macrostructures are emergent,
composed of many elements, they are dynamic and perturbing them often results in
them dynamically reforming.



Understanding Complex Systems and Emergence
We have said that understanding complex systems and emergence is hard for people.

Fundamental And Distinct Challenges: Emergence, in particular, presents two
fundamental and distinct challenges.

The first difficulty lies in trying to figure out the aggregate pattern when one knows
how individual elements behave.

Integrative Understanding: We sometimes call this integrative understanding, as\it
parallels the cumulative integration of small differences in calculus.

A second difficulty arises when the aggregate pattern is known and one is g to find
the behavior of the elements that could generate the pattern.

Differential or  Compositional Understanding: We \ Sometimes  call
this differential understanding  (aka compositional un@lesstanding), as it
parallels the search in calculus for the small elementg ti{at produce an aggregate
graph when accumulated.

Example 1: Integrative Understanding
Figure 0.1 presents a system composed.0fafew identical elements following one rule.

oS 30|

Figure 0.1
Some arrows moving clockwise around a circle of radius 20.

Each element is a small arrow. We imagine a clock ticking and at each tick of the clock,
the arrows follow their rule. We initialize the system so that each arrow starts on a circle
(of radius 20 units). We start them all facing clockwise on the circle. Now, we give
them one movement behavior (or rule). At every tick of the clock, they move forward
0.35 units then turn right one degree. As the clock ticks, they continue to move and
turn, move and turn, moving clockwise along the circle.



Now suppose that we slightly alter these rules. Instead of moving forward 0.35 units,
we have them move 0.5 units while still turning one degree. What will be the aggregate
pattern that we see?

The pattern that emerges is a pulsating circle. All the arrows stay in a circle, but the
circle changes its radius, first expanding, then contracting, and repeating this cycle

forever. .
\%»
Now let’s consider the flip side of these difficulties. There are many coher@)werful,
€

and beautiful patterns we observe in the world. What accounts for théi& valence?
How do they originate? The secret to understanding the formati ese patterns is

Example 2: Differential Understanding

to understand that they
are emergent, arising from the interactions of distribut@dividual elements.
One such prevalent (and often beautiful) pattern is the flocking of birds. Birds fly
together in many different formations, from the classic ation of goose flocks to
the large, very dense flocks of starlings that resemble&t swarms. How and why do

these flocks emerge? Q\

Figure 0.3
# Flock of geese flying in a classic V formation.

(é\/ Deterministic-centralized Mindset

é—) In the 1980s and early 90s, Wilensky and Resnick interviewed people from a wide range
of backgrounds, asking them to explain how such patterns arise. The results suggested
a phenomenon, or cognitive pattern, called the deterministic-centralized mindset, or DC
mindset. The pattern stemmed from two main empirical findings:



(1) Most subjects did not see any role for randomness in creating these structures,
randomness was seen as destructive of pattern, not a force for creating a pattern (the D
component); and

(2) Most subjects described these patterns as arising from the actions of a centralized
controller or orchestrator (the C component).

\q»
Thinking In Levels: In further analyses of the interviews, Wilensky and Resn
(1999) identified a key component of the DC mindset and an obstacle to thinkigﬁwut

emergent phenomena: the problem of “thinking in levels.” K
Emergent phenomena’s two levels: Emergent phenomena can b cribed as
existing on at least two levels: the level of the individual elemen , birds, people,

etc.); and the level of system or aggregate patterns (flocksatr ams, housing
patterns, etc.). Most people fail to distinguish between these l@ instead “ slipping ”
between levels to attribute the properties of one level to the.{ .

Consider a V- flock, which appears to be stable and t@e a consistent shape.

Appearance Of Stability: The appearance of s&hy often leads people to conclude
that the individual elements of the flock (the Hirds) are stable and have a consistent
place in the flock. . 0

Complex Phenomena: Wile
where this level's slippage %
understanding of com

O

Agent-Based m ing as Representational Infrastructure for
Restructuratio ith the aid of new computer-based modeling environments, we
can simulate ex patterns and better understand how they arise in nature and
society. s in many areas of science we have relied on simplified descriptions of
comp

and Resnick also showed a host of examples
fered with both the integrative and differential
enomena in the natural and human social worlds.

A based modeling

7 Agent-based modeling is a computational methodology that enables one to model
complex systems.

As the name suggests, agent-based models are composed of agents: computational
entities that have properties, or state variables and values (e.g., position, velocity, age,
wealth, etc.). Agents usually also have a graphical component so you can see them on
the computer screen. An agent can represent any element of a system.

Gas Molecule Agent



A gas molecule agent, for instance, might have properties such as “mass” with a value
of 30 atomic mass units, “speed” with a value of 10 meters per second, and “heading”
with a value of the angle it is facing.

A sheep agent
A sheep agent, by contrast, might have properties such as “speed” with a value of 3 °\\

mph, weight with a value of 30 Ibs., and fleece with a value of “full” (a discrete-textu ’b
rather than numerical value). \’b

@Q

In addition to their properties, agents also have rules of behavior. A gas f;@‘ e agent

Rules of Behavior

might have the rule to collide with another molecule; a sheep agent mi ave a rule
to eat grass if there is grass available nearby.

Universal Clock 6\Q
<

In an agent-based model, we imagine a universal clock. he clock ticks, all agents
invoke their rules. Q

If the conditions of the rules are s%%ed, (e.g., they are at the edge of a
box, or grass is nearby), th%eﬂact the behavior (i.e., bounce or eat

grass). .
O
Agents And Rules \rb

The goal of agent-based modeli o create agents and rules that will generate a target
behavior. Sometimes thecua e not well known, or you just want to explore the

system’s behavior. In that cdse, ABM can be used to help you better understand a
phenomenon through imentation with rules and properties.
ABM’s Enable%ﬁucturaﬁons of Complex Systems

We conte@»&ABM enable restructurations of complex systems so that the

(aé L@tanding of complex systems can be democratized and

he science of complex systems can be advanced.
’
(\9 This hypothesis begets a design challenge: Can we design a suitable representational
language that supports both parts of the claim, enabling scientists to author scientific
c—) models in this language while simultaneously enabling a wider audience to gain access
QJ to (and understand) complex systems?

NetLogo
The computer language used in this text, NetLogo (Wilensky, 1999), was developed by

Uri Wilensky for these express purposes. It is a general-purpose agent-based modeling
language designed to be ““ low-threshold ” — that is, novices can quickly employ it to



do meaningful and useful things— but also ““ high-ceiling ” — meaning that scientists
and researchers can use it to design cutting-edge scientific models. The language
borrows much of its syntax from the Logo language, which was designed to be
accessible to children.

Turtle:

Like Logo, NetLogo calls its prototypical agent a * turtle. ” However, while in Logo \\
the user directs the turtle to draw geometric figures, in NetLogo, this is generalized %’b
thousands of turtles. Instead of drawing with pens, they typically draw with their bodres}
moving according to rules, and the configuration of their bodies presents a visualiZatio

of the modeled phenomenon. NetLogo was first developed in the late 1990 ﬁ is

now
in use by hundreds of thousands of users worldwide. \®
Netlogo Used for Constructing And Exploring Models \&

Thousands of scientific papers have utilized NetLogo to co@xt and explore models
in a wide variety of disciplines. It has also been emplo !@ policymakers to model
policy choices, business practitioners to model busi decisions, and students to
model subject matter in their coursework across 'uxﬁhe entire curriculum. Many
NetLogo-based courses have sprung up in both lﬁ/e sities and secondary schools.

’

To illustrate the potential power tdespread agent-based modeling literacy and
restructuration, we will look bri two examples derived from different content
domains: predator-prey inte.ra@q and the spread of forest fires.

Example: Predator-Pl%ﬁ'&fractions

Let us start with tb:b%dy of predator-prey interactions. This domain is often first
introduced qualiggtively in high school, then quantitatively at the university level.

Lotka-V ?Differential Equations

i ced by the classic Lotka-Volterra differential equations, a pair of coupled

In i?@ntitaﬂve form, the population dynamics of a single predator and prey are

S
<

rential equations that proceed as follows:

dPred

y K, * Pred* Prey— M * Pred
t

dPrey
dt

= B* Prey— K, * Pred * Prey



The first equation says that the number of predators increases as predators interact with
prey (by fixed constant K1) and decreases by a constant mortality rate (M).

The second equation says that the number of prey increases by a constant birthrate (B)
and decreases in interaction with predators (by a fixed constant K2).

The solution to these equations resembles the classic sinusoidal curves that show the .
cycling of the predator populations with one ascendant when the other is at a trough. \,;»



S
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An Agent-based representation of Predator and Prey

An agent-based representation of predator and prey, such as the one illustrated in figure

0.6, would typically employ simple algorithmic models. \,‘»

Figure 0.6

An agent-based Wolf Sheep Predation model. (See Wilensky, 1997¢)
~

They might giv a’g predator and prey a store of energy that is depleted when they

move and J when they eat. If their energy dips too low, they die. If it is high
enough, t ight reproduce.
An they move, if they encounter food (which, for the predator, is the prey), they

hese instructions are explicitly stated in an easy-to-read language that instructs
agent in how to behave and accompanies the visual model.

Explicit Mechanism
This kind of representation makes its mechanisms explicit; as such, they are usually
quite understandable by even young children. They also can be challenged more easily

and tested. We will explore such predator-prey models in detail.

Advantages To Agent-based Model Representations



There are many advantages to agent-based representations. First, it does not require
knowing calculus. Requiring calculus to be able to reason about predator-prey
interactions sets the entry threshold quite high.

In the United States, only a small percentage of adults have ever taken calculus, and far
fewer are familiar with differential equations. So calculus

serves as a gatekeeper limiting access to important content to a small minority of adults
and almost all children. Yet the content of the predator-prey model can be made quite
accessible to a non-calculus audience through ABM. This gatekeeper problem may:
seem less formidable when thinking about an audience of scientists who haved{likely
had calculus. Even with this audience in mind, it is still often difficult to uncover the
mechanisms behind the equations, to challenge them, and to propose\ alternate
mechanisms and new

equations.

Agent-based models can serve as powerful complements fo€gquation-based models.
They are particularly effective entry points into scientific domains.

Disadvantage Of ABM Representation
But they also have some disadvantages as compared to equations.

For an expert, an equation can more corypactly represent a phenomenon than can an
ABM.

Moreover, when the equation is selvable, it enables the direct calculation of results
without the need to run a model

When a model requires\a latge number of agents, its execution time can be so long as
to be impractical as away of calculating results. The corresponding equation-based
models must often make’ many simplifying assumptions to gain this increase in speed.

These simplifiCatrons are most justifiable when the agents are sufficiently homogenous
that it can hevadvantageous to treat them as average quantities as opposed to the
heterogeheéouss individuals often used in ABM.

Disadvantages of ABM

We now know from the works of biologists such as Gause (1936) that the equational
model is less accurate than an ABM in the isolated predator-prey situation for which it
was intended. In particular, the equational model underrepresents extinctions, since the
model uses real numbers to represent the population densities.



Example: Forest Fires
Our second example is about the spread of a forest fire.

This domain is not usually present in the K-12 or university curriculum, but when
taught, it typically falls under the subject matter of physics, described in terms of two
classic partial differential equations.

Classic heat equation
; \”&

Spread of a forest fire

The first is the classic heat equation, which describes the distribution of hw&/en

region over time, where theta represents the thermal diffusivity of the ma hrough

which the heat is traveling. \
Ol

dH (x,t) _ d°H(x,t) b.
. 9 dx? rb\Q/

as if it were a potentially turbulent fluid, thus usi Reynolds equation of fluid flow.
4

du, du, 1dp dU, d —
= - +v — U; HJ,
pdx; dxdx; dx;
-
ABM Approach To Model.in@brest Fires
A\

The second equation physicists use to describe t&g f a forest fire treats the fire
h

(illustrated in figure @);which would typically model the environment as a grid of

Contrast these two @@s with the ABM approach to modeling forest fires
cells with trees occ@ g certain cells.



Figure 0.7
An agent-based model of a forest fire. (See Wilensky, 1997b)

o
Modeling the spread of fire e&sts simply of giving rules to the cells that
are on fire as to when to sprea@neighboring tree cells.

but it does give insig the dynamics of any fire and once we know the details of a
particular fire, we Q} dd in whatever data or rules that apply to the situation.

ABM Pro@ggeral Representational Benefits

ABM %ods are starting to be used to model and fight real forest fires (see, e.g.,
%@ able.com for a company that does agent-based modeling of
r

A\
A very simple ABM@%& fire spread would not correctly model a particular fire,

gency management including wildfires).

The restructuration of these systems using ABM provides several representational
benefits.

ABM uses Discrete rather than Continuous Representations
They make use of discrete rather than continuous representations, which are more easily

comprehensible, more closely match real-world situations, and require much less
formal mathematics to employ.



They are easier to explore and much easier to modify. They present immediate feedback
with visualizations that allow researchers and practitioners to understand and critique
them at two levels, the level of the overall aggregate pattern, such as the fire spread or
predator population levels, but also the level of the behavior of the individual animals,
and the fire spread to particular trees. Though these two examples highlight some of
the advantages of agent-based restructurations, the full potential of ABM
restructuration is not yet evident either in these examples or in science as a whole.

Ants (Foraging For Food)
Ants

The ant opens her eyes and looks around. There are many of her siblings nearby, but
there is no food.

The ant is hungry, so she heads out from the ant colony and staffs\to wander around.
She sniffs a little to the left and a little to the right, and still,.sh€_eannot smell any food.
So she keeps wandering.

She passes by several of her sisters, but they do not ingefest her right now; she has food
on her mind.

She keeps wandering. Sniff! Sniffl! Mmmm ...good!

She gets a whiff of some of that delightful pheremone stuff.

She heads in the direction of the strongest pheremone scent; in the past, there have been
food at the end of that trail.

Sure enough, as the ant proceeds alopng,the trail, she arrives at some delicious food.
She grabs some food and heads\bdck to the colony, making sure to drop some
pheromone along the way.

On the way back, she ruas\intdo many of her sisters, each sniffing her way along
pheromone trails, repeating the same process they will carry out all-day

What we have just fageifully described is an ant foraging for food. The above paragraph
of this section is4n itself a model of ant behavior.

Model of\8atBehavior

Modek By a model, we mean an abstracted description of a process, object, or event.
Mbodels can take many distinct forms. However, certain forms of models are easier to
ryanipulate than other forms.

Textual Description: The textual description in our first paragraph cannot easily be
manipulated to answer questions about the ant colony’s behavior — for example, what
would we see if all the ants in the colony followed
the behavior we described? It is difficult to extrapolate from the textual description of
one ant to a description of an ant colony. The textual model is not sufficiently generative
to answer such questions. It is a fixed description — always ““ behaving ” the same, thus
not bestowing any insight into the range of variation in behaviors. And it is not
combinatorial — we cannot use the description to understand the interaction of the ants
with each
other or with the environment.



Computational Model

One way to make the preceding model more generalizable and gain insight into the
behavior of an ant colony would be to implement the model in a computational form.

A computational model is a model that takes certain input values, algorithmically
manipulates those inputs, and generates outputs. \\
In computational form, it would be easy to run the “Ants” model with large numbep§b
of ants and to observe the model’s outputs given many possible different 1nputs

We use the term model implementation to refer to this process of trans@
textual model into a working computational simulation (written in orm
computer “code”).

Besides textual models, other forms of conceptual models desc %esses, objects,
or events but are not computational, conceptu Q odels can also
be diagrammatic or pictorial.

Agent %Q

This description lends itself particularly well to b g mplemented since it results from
a particular standpoint, that of an individual_ant, or ant agent. By the word agent, we
mean an autonomous individual element mputer simulation.

e These individual elements Imgev\ properties, states, and behaviors.
The ant is an agent. 0\

« It has properties such its appearance and itsrate of movement.
It has characteristic behaveg\ h as moving, sniffing, picking up food, and dropping

pheromone.
e It has states such as r or not it is carrying food (a binary state) and whether it
can sense how mu romone is in the environment around it (a multivalued state)

Agent-ba ed&mg (ABM)

. modellng (ABM) is a computational modeling paradigm that enables us
to d how any agent will behave.
tho

dology of ABM encodes the behavior of individual agents in simple rules so
we can observe the results of these agents ’interactions. This technique can be used

7 to model and describe a wide variety of processes,
(\9 phenomena, and situations, but It is most useful when describing these phenomena as

complex systems.
&



The Ant Foraging Model

« Many biologists and entomologists have observed ants in the wild (Holldobler &
Wilson, 1998; Wilson, 1974)

o and have described how ants seemed to form trails to and from food sources and their
nest.

Complexity and Complex Systems

e The study of complex systems has become an important scientific frontier.

e By the term complex system, we mean a system composed of many distributed
interacting parts.

e The field of complex systems or complexity science arose in the mid-1980§‘and was
born out of a variety of disparate fields from economics to physics to ecelegy.

o Complex systems science provides a set of tools and frameworks foraZiewing
phenomena.

e Any phenomenon can be viewed as a complex system, and choosing when to do so
depends on assessing when it is most useful to use the lens and/er methodologies of
complex systems.

« One important methodology of complexity science is,agent-based modeling.

Creating the Ant Foraging Model (Hypothesis)

In the next few paragraphs, we will describe somg.hypotheses about how ants accomplish this
behavior and what mechanisms are at work that\erables ants to find food in this way.3
Perhaps the trails form as follows:

o After an ant finds food, it goesdiack to the nest, drops the food off, and communicates
to the queen ant, and this queemant tells the other ants where the food is and sends them
off to collect it.

e Suppose a researcher qotiees that the food-finding ant never communicates with any
kind of “boss” ant/gfore leaving the nest again, so the researcher might reason that
food gathering was mot working through a centralized leader or controller but rather
through distrigtitéd control.

Another Hypatbeésis

« _Anaether hypothesis that could be advanced is that perhaps the ant did not communicate
with a central leader,

e ¢ but rather simply communicated with other ants, and those other ants were able to
“diffuse” the information about the food source throughout the nest.

e There is reason to believe such a hypothesis might be true since bees work similarly;

e when a bee finds a food source, it returns to the hive and conducts a complicated dance
that tells the other bees where to find the food ( Gould & Gould, 1988 ).

« However, though ants do have some methods of communicating information directly (
Holldobler & Wilson, 1998 )

« Most species do not communicate the exact route to a food source in this way.



&

Basic Hypothesis

« Now that we have a basic hypothesis (in the form of a textual model) that describes
the behavior of the ant,

« how do we implement the model so that we can test out this hypothesis and see if our
computational model adequately accounts for what we observe in nature?

Implemented Model

S

o The first step is to create a more algorithmic description of the preceding textual
model. Q
e This is just another model itself, but one that is more easily translated into ar\’b

implemented model.
o Here is one set of rules that an individual ant could follow to operate pe model
described earlier.

Set of Rules b\Q
Q

e We describe the rules from the point of view of an indi@nt.

1. If I am not carrying food, | check if there is foo I‘Qgﬁ am; if there is, | pick it up; if
there is no food right here, | try to sense a pherom@ne trail nearby; if I find one, then |
face “uphill” along the pheromone gradient towérd its strongest source.

2. If 1 am carrying food, | turn back toward st and drop pheromone on the ground
below me. A\

3. Iturn randomly a small amount an\ forward a step.

NetLogo . @

o These rules are easily implemented in a computer language.

e There are many com anguages in use for many purposes, but only a few are
specially tailored t k with agent-based modeling.

e One of these is I%ogo ( Wilensky, 1999a ).

°

a modeling language and an integrated environment designed to
based models easy to build.
. t is so easy to use that, rather than describe algorithms and models in pseudo-
% roughout this course we will use NetLogo instead.

. cribing the preceding rules in the NetLogo language is straightforward.
f\Q, Here, for example, is one translation of rules 1 — 3 into NetLogo code:

If not carrying-food? [ look-for-food ] ;3 if not carrying food, loock for it
if carrying-food? [ move-towards-nest ] ;3 if carrying food turn back towards the nest
wander ;3 turn a small random amount and move forward

This code snippet is not the complete implemented model but it does describe the core
components that go into the Ants model. To complete the model, we need to describe each of
the subcomponents (such as “move-towards-nest,” and “look-for-food,” and “wander” and
“look-for-food” will need to describe the ant’s sniffing for pheromone). Each of which is a



small amount of code. The result will be a fully implemented computational model. (See
figure 1.2.)

Figure 1.2
NetLogo “Ants” model of foraging behavior.®

Results and Observations from the Ant\Wlodel

When running the Ants modelythe results are initially surprising for someone who has only
seen the rules for the individual ants. The *“ aggregate ” or “ macro ” behavior of the model
shows systematic food gathering behavior. It is as if the ant colony has a clear plan for how to
gather the food. Yet, we have seen that the Ants model rules do not contain any systematic
foraging plan.

o If wedoQk tlosely at the model running, we observe that initially, the ants wander
aroupd\atrandom.

« TRensome ants will wander into a nearby food source.

« 'Qnee they find that food source, they will start to bring food back to the nest, laying a
pheromone trail beneath them.

) Ifjust one lone ant finds the food source, the pheromone trail will not be strong enough
for other ants to follow it;

e but as more and more ants find the food source, the trail will become stronger and
stronger.

o Eventually, the actions of many ants will create a strong pheromone trail from the nest
to the food source, and so any ant can easily find the trail to the food source.

e The ants as a group appear to exploit food sources optimally.

e That is, they first gather food from the nearest food source, then the second nearest,
and so on.



This appears to be a conscious plan of the ant colony; but as we know from the ant
rules, this is not the case.

As you observe the model closely, you will note that sometimes ants operate almost at
cross-purposes with other ants, creating additional pheromone trails to farther food
sources and distracting some of the ants that are currently harvesting the closer food
source. The ants do not have a centralized controller; instead, the nearest food sources
are the most likely to be found first by the ants randomly wandering from the nest.
The nearest food sources also require the least amount of pheromone since the
pheromone only has to cover the shortest path from the nest to the food. Once a
sufficient number of ants have found a particular food source, the pheromone trail to.it
stabilizes and thus attracts more ants to it.9 When the food source has been comgletely
consumed, the ants no longer lay pheromone; hence, the trail dissipates, and‘thg ‘ants
are released to search for other food sources.

Exploration & Exploitation

This optimal exploitation of food sources could be placed’within a larger context.

In many ways, the colony of ants seems to balance explgration and exploitation (Dubins
& Savage, 1976).

In any situation in which an entity is operating im\an unknown environment, the entity
must spend some time exploring the environment to understand how its actions affect
its rewards, and sometimes exploiting the environment, that is taking actions that it
knows have produced the best rewards nthe past.

By allocating a large number of agts“ioexploit the current nearest food source while
other ants continue to explore, the.ant colony as a whole successfully balances
exploration and exploitation.

Emergent Phenomenon

These “trails” that the‘ants build to the food source, the “optimal” behavior

that they exhiliity and the “balance” between exploration and exploitation are not coded
into anyohe\ant.

ThegeJsnothing that tells the ant to build a trail; there is nothing that tells the ant to go
to\tile-hearest food source first; there is nothing that tells some ants to explore while
others exploit.

The “trails,” “ optimal, ” and “ balance ” behavior of the ants is not coded into any of
the ants but is instead an emergent phenomenon of the model ( Holland, 1998;
Anderson, 1972; Wilensky & Resnick, 1999 ).



What Good Is an Ant Model?
The Ant model is our first example of an agent-based model.
« Now that we have gone through the process of understanding how a model of ant

foraging works,
« what knowledge have we gained from that process and how can we profitably use the

’ N\
model* %

o It may seem at first that the only thing the model does is provide a visualization of \
one particular textual model. 'b

Eight Main Uses For Agent-based Models

We describe eight main uses for agent-based models: \&

(1) description, 6
(2) explanation, r&Q)

(3) experimentation, Q
(4) providing sources of analogy, Q\

’
(5) communication/education, . O’Q

(6) providing focal objects or centerpiecesf\o‘%&cce\ntific dialogue,

(7) as thought experiments, and @
S

(8) prediction. §
\

A Model Is Descriptive rb

A model is descri@real-world system.

(it j$ a simplification of the real world and does not contain all of the details
istencies that are present in the real world.
models are coarse-grained descriptions of reality; and models that are not
se-grained descriptions are useless as descriptions because they are

7 indistinguishable from the real world and therefore do not assist in our understanding
W/Q of complex systems (Korzybski, 1990).

If your model includes all aspects of the real phenomenon, it is more efficient to simply
QJ observe reality, since it saves you the time of building the

model. The function of a model is to help us to understand and examine phenomena that exist
in the real world in more tractable and efficient ways than by simply observing reality. Even if
you have never observed a real ant colony, the Ants model helps — it can help you know what
to look for and generate hypotheses that you can confirm or disconfirm by observation.



Models Are Explanatory

o Models are explanatory in that they point out the essential mechanisms underlying a
phenomenon.

e They can function as proof that hypothesized mechanisms are sufficient to account for
an observation.

e Models provide us with a proof of concept that something is possible. For example, \\
once we built the Ants model and observed the results, we proved that an ant colon rb
could exhibit characteristics such as “ trails, ”” ““ optimality, ”” and ““ balance ” w1tho§s
a centralized controller ( Resnick & Wilensky, 1993; Resnick, 1994; Wilensky
Resnick, 1999 ). These characteristics are all emergent outcomes of low- Iev

mechanisms. &

The key function of ABMs b

e Ingeneral, it is difficult for people to understand ho simple rules can lead to

e Akey function of ABMs is to explicate the power of thE (@S’gence
complex observed phenomena, and ABMs make nection explicit.

Even if this were not the way ants worked, the model_i Iﬁstrates that this is one mechanism that

could be used. We can also compare and con Iternative hypotheses. We could, for
example, build the other food-gathering hy discussed earlier as computational models
and compare their results to the Ants m to real-world observations to determine the

most plausible explanation.
Models Facilitate Experimenta@§®

Models facilitate experlment

e Models can be r eatedly to note variations in their dynamics and their outputs.
e Some mo ery little variation from run to run.
e Others ex ath dependency and can therefore vary tremendously from run to run.

Experlmer@%]

Model meters can be varied to see their effect on model behavior and outputs. For example,
eAnts model, we could change the evaporation rate of the pheromone and see what effect

nlu as on the performance of the ants. Alternatively, we could model the return to nest
avior in more detail, by placing a sun in the environment and having the ants calculate their

Qg'%ath back based on the sun.

Effects of modifications on the system

Thus agent-based models enable us to easily examine different mechanisms and attributes of a
system and see what effect those modifications have on the overall behavior of the system.



Model’s Behavior Classification

By varying these different attributes or parameters and observing their effect on the behavior
of the system, we can classify model behavior into output regimes, or characteristic output
behaviors of the model.

Models Provide Us with Analogies \\
Since models are simplifications of reality, they enable us to find similarities with other su \rb
simplifications even if the modeled phenomena are very different. In this way, we can ap
reasoning gained in one domain Q

« of knowledge to other knowledge domains. For instance, in 1996, Schoo erd,
extending Dorigo’s work on ant colonies as optimization devices, foun
problem of ants efficiently finding food sources is similar to the rob% of packets
on networks efficiently seeking out their destinations (Schoond@@ t al., 1996).

o
Communication And Education QQ

o Agent-based models can be used as a vehicle for sommunication and education.

» We can show the model to people who have never seen an ant colony before and they
can explore how ant colonies behave. &

e Models provide us with an education
be readily available from real-wor

e Moreover, an agent-based model
enabling learners to conduct e

« If someone has a hypothe
implement that mechan %

t\@[hat encapsulates knowledge that may not
vation.

us to expand beyond static knowledge,

ents much as scientists do.

how a particular mechanism works, they can

see whether it can account for observed behavior.

Thought Experiments er
Models can some imﬁ@ent new phenomena that are not necessarily about some real-world
phenomenon but th ught experiments on possible computations.

Some migh Qse the word “model” for this kind of computational artifact, but many
scienti@fer to them as models. Some classic examples of these kinds of models are

cellular mata, fractals, and particle swarms.

’
@iction
é—) common conception of computer modeling is that its major purpose is prediction.

o Indeed, we often use modeling to think about possible future scenarios, and to the extent
that any modeling tool can be used for discussing the future, agent-based modeling can
be used in this way.

o However, like any modeling tool, an agent-based model’s predictions depend on the
accuracy of its input data.



e This is especially true when the events we are interested in are the results of complex
systems, for which small changes in inputs can
often lead to very different results.
e Many times, while modelers may claim to want to use a model to predict the outcome
of a system, such as an ant colony, they use the model to describe past patterns of
behavior, such as what food source was first eaten, and to explain future patterns that
might arise, such as how ants might move around on the landscape. .
o Sometimes modelers start motivated by generating predictions but end up findin \\
greater power for explanation and description. \rb
o Agent-based models, in particular, are distinctive from other modeling approache?\?
that they were designed to understand and explain complex phenomena that oth@
could not be explained through traditional approaches.

The Reality of Agents \&

The profitable uses of the Ants model that we described earlier a artlcular to that one
model. These are generally applicable affordances of the metho 6&\/ used to develop the
model, which is agent-based modeling. The core idea of Age sed Modeling is that many
(if not most) phenomena in the world can be effectivelyq&{ ith agents, an
environment, and a description of agent-agent and %m-environment interactions.

What is an Agent? \0

An agent is an autonomous individual or@e with particular properties, actions, and

possibly goals. ®

What is the environment? C_)

e The environment ﬁ landscape on which agents interact and can be geometric,
network-based, % n from real data.

What about the’?@tlonw

The mterac@\hat occur between these agents or with the environment can be quite
compl

« 7 Agents can interact with other agents or with the environment,
(\9 and not only can the agent’s interaction behaviors change in time, but so can the
strategies used to decide what action to employ at a particular time.
C—) e These interactions are constituted by the exchange of information. As a result of these
QJ interactions, agents can update their internal state or take additional actions.
Agent-Based Models vs. Other Modeling Forms
What makes agent-based models distinct from other models?

The most common form of scientific models is the equation form.



Differences between Agent-based Modeling (ABM) and equation-based modeling
(EBM)

Many differences between ABM and equation-based modeling (EBM) have been discussed.

e One distinction is that because ABM models individuals it can model a heterogeneous
population, whereas equational models typically must make assumptions of
homogeneity. In many models, most notably in social science models, heterogeneity
plays a key role.

e Furthermore, when you model individuals, the interactions and results are typicaly:
discrete and not continuous. Continuous models do not always map well ontd real-
world situations. For instance, equation-based models of population dynagies. treat
populations as if they are continuous quantities when in fact they are pogulations of
discrete individuals.

When simulating population dynamics it is very important to know if youfaye & sustainable
population. After all, a wolf population cannot continue if there are fewenthan two wolves
left; in reality, a millionth of a wolf cannot exist and certainly canngt\eproduce, but it can
result in an increased wolf population in EBMs. The mismatch bétween the continuous nature
of EBMs and the discrete nature of real populations causes this¥_hano-wolf ” problem (
Wilson, 1998 ). As a result, for EBMs to work correctly,théySmust assume that the
population size is large and that spatial effects are unimpertant.

Randomness

One important feature of agent-based ajodeling, and computational modeling in general, is
that it is easy to incorporate randgmness‘into your models.

Benefits of Randomness

Many equation-based médels and other modeling forms require that each decision in the
model be made determiinrstically.

In agent-baseth\models this is not the case; instead, the decisions can be made based on a
probability.

Exampleof Randomness
Rokdnstance, in the Ants model, as the ants move around the landscape, their decisions are
not completely determined; instead, at each time step, they modify their heading by a small
amount based on a random number.
Ant Model and Randomness

e Asaresult, each ant follows a unique, irregular path.

« Inreality, ants might be affected by small changes in elevation, the presence or absence
of twigs and stones, and even the light of the sun.



o Finally, there are often times when we simply do not know enough about how a
complex system works to build a completely deterministic model.

e In many of these cases, the only type of model that we can build is a model with some
random elements.

o Agent-based modeling and other modeling forms that allow you to incorporate random
features are essential to studying these kinds of systems.

ABM Benefits

« Agent-based modeling has some benefits over other modeling techniques, but, @swith
any tool, there are contexts in which it is more useful than others.

« ABM can be used to model just about any natural phenomenon (e.g., you'eould describe
any phenomenon by describing the interaction of its subatomic partieles).

o However, there are some contexts for which the cost of building anABM exceeds the
benefits, and there are other times when the benefits are extragrdinary given the costs.

Examples
Some problems with a large number of homogenous ageptséare-often better modeled (i.e., they
will provide more accurate solutions to aggregate problems faster) using an aggregate solution

like mean-field theory or system dynamics modeling ( Opper & Saad, 2001; Forrester, 1968 ).

For instance, if you are concerned about the“\témperature in a room, then tracking every
individual molecule and its history is not Reegssary.

General Rules
On the other hand, if a problermyhas.only a handful of interacting agents, then you usually do
not need to bring to bear the.full power of ABM and instead can write detailed equations

describing the interaction +stwo billiard balls colliding, for example, does not require ABM.

As a rule of thumb,-agent<based models are most useful when there are a medium number (tens
to millions) of interaCting agents ( Casti, 1995 ).



ABM Tradeoffs

Agent-based modeling provides some benefits over other methods of modeling, but, in any
particular situation, choosing a modeling methodology is a case of choosing the appropriate
tool at the appropriate time, and sometimes agent-based modeling is not the right tool for the
job.

For example, ABM can be computationally intensive. Simulating thousands or millions o ,§\
individuals can require great computing power.

e
Equation-based models, by contrast, are often very simple to run and essentially just rgjq}e
repetitive mathematical calculations. This is true only for simple equation-base els;
numerically solving complicated equation-based models may take as much computational time
as agent-based models.

N
Still, ABM may be Better b\Q

The computational expense of running an ABM is a price one pays.éz.having

the benefits of rich individual-level data. The additional mﬂaﬁonal power needed for
running ABMs is the same power that allows the tracki@ elopment of rich histories of

individuals.
’

Examples . O‘Q

For example, in the Ants model, we coul@e a simple equation that describes the rate at
which food is gathered based on its dista&bs m the nest.

However, through ABM, we can@l}kg\ﬁ the behavior of the individual ants and understand
how they form trails to the foodhsoutree.

Other cases er

o« ABM doe ¢ﬁ$@s to gain an understanding of the micro behavior of a system, but
without g the micro behaviors, ABM would not provide as elaborate a model

g, it does not require knowledge of the aggregate-level mechanism.

as it d%g/
e Whi M does require us to know or guess about the individual-level mechanisms
o;&@v

8
<



Now We will learn to construct a few simple agent-based models. These simple

models, sometimes referred to as “ toy models, ” are not meant to be models of real
phenomena, but instead are intended as ““ thought experiments. ”” They are offered, as
Seymour Papert puts it, as “ objects to think with ” (1980). Our purpose is to show that it is
relatively easy to create simple agent-based models, yet these simple models still exhibit
interesting and surprising emergent behavior. We will construct three such models: “ Life,
Heroes and Cowards, ” and “ Simple Economy. ”

BN
NG

Game of Life: History \
In 1970, the British mathematician John Horton Conway (described in Conway, 197, ted
a cellular automaton that he called the “ Game of Life. ” Martin Gardner (1970 larized
this game in his Scientific American column. Subsequently, millions of rea layed the
game.

| N
Game of Life Q/

The game is played on a large grid, such as a checkerboard or paper. Let’s say we are
playing on a square grid with 51 squares!1 (or “ cells ’ ) on asi ach cell can be either “ alive
” or “ dead. ” This is called the “ state  of the cell. Every, utrounded by eight ““ neighbor

” cells. The grid is considered to “ wrap around ” so thata cell on the left edge has three (3)
neighbor cells on the right edge and, similarly, a cell én the top edge has three (3) neighbor
cells on the bottom edge. There is a central clogk lock ticks

establish a unit of time. In the game of J\lﬁ\}e unit of time is called a generation. More
generally, in agent-based models, the unij me is referred to as a tick. Whenever the clock
ticks, each cell updates its state accpr@ the following rules:

o Each cell checks the sta@self and its eight neighbors and then sets itself to either

alive or dead. Q

In the rule descriptions% ollow, blue cells are ““ dead, ” green cells are ““ alive ” and the
yellow stars indicate@ Is affected by the rule described.

N
(1) If the cell than two (2) alive neighbors, it dies
(2) Ifith Qre than three (3) alive neighbors, it also dies

f it has exactly two (2) alive neighbors, the cell remains in the state it is in

If it has exactly three (3) alive neighbors, the cell becomes alive if it is dead, or stays alive

(
Qc)—gdf it is already alive.



The Game of Life is played on a grid of cells, so we will consider each NetLogo patch as a
different cell. Life has two kinds of cells in it, < live ™ cells and ““ dead ” cells. We choose to
model live cells as green patches and dead cells as blue patches. Once we have thought
through what the model will look like we still need to create the model instructions. To do
this, we will need to write NetLogo instructions (or code) in the Code tab. We select

the Code tab and begin to write our code. NetLogo code takes the form of modules known as
“ procedures. ” Each procedure has a name and begins with the word TO and ends with th ,§\
word END. \

Our Life model (Life-Simple in the IABM Textbook folder of the NetLogo models I@)
will consist of two procedures: SETUP, which initializes the game, and GO, whic ces

the clock by one tick. \®
Neighbors
S\

n agent-based modeling, we often model local interactions. This is plished by having
cells in the grid talk to their neighbor cells. Most often, we are usink -dimensional grids or
lattices with square cells.

In a square lattice, there are two commonly used (gghoods: the von Neumann
neighborhood and the Moore neighborhood. Q

4

A cell’s von Neumann neighborhood consists.o our cells that share an edge with it, the
cells to the north, south, east, and west (the gr,% uares in the right figure that follows).

A Moore neighborhood consists of th cells that touch it, adding the cells to the
northeast, southeast, northwest, an.d est (the entire green area in the left figure that

follows). C.)\
In NetLogo, the primitive@lGHBORS refers to a patch’s Moore neighbors, and
NEIGHBORS4 refers to a% s von Neumann neighbors.

A
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Figure 2.10
(A) Moore Neighborhood. (B) von Neumann Neighborhood. This will be further elaborated in
chapter 5.



Overview

e Observing how Game of Life works
o Examining emergent patterns

User Interface

e Adding a Button

}* Button

Agent(s) |observer .| [ | Forever

[ ] Disable until ticks start

Commands

Display name

Action key

Cancel

N
Go-Once button §b
e Add another button ’ ®
o

} Button

Agent(s) |observer ~ | [_|Forever

Disable until ticks start

Commands

0o

Display name |go-once

Qc;g Action key
Cares

Go button

e Add yet another button
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Summary

e We have examined outcomes from the game of life
e We have seen how emergent patterns emerge unexpectedly



In the past two decades, there has been increasing interest in and use of agent-based modeling
in the social sciences. Several of the models that we have already discussed, such as Ants, the
Game of Life and Heroes, and Cowards have been applied to understanding social systems.

Why ABM in Other Sciences?

Agent-based methods may be particularly valuable in the social sciences where agents are
heterogeneous and mathematical descriptions often do not offer sufficient descriptive power.

Organizations

Several prominent communities have organized around using complex systems methodSyand
agent-based modeling in the social sciences. Among these are:

o the Complex Systems Social Sciences Association (CSSSA) and
« the World Congress on Social Simulation (WCSS),

both of which also organize conferences. Several such events are incldded as part of other
meetings.

Other Organizations
In recent years, organizations such as

« the American Education Research Association (AERA),
e Marketing Science,

« Eastern Economics Association, and

« American Association of Geogi@phers (AAG)

The above-mentioned organizations.have hosted sessions on the intersection of agent-based
modeling and social science.

Economics Using ABM

One area that has'gen receiving increasing attention from the ABM community in economics.
As economie$sconsist of heterogeneous actors such as buyers and sellers, there is a natural
mapping of ABM methods to economics. In 1996, the economists, Josh Epstein and Robert
Axtell pughished a book that depicted a world they called SugarScape, which was populated by
economicagents.

Siaple Economy Description
In this section, we will build a very simple economic model that has some surprising results.

Suppose you have a fixed number of people, say 500, each starting out with the same amount
of money, say $100. At every tick, each person gives one of his or her dollars to any other
person at random. What will happen to the distribution of money? An important constraint is
that the total amount of money remains fixed, so no one can have less than zero money. If you
run out of money, you cannot give any away until you get some back. Refining the question a



little further, we ask: Is there a stable limiting distribution of the money? If so, what is it? For
instance, will all the wealth be concentrated in a few hands or will it be equitably distributed?

Simple Economy Intuition

Many people, when posed with this question, have an intuition that there is a limiting
distribution and that it is relatively flat. The reasoning behind the intuition is that since no -\\
person starts with an advantage and the selection of people to whom money is transferred \rb
random, no person should have much of an advantage over any others. Thus, the resulﬁv@
wealth distribution should be relatively flat: Everyone should wind up with er

roughly the same amount of money he or she started with. \Q\

Alternate Intuition *

Other people have an intuition that wealth should be normally distrib@

L

Overview \

e Go in more detail about the “Simple Economy’“model
e Understand the code for Simple Econo[n)b

Simple Economy \§fs\'\'

fturtles-own [ wealth ]

to setup
clear-all
create-turtles 500 [
set wealth 100
set shape "circle"
set color green
set size 2

;3 visualize the turtles from left to right in ascending order of wealth
setxy wealth random-ycor

]

reset-ticks
¢ end

(CJ—)V
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1 to go

;3 transact and then update your location

ask turtles with [ wealth > @ ] [ transact ]

;3 prevent wealthy turtles from moving too far to the right
ask turtles [ if wealth <= max-pxcor [ set xcor wealth ] ]

tic
end

71 to tr

k

ansact

;3 give a dollar to another turtle

set

wealth wealth - 1

ask one-of other turtles [ set wealth wealth + 1 ]

end

1 to-report top-1@-pct-wealth

report sum [ wealth ] of max-n-of (count turtles * ©.10) turtles [ wealth ]

end

1 to-report bottom-5@-pct-wealth

report sum [ wealth ] of min-n-of (count turtles * ©.5@) turtles [ wealth ]

end
QN

Summary ,
e We have examined the implementation» Simple Economy Model
e We have seen how turtles can be u% velop a model

Overview c—)®
e Understanding the % nterface of Simple Economy
o Understand the execltion of Simple Economy

Simple

Economs.%\Q
“0!

_

wealth distribution

wealth

Total wealth = $50,000

wealth by percent

Wtop 10%

Ml bottom 50%

wealth of top 10%

0

wealth of bottom 50%
0

First we add a button

>
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Agent(s) :ubsewer v: [] Forever

[] Disable until ticks start

Commands

Display name

Action key

| ok | [ cancel

e Another button

Agent(s) :nbser'uer v: [¥] Farever

Disable until ticks start

Commands

Display name

Action key

| ok | [ cancel

N

o Next, Iet@%t the world settings

@0
S’
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Model Settings

Warld

[E00,

Bottom Left

-

min-oxcor |0
minimum x ooordinate for patches

max-pxcor | 500

maximum x coordinate for patches
min-pycaor (0

minimum y coordinate for patches
max-pycor |30

maximaum  coordinate for patches

Box: 501 x 81
World wraps horizantally

World wraps vertically

View

Patch size |1

messured in pieks

Font size |10
of lzbels on agents

Frame rate |30

Frames per second at normal speed
Tick counter
| Show tick counter

Tick counter label |ticks

[ QK ] | Apply | | Cancel

Now, we add a plot



Mame | wealth distribution

| X axis label |wealﬂ‘1

| Xmin |0 | ¥ max |500

Y axis label |turt|es

|‘|"mir1 |IIJ |‘|"max |4U

Auto scale?

ﬂPIut setup commands
LIPIot update commands

[] show legend?

~Plot pens

Color  Pen name

Pen update commands

current

set-plot-y-range O 40
histogram [ wealth ] of turtles

L/ Jie

(o) (e ) (v ) (Lconcel |

Now, we add another plot

D

&

Mame nlealﬂﬂ by percent

_bIPIut setup commands
_blPIut update commands
~Plot pens

| X awis label | | ¥ min |U | ¥ max |1IIJ |
¥ adis label | | ¥min |0 | ¥ max | 10000 |
Auto scale? Show legend?

Color  Pen name

Pen update commands

top 10%

plot top-10-pct-

wealth

bottom 50%G

plot bottom-50-pct-wealth

(o] (ool ) [reb ) [_cond




+ Now, we add a monitor

Reporter
top-10-poct-wealth -

Decmal places |1 Font Size |11 Q
full precision s 17 ,b

[ oK ] [ Cancel \
!E_ — 4 \&

« Now, we add another monitor

Reporter
bottom-50-pct-wealth - 1

= |

Display Mame |wealth of bottom 50%:

Decimal places |1 Font Size |11
full precision is 17

[ Ok ] [ Cancel ]

b §

>
Summary Q

e We have examir%(t% design of the User interface for the Simple Economy Model
D
Overvie 06

., erstand the Complexity dynamics of the Simple Economy Model

(Oglation Run
QCJ‘) o Let us see how this works in NetLogo

Running the Model

o Let us see the initial conditions

Display Name |wealth of top 10%: \f&
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wealth distribution
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Understanding Results

o We can see that the distributign is not at all flat.

e There are a few very wdakhy individuals and many poor agents.

o At this time step in this'model run, the wealth of the top 10 percent of the agents is a
total of $12,633, or dn*average of $253 per person

o Whereas the totakwealth of the entire bottom 50 percent is only $10,166, or an
average of'$Al\per person.

e The crosggver point at which the wealth of the top 10 percent of all agents exceeded
the we@ltf1of the bottom half, or 50 percent, of all agents was at 5,600 ticks.

o Ifwwe run it for 25,000 more ticks, the gap continues to grow and now the top 10
pefcent have more than twice as much in total (and more than 10 times as much per
individual) than the bottom 50 percent.

s The distribution of money eventually converges to a stationary distribution.

e This distribution has been shown to be exponential, which means that there is great
inequality in monetary wealth.

« The key condition that creates this stationary distribution is the conservation of
money.

Summary

e We have examined the Execution of the Simple Economy Model
o We have seen how surprising results can appear in relatively simple models



Overview

Understand some commonly used NetLogo concepts

Understanding Complex Results

Understanding complex results often requires advanced modeling techniques

E.g. in Simple economy, we have seen complex results

Some of these results need correlation with the real world

Empirical studies have shown that wealth distribution in most countries is not
distributed exponentially,

Instead it follows a power law known as the Pareto distribution (Pareto, 1964).

This distribution is even more unequal than an exponential distribution.

Power law distributions arise in a surprising number of contexts

They are typically associated with preferential attachment processes {Barabasi, 2002)
The amount received is proportional to the existing amount.

Lists and Agentsets

To model such complexity we often need advanced prQgramming concepts

Some of the most used constructs (data structures),i) NetLogo are:

Agentsets

Lists

An agentset is a set of agents.

Agentsets can have turtles, patches, orJinks{ but they cannot mix agent types.
You can ask an agentset to perform sofie’commands.

NetLogo comes with three special ‘agetitsets built in: “ turtles, ” “ patches, ” and *
links”

What makes agentsets so powekful is that you can create your own agentsets

For example, an agentset of all the red turtles,

Or an agentset of all thexpatches in the upper right quadrant.

Agentsets are always, i random order.

So if you ask ansagentset, several different times, to execute some commands, each
time the ordexin Which the agents take turns executing the commands will be
different.

Lists ake(orgered collections of data.

We can have a list of numbers

Alist.of words, even a list of lists, also even a list of agents.

Sinice they are in a list, these agents will have a particular order, so you can use the list
to execute their commands in any order you might like.

Summary

We have examined the basis of complex results in the Simple Economy Model
We have seen how concepts from one domain can be used in a completely different
domain



Part of the inhumanity of the computer is that, once it is competently programmed and working
smoothly, it is completely honest.

—Isaac Asimov

The perfect journey is never finished, the goal is always just across the next river, round the
shoulder of the next mountain. There is always one more track to follow, one more mirage to

explore. b\f‘»

—Rosita Forbes

Sailors on a becalmed sea, we sense the stirring of a breeze.

—Carl Sagan
N\
Characteristic Features *
There are four characteristic features of agent-based modeling: 6
1. Simple rules can be used to generate complex phenomena f&
2. Randomness in individual behavior can result in cons&ﬂ%ﬁ rns of population behavior
3. Complex patterns can “ self-organize ” without an a&leader orchestrating the behavior
4. Different models emphasize different aspe@we world

1. Simple rules can be used to generat@fﬂglex phenomena

Many of the models that we will ® have very simple rules that do not require complex
mathematical formulas or a e')nderstandlng of the knowledge domain that they are
attempting to model. Nonet % they are able to reproduce complex phenomena that are
observed in the real World.@wstance a model of fire spread may have only a simple rule to
describe fire spread fromeonetree to another, but it still may have interesting things to say about
how likely a fire isia&i across an entire forest.

2. Randomne&@l dividual behavior can result in consistent patterns of population
behavior 0

Itis co n for people when they see an ordered population level behavior such as a flock of
bikds t0 assume that there must be deterministic processes that govern the behavior

(q'}xhe individuals ( Wilensky & Resnick, 1999 ). In the case of the birds, people tend to believe

&

at there must be specific social rules or communications that tell each bird how

to place itself in the flock. However, nature has some surprises for us: Many times the
individual level rules are quite simple (see point 1) and do not necessarily tell the bird where
to position itself in the flock. Instead, the rules often contain a certain amount of
nondeterminism and are robust to perturbations in the initial conditions. Despite the stochastic
nature of these systems, they can still result in the generation of predictable high-level behavior
like the flocking of birds.



Characteristic Features of ABM
3. Complex patterns can “self-organize” without any leader orchestrating the behavior

Similarly, it is common for people when they see a flock of birds, to assume that there must be
a leader who orchestrates the behavior — a leader bird who tells each follower bird what to do
(Resnick & Wilensky, 1993 ; Resnick, 1994a; Wilensky & Resnick, 1999 ).1 However, nature
again surprises: a population of individuals, each following very simple rules, can “ self-
organize, ” generating complex and beautiful patterns without any orchestrator or centralized
controller — these patterns are called “emergent” ( Wilensky & Reisman, 2006 ).

4. Different models emphasize different aspects of the world

Even after we have completed a good working model of a particular phenomenon,\we have not
finished with the modeling process. Every model foregrounds certain aspects.of

the world and backgrounds other aspects. There can be many models of the.same phenomenon,
and they may each have something interesting to say about the wagsthe world works. For
instance, a model of residential location preferences may emphasize*how likely a person is to
move into a neighborhood based on how she likes the other pedple in the neighborhood. Such
a model may have very interesting things to say about haw Urldan populations develop, but it
may say nothing about school districts, location of retailMausinesses, or development of parks,
all of which are also affected by residential location preferences.

The Fire Model

Critical Threshold or Tipping Roint: Many complex systems tend to exhibit a phenomenon
known as a “ critical threshold *»( Stauffer & Aharony, 1994 ) or a “ tipping point ” ( Gladwell,
2000).

Tipping Point: Esséntially, a tipping point occurs when a small change in one parameter
results in a largergfiange in an outcome.

Tipping Roint Example: One model that clearly contains a tipping point is the early agent-
based fModet of a forest fire.

Faorest Fire Model: This model is easy to understand, yet exhibits some interesting behavior.

« Besides being interesting in its own right, the model of forest fire spread is highly
relevant to other natural phenomena such as the spread of a disease, percolation of oil
in rock, or diffusion of information within a population ( Newman, Girvan & Farmer,
2002).

« This simple model is highly sensitive to one parameter. When observing the resultant
outcome of whether or not a fire will burn from one side of a forest to another
(percolate), the output is mainly dependent on the percentage of the ground that is
covered by trees (see figure 3.1). As this parameter increases, there will be little to no



effect on the system for a long time, but then all of a sudden, the fire will leap across
the world. This is a “tipping point” in the system.

Figure 3.1
A forest fire consuming trees in a forest.

N

Benefits of Knowing thata S stg-a?as a Tipping Point: Knowing that a system has tipping
points can be useful for a varie%f reasons.

effort into the , even if you are not seeing any results yet, may yet bear fruit.
2. Second, if%g now where the tipping point is, and if you know how close you are to
it, the n determine whether or not it is worth putting additional effort into the

1. First, if you knog %/stem exhibits a tipping point, you know that continuing to put

re far away from the tipping point, then it might not be worthwhile trying to
ge the state of the system, whereas if you are close to the tipping point it may take
Q/only a small amount of effort to make a big change in the state of the system.

cription of the Fire Model: The Fire model arose from a number of independent efforts
QCJ—) 0 understand percolation phenomena.

Percolation: In percolation, a substance (such as oil) moves through another material (such as
rock), which has some porosity.

Broadbent and Hammersley (1957) first posed this problem, and since then many
mathematicians and physicists have worked on it. Influenced by cellular automata models, they
introduced a percolation model using the example of a porous stone immersed in a bucket of



water. The question they focused on was: What is the probability that the center of the stone
becomes wet?

A fire moving through a forest can be thought of as a kind of percolation where the fire is like
the oil and the forest is like the rock, with the empty places in the forest analogous to the
porosity of the rock. A similar question to Broadbent and Hammersley’s is: If you start with
some burning trees on one edge of the forest, how likely is the fire to spread all °\\
the way to the other side of the forest? Many scientists created and studied such fire model \’b
In 1987, the Danish physicist and complex systems theorist Per Bak and his colleagues shox@
that the spread of the fire depended on a critical parameter, the density of the forest. B e

this parameter arises naturally, the complexity of the fire can arise spontaneousl)(Bﬁbl as
therefore a possible mechanism to explain the world’s naturally arising complexi ak and

his colleagues called this phenomenon “self-organizing criticality” and demo &d itina
number of contexts including, famously, the emergence of avalanches in sand\piles.

Herein, we will explore a version of the Fire model adapted by Wilensky (1997a) that is
developed in the NetLogo modeling language and is distributed in ﬂ’\ rth Science section of
the NetLogo models library.

HOS s 30|

Semrwe——— e
| density 63%

Candi I £ z'

percent burned
346

Figure 3.2
CDQ NetLogo Fire Simple Model. Based on NetLogo Fire model (Wilensky, 1997). http://ccl.northwestern.edu/
( netlogo/models/Fire.

This version of the Fire model contains only patches, no turtles. The patches can have four
distinct states. They can be (1) green, indicating an unburned tree, (2) red, indicating a burning
tree, (3) brown, indicating a burned tree, or (4) black, indicating empty space (illustrated in
figure 3.2). When the model is first set up the left edge of the world is all red, indicating that it



is “on fire.” When the model starts running, the fire will ignite any “neighboring” tree — that
IS, a tree to its right, left, below, or above it that is not already

burned and not already on fire. This will continue until the fire runs out of trees that it can

ignite. The only “control parameter” in this model is the density of trees in the world. This
density parameter is not an exact measure of the number of trees in the world. Rather, it

>

is a probability that determines whether or not each patch in the world contains a tree. %

Because the density is probabilistic and not deterministic, even if you run the model m@o e
times with the same density setting, you will get different results. be

Understand the code of the Forest Fire Model @

Let us examine the simple rules that govern the Fire model. The co&at initializes the

model is as follows: ’b
~Q

to setup
clear-all
;3 make some green trees
ask patches [
if (random 100) < density
[ set pcolor green ]
;; make a column of burning trees at the left-edge
if pxcor = min-pxcor
[ set pcolor red ]
]
;; keep track of how many trees there are
set initial-trees count patches with [pcolor = green]
reset-ticks
end
O
Just as e Life Simple model we saw earlier, the Fire Simple model will use only stationary

agents; patches, and no moving agents, turtles. Besides these basic types of agents, agent-based
f@ls can have many other types, including user created agent types.

(C)—ngplanation of code of the Forest Fire Model

e The first line of the procedure is a command, CLEAR-ALL (or CA for short in the
NetLogo language), which resets the world to its initial state — it resets the model’ s
clock, kills all moving agents, and restores the default values to the stationary agents.

e The rest of this code issues commands to the patches. First, it populates the world with
trees, and second, it makes a column of burning trees (by setting their color to red, the
indication that they are on fire) at the left edge of the world. We have made many



&

modeling choices here. Foremost among these are (1) modeling empty space in the
forest as black patches, (2) modeling nonburning trees in the forest as green patches,
and (3) modeling fire as burning trees, which are represented as red patches.

e Once these modeling choices are made, we can write the code to populate the model.
To set up the trees, we have asked the patches to perform:

if (random 100) < density

[ set pcolor green ] 'gﬁ}
\

To help us in understanding the setup code, suppose that the density is set to 50. '@de tells
each patch to roll a hundred-sided “die” (or, an alternative metaphor, spin a sﬁ\ r with 100
equal sectors). Let us take the point of view of a patch. If I’ m a patch, 1.t the die. If that
die comes up less than 50, then “I become a tree,” otherwise “I don’t de,a ing.” So, half of
the time I will become a tree (turn green) and the other half of the ti remain black. Note
that each patch throws its own independent die so theoretically all 11Q.hem (or none of them)
could become trees. But, on average, half will become trees. If t % ity were higher or lower,
the same code would work to populate the model with rou@he appropriate tree density.
This trick of taking the point of view of the hat we called agent-centric
thinking earlier, is one we will employ frequently and %od habit to form for facility with
ABM. ’

Once the model is set up or initialized, we m\%’kg@me what the model does at each “tick” of
the clock. This is typically done in a proc% med GO.

The code for the GO procedure is tbe@lows:
C\

to go
;3 stop the model when done
if all? patches [pcolor != red]

[ stop ]

;3 ask the burning trees to set fire to any neighboring non-burning trees
ask patches with [pcolor = red] [ ;; ask the burning trees
ask neighbors4 with [pcolor = green] [ ;; ask their non-burning neighbor trees
set pcolor red ] ;; to catch on fire
set pcolor red - 3.5 ;3 once the tree is burned, darken its color
]
tick ;; advance the clock by one “tick”
end

(Q%/\/Qrun the Fire Simple model several times. If we run it with a low density of trees, we will

ee, as expected, very little spread of the fire. If we run it with a very high density of trees, we
will see, as expected, the forest being decimated by the inexorable march of the fire. What
should we expect at medium densities? Many people surmise that if the density is set to 50
percent, then the fire will have a 50 percent probability of reaching the right edge of the forest.
If we try it, however, we see that at 50 percent density, the fire does not spread much. If we
raise it to 57 percent, the fire burns more, but still doesn’t usually reach the other side of the
forest (see figure 3.3).

>



Figure 3.3
Two typical runs of the Fire Simple model with density set to 57 percent.
\{\
’
However, if we raise the density to 61 percent, j@ercent more density, the fire inevitably

reaches the other side (see figure 3.4). ;\\'
NN
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Figure 3.4
Two typical runs of the Fire Simple model with density set to 61 percent.

This is unexpected. We would expect a small change in density to have a relatively small effect
on the spread of the fire. But, it turns out, the Fire model has a “critical parameter” of 59 percent



density. Below 59 percent density the fire does not spread that much; above it, it spreads
dramatically farther. This is an important and prevalent property of complex systems: They
exhibit nonlinear behavior where a small change in input can lead to a very large change in
output.
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Figure 3.5
NetLogo Fire Simple model after first extension.



Second Extension: Adding Wind

Sometimes we can take an ABM for which we used a probability to model a suite of
mechanisms and refine it so that some of those mechanisms are modeled in a more physical
way. Our first extension hides a host of possible mechanisms in the PROBABILITYOF-
SPREAD. We can pull out one of those mechanisms and model it in a more refined way. Wind
is a good example of a process that we can model more specifically. We can think of the effect
of wind on a fire as increasing the chance of fire spread in the direction it is blowing, decreasing
the chance of fire spread in the direction it is not blowing, and having little effect on fire spread
that occurs perpendicular to the direction of its movement. Of course, this too is ‘an
oversimplification — there are often local effects of wind, such as turbulence. As we haveSeen,
all models are simplifications, and playing the modeling game means we will accept‘thjs one
for now.

To implement wind in our model, we will create two sliders. One will contrelthe speed of the
wind from the south (a negative value will indicate a wind from the north)*and one will
control the speed of the wind from the west (a negative value will indjdate.a wind from the
east). We create these two sliders and set them up to go from — 25 te 25 How do we use
these new parameters in the code? If we think back to our first moghification, we want these
new parameters to affect the PROBABILITY-OF-SPREAD.

This effect will be based on the direction that the fire is\attempting to spread. Since we have
set the wind speed to vary from — 25 to 25, we could coriceive of those numbers as percentages
by which to modify the probability of spread which is expressed as a percent. In order to do
this, let us first create a local variable called\PROBABILITY that will initially be set to
PROBABILITY-OF-SPREAD. A local variaple-Is one that has a value only within a limited
context, usually inside the procedure in which it is defined. If we only need to reference a
variable in one procedure, then it is best'tg™dse a local variable. But, remember, you will not be
able to see the value of the variable elsewhere in your program or in the command center. We
define a local variable with thex‘let” Jprimitive and can modify it with the “set” primitive. We
can modify PROBABILITY tg take into account WIND-SPEED by increasing or decreasing it
by the WIND-SPEED in the,direction the fire is burning. When we put this all together, we get
the following code:



to go

if all? patches [pcolor = red]
[ stop ]

;; each burning tree (red patch) checks its 4 neighbors.
;; If any are unburned trees (green patches), change their probability
;; of igniting based on the wind direction
ask patches with [pcolor = red] [
;; ask the unburned trees neighboring the burning tree
ask neighbors4 with [pcolor = green] [
let probability probability-of-spread ;; define a local variable

;; compute the direction you (the green tree) are from the burning tree
;3 (NOTE: “myself” is the burning tree (the red patch) that asked you
;; to execute commands)
let direction towards myself
;3 the burning tree is north of you
;; so the south wind impedes the fire spreading to you
;5 so reduce the probability of spread
if (direction = @ ) [
set probability probability - south-wind-speed ]

; the burning tree is east of you
; so the west wind impedes the fire spreading to you
; so reduce the probability of spread
if (direction = 90 ) [
set probability probability - west-wind-speed ]

; the burning tree is south of you
; so the south wind aids the fire spreading to you
; so increase the probability of spread
if (direction = 180 ) [
set probability probability + south-wind-speed ]

; the burning tree is west of you
; so the west wind aids the fire spreading to you
; so increase the probability of spread
if (direction = 270 ) [
set probability probability + west-wind-speed ]
if random 10@ < probability [ set pcolor red ]

set pcolor red - 3.5

]
tick
end
~
This a little tricky. Essentially, what it does is modify the probability of spread,
increaging it in the direction of the wind and decreasing it in the opposite direction. It calculates
t ange in the probability by first determining which direction the fire is trying to spread
a en determining which of the winds will affect it. Once this probability is calculated, it is
c_) en used to determine whether or not the fire spreads to the neighboring tree.

This modification can lead to quite interesting patterns of spread. For example, set the density
at 100 percent, and make the wind blow strong from the south and west. At the same time, set
the PROBABILITY-OF-SPREAD fairly low, say around 38 percent. This

creates a triangular spread, and, all else being equal, the fire should spread to the northeast.

>



(See figure 3.6.)
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Figure 3.6
NetLogo Fire model after second extension.
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Third Extension: Allow Long-Distance Transmission

We have modeled the effect of wind as pushing the fire to spread in one direction. Another
possible effect of wind is to enable the fire to jJump over long distances and start fires where
there are no surrounding burning trees. That might be an interesting process to model. In order
to make sure the revised model can replicate our old results, we add a switch to control the
jumping. We add a Boolean (TRUE or FALSE) switch labeled BIG-JUMPS? Switches in
NetLogo provide a way to have direct control over variables that can only be true or false.

This particular switch allows us to turn on and off the jumping behavior. With the switch

off, the revised model should produce the same results as Fire Simple Extension 2. Qnedyay to
model fire jumping due to wind would be to ignite a new fire at some distance in tffe8irection
of the wind. We can do this by modifying the code inside our earlier GO procedure ‘as follows
picking up after we do all of the changes in probability based on wind:

if random 100 < probability [
set pcolor red

33 if big-jumps is on, then sparks can fly farther
if big-jumps? [
let target patch-at ( west-wind-speed / 5 ) ( south-
wind-speed / 5 )
if target != nobody and [pcolor] of target = green [
ask target [
set pcolor red ;; ignite the target patch
]

]

The first part of this codeAurns the current patch to red, which is the same as the previous
version, but the second part after IF BIG-JUMPS? is what has changed. If BIG-JUMPS? is true
then it looks for a targetpaich that is some distance away in the direction of the wind. If there
is an unburned (green)ttree at that location, then that tree is also set on fire (due to the spark
having landed\th@re). A more detailed model could include explicit spark agents, which travel
according to.theéywind, and catch trees on fire when they land, but in this case, we just model
the effects\0fdlying sparks without modeling the sparks themselves.

Insertthis code and see what effect it has on the model. You start to see lines in the direction
@R\the wind as it jJumps across gaps in the forest (as shown in figure 3.7). This extension can
have visually dramatic effects. Explore different sets of parameters and observe the different
patterns of spread you can get. This modification increases the probability that the fire will
reach the right edge of the world (our measure), but the resultant pattern is no longer the same;
there are big chunks of the world that are not burned anymore. As new patterns emerge, we
may need to reevaluate the questions that drove us to create the model, which may change the
measures we collect about the model.

Each extension can lead to many more questions, which in turn call for new extensions.



In our third fire extension, it is of course also possible to have big jumps be probabilistic
in the same way that the neighboring spreads are, or to have the sparks from the big jumps

land in a random rather than a determined location.

Figure 3.7
NetLogo Fire model after third extension.
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Summar Fire Model

We ha&de three different changes to the model, which have affected our tipping point
’

fh‘/%ee different ways.

QCJ‘) 1. The final change to the model points out that the measure we were observing (whether
or not the fire made it to the right edge of the world) might not even be the measure we
want to observe.
2. As we change the fire spread mechanisms, other measures such as “percent burned”
may become more important. These new measures may or may not have tipping points.
This illustrates an important feature of tipping points.



3. They are defined by an input and an output measure. A model does not have a tipping
point in and of itself — the tipping point is relative to the choice of inputs and output
measures.

The Diffusion-Limited Aggregation (DLA) Model ’\\
As we discussed earlier, the ABM perspective enables a new and different understandin o§b
complex systems. As demonstrated with the Fire Simple model, it is possible to think ab
inanimate objects (such as trees) as agents. By reconceptualizing atoms and mole as
agents, and then developing procedural rules to describe how these agents interact W\ gain

a deeper understanding of many different types of physical phenomena.

For instance, the formation of complex beautiful patterns in nature has r%d and amazed
humans for many years (see figure 3.9), yet many of these patterns can hg’ génerated using
simple rules. Often in ABMs we will see that the complexity of a re@g pattern bears little
direct relationship to the complexity of the underlying rules. \

~

Figure 3.9
A DLA copper aggregate formed from a copper sulfate solution in an electrode position cell (Kevin R. Johnson,
(g 2006, http://commons.wikimedia.org/wiki/File:DLA_Cluster.JPG).

C_) n fact, in some cases the results will seem to be exactly the opposite; simpler rules will often

Q} create more complex patterns. The focus of our interest should not necessarily be on the
complexity of the rules, but instead on the interaction those rules produce. Many agent-based
models are interesting not because of what each agent does, but because of what the agents
do together.

In this section, we will look at a very simple model where all that the agents do is move



randomly around the world, and eventually stop moving when a basic condition is met;
despite the simplicity of the rules, interesting complex phenomena can emerge.
Description of Diffusion-Limited Aggregation

In many physical processes from the creation of clouds, to snowflakes, to soot, smoke, and
dust, particles aggregate in interesting ways.

« Diffusion-limited aggregation (DLA) is an idealization of this process, and was ?h-?
examined as a computational model in the early eighties (Witten & Sander

1983).

o DLA models were able to generate patterns that resemble many found ir@(e such
as crystals, coral, fungi, lightning, and growth of human lungs, as well a | patterns
such as growth of cities (Garcia-Ruiz et al., 1993; Bentley & Humews, 1962; Batty

& Longley, 1994). 6

Netlogo Model of DLA ,&

A NetLogo version of diffusion-limited aggregation was one%first models written for the
NetLogo models library (Wilensky, 1997b). This mo t ith a large number of red
particle agents and one green patch in the center. The g(& atch at the center of the screen is
stationary, but when you press GO, all of the red partieles move randomly by “wiggling” left
and right (resulting in a small random turn) and t ving forward one step. After a particle

moves, if any of its neighbors (i.e., nearby pa ) are green, the particle dies, turning the
patch it is on green (the particle can do so@e all turtles have direct access to the variables

of the patch they are on). If you let the I run long enough, you will get an interesting
fractal-like pattern forming from the @atches (see figure 3.10).
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Figure 3.10

NetLogo model of diffusion limited aggregation. http://ccl.northwestern.edu/netlogo/models/DLA (based on
Wilensky, 1997b).

Here is the NetLogo code for the G@-procedure for DLA Simple. WIGGLE-ANGLE is a global
variable, the value of which is set,by a slider in the interface.

to go
ask turtles
;; turn a random amount right and left
[ right random wiggle-angle
left random wiggle-angle
forward 1
;; 1f you are touching a green patch, turn your own patch green and
;; then die
if ( any? neighbors with [pcolor = green] )
[ set pcolor green
die ] ]
tick
end

As the code shows, if any of the neighbors are green the particle stops moving, changes the
color of the patch that it is on to green and dies. Turtles have direct access to the variables of
the patch they are on — that is how the turtle can set the color of the patch it

is on (the PCOLOR in NetLogo).



We will now create three extensions of the DLA Simple model.
First Extension: Probabilistic Sticking

The DLA Simple model has very simple rules. The code consists of only two procedures, and
both of them are very small, yet these two procedures can generate many interesting results. In
these extensions we will examine how adding a few more simple rules can enable us to generate
more interesting patterns.

After you run the model for a while, you will realize that it always produces thin and wispy:
types of structures. Often the “stems” and “trunks” of the structures are only a single{patch
wide. This is because as soon as a particle touches anything green it will stop moving:

It is much more likely that it will touch something toward the edge of the structure, rather than
near the interior of the structure.

However, we can change this. One way to think of this system is that_if & particle comes into
contact with a stationary object, then it becomes stationary itself with<l@0 percent probability.
What if we decrease this probability? That is exactly what we wilFdg.in this extension. We will
allow the user to control the probability of a particle becoming stationary.

In the original code, if any of the neighbors are green, the_particle stops moving, changes the
color of the patch that it is on to green, and dies. What we need to do is add another test to this
rule, but we also have to make one other change tothé code at the same time.

Since stopping will be probabilistic, it is nQwpossible that a particle could be on top of another
green particle, and, in that case, we do not\want the particle to stop. So, we also need to make
sure we are not on a green particle fgefore we stop, which involves adding an additional
condition to the model:

to go
ask turtles
[ right random wiggle-angle
left random wiggle-angle
forward 1
if (pcolor = black) and ( any? neighbors with [pcolor = green] )
and ( random-float 1.0 < probability-of-sticking )
[ set pcolor green
die ] ]
tick
end

Now, a particle will only stick if a random number it generates is less than a given probability,
but where is this probability defined? If you add this code into the GO procedure and then move
to the Interface tab, NetLogo will generate an error because we have not defined this parameter
yet. So we will do that now. We go back to the Interface tab and create a slider called
PROBABILITY-OF-STICKING, and we give it a minimum value of 0.0, a maximum value of
1.0 and an increment of 0.01.3 Now we are finished with this extension, and we can run the
model with a PROBABILITY-OF-STICKING of 0.5, as seen in figure 3.11.
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Figure 3.11
DLA model after first extension.

You will notice that the branches‘efthe structure become thicker when the probability is 0.5.
This is because particles have arsmalfler probability of getting stuck on the outside

of the structure and can wander deeper in to the structure before stopping. If you want you can
still generate the origipaltesults by setting the probability to 1.0. As with the extensions to the
Fire Simple modeh, it is often helpful to make sure that when extending

a model you canstill generate the previous results. Not only does this allow you to inspect
whether any esrors were introduced by your code change, but also, as you continue to add
new parameters and mechanisms, you will often want to go back to your original results for
comparisen.

Second Extension: Neighbor Influence

The addition of our probability parameter enables us to explore a whole new range of structures,
while not interfering with our ability to add additional simple rules to this model. One
commonly explored extension to the DLA model is to explore how the probability of sticking
is related to the number of neighbors that are already stationary (the green patches) (Witten &
Sander, 1983). If a particle is moving, it is more likely that it will stick somewhere if two or



three of its neighbors are at rest than if just one of its neighbors is at rest. Thus, we want the
probability of stopping to increase as the number of stopped neighbors increases.

Let us begin this extension by adding a switch to our interface, which we will call NEIGHBOR-
INFLUENCE? This switch will determine whether or not we are taking the number of
neighbors in to account when determining if a particle should stop moving.

NEIGHBOR-INFLUENCE? is a Boolean variable, that is, it has one of two values, TRUE or
FALSE. It is conventional to append a question mark character to the end of the variable name
to point out to the reader that the variable is Boolean. After we add this switch, we can go baek
and look at our GO procedure. We left the GO procedure looking like this:

to go
ask turtles
[ right random wiggle-angle
left random wiggle-angle
forward 1
if ( pcolor = black ) and ( any? neighbors with [pcolor = green] ) and
( random-float 1.0 < probability-of-sticking )
[ set pcolor green
die ] ]
tick
end

We need to modify the PROBABILI{Y-OF-STICKING based on the
NEIGHBORINFLUENCE? switch. To accomplish this, we must first create a variable, which
we will call LOCAL-PROB If NEIGHBORANELUENCE? is turned off then LOCAL-PROB
will be the same as PROBABILITY-OF-STICKING. However, if NEIGHBOR-INFLUENCE?
Is turned on, then we will reduce the~pra@bability of sticking for small numbers of green
neighbors. We accomplish this by +nukiplying the PROBABILITY-OF-STICKING by the
fraction of its eight neighbors thatare green. For example, if PROBABILITY-OF-STICKING
is set to 0.5 and if a particle eficeunters a neighborhood with four green neighbors, then we
multiply PROBABILITY-QF:STICKING by 4/8 to get a sticking probability for that encounter
of 0.25. We do this in ordero create a relationship such that if many neighbors are green the
probability approachesthe-PROBABILITY-OF-STICKING and if few neighbors are green the
probability approdehesszero.4 As a further exploration, try some other functions and see how
it affects this kespit;\to facilitate this, you may want to make the number of neighbors that affect
a particle a pafagieter. The new code looks like this:



to go
ask turtles
[ right random wiggle-angle
left random wiggle-angle
forward 1
let local-prob probability-of-sticking

if neighbor-influence is TRUE then make the probability proportionate

;; to the number of green neighbors, otherwise use the slider as before \\
if neighbor-influence? [ \
;3 increase the probability of sticking the more green neighbors there are :>

set local-prob probability-of-sticking *
(count neighbors with [pcolor = green] / 8)

]

if (pcolor = black) and ( any? neighbors with [pcolor = green] )
and ( random-float 1.8 < local-prob )
[ set pcolor green
die ] ]
tick
end

N

When we run the model with this change in the code, we not@

(1) that it takes much longer to form a structure becauseﬁx is a much lower probability of a
mobile particle stopping, and

(2) the structures that emerge are very thick ost bloblike. In addition, there are many
fewer one patch-wide branches, because the :}é&ablllty of stopping when in contact with only
n

one other stationary patch is very smaII

see the results in figure 3.12 .
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Figure 3.12
DLA model after second extension.

Third Extension\Different Aggregates

The previous twe€xtensions have concentrated on deciding how a particle should stop when it
is movingy . there is another way that we can control how a particle stops. We can simply give
it moréplaces to stop at the beginning. If we look at the SETUP procedure in the previous
version of the model, we can see that it creates one green patch in the middle of the world:

to setup

end

clear-all
;; ask the middle patch to turn green
ask patch @ @
[ set pcolor green ]
create-turtles num-particles
[ set color red
set size 1.5 ;; make the particle bigger so it’s easier to see
setxy random-xcor random-ycor ]



Patch 0 0 is the unique name for the patch that is at x-coordinate 0, and y-coordinate 0, which
is at the center of the NetLogo world by default. However, what if we want to create multiple
green patches at the start? If there are multiple green patches, then there will be more places
for the moving particles to come to rest, and we can generate different patterns of aggregation.
To begin with, we need to create a slider so we can control the number of different aggregates
that we create; we will call this slider NUM-SEEDS. We give this slider a minimum of 1 (since

we need at least one seed), a maximum of 10, and an increment of 1. '\\
Once we have this slider, we can ask NUM-SEEDS patches to turn green in the setup: \,§b‘
to setup
clear-all

;; start with NUM-SEEDS green patches as “seeds”
ask n-of num-seeds patches
[ set pcolor green ]
create-turtles num-particles
[ set color red
set size 1.5
setxy random-xcor random-ycor ]
reset-ticks
end

The N-OF reporter selects a random set c&(@/I-SEEDS patches. We then ask these

randomly chosen patches to turn e@king them seeds for the aggregates. This is different
from what we did in the Fire ~ih that model, we asked each of the patches to determine
if they should become a tree (& Sged) using a random variable. The Fire model method will
generate roughly the fracti rees specified by the slider; the N-OF method will always
generate exactly the numbéprof seeds specified by the slider. In agent-based modeling, the
probabilistic methqdé@ the Fire model is often considered more realistic since nature does

not specify exact s. However, the N-OF method gives us more precise control over the
model’s beha i(Q/

Even i t NUM-SEEDS to 1, we will no longer always create a seed at the center of the
world,, Instead, the seed will be randomly placed somewhere in the world. In this case it is

er to deviate from the original version and not much is lost by doing so. There is really

nothing special about the center of the world, and having the seed start anywhere randomly
C_gQ\/Ill be sufficiently similar to the original result for testing and exploration purposes. If we
Q) really desire to have the seed start at

This cod§ S, but note that it no longer re-creates the exact results of the original model.

the center of the world, we could add another parameter; this is left as an exercise for

the reader. The final version of the simple DLA model, after all three extensions, is shown in
figure 3.13. With multiple seeds, the patterns look somewhat like frost forming on a cold
window.
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Figure 3.13
DLA model after third extension.

The Segregation Model
Fundamental Approaches to ABM
There are two fupdiawiental approaches to starting to build an agent-based model.

o Thegistapproach, more common in science contexts, is to start with a known
phendmenon to be modeled. This approach is called phenomena-based
modeling. Usually when engaged in phenomena-based modeling, we have an
aggregate pattern, termed a reference pattern that we are trying to generate with agent
rules.

e Another way to begin is to start with some simple rules and play them out to see what
patterns develop. This approach is sometimes referred to as exploratory modeling.

Frequently in pursuing ABM, we take some combination of these two approaches.
Schelling Model

In his investigations into the nature of nature of segregation, Thomas Schelling took a more
exploratory modeling approach with his Neighborhood Tipping model (1971).



Schelling wondered what would happen if you assume that everyone in the world wanted to

live in a place where at least a reasonable fraction of their neighbors were like themselves, i.e.,

they have an aversion to being an extreme minority (which he called weakly prejudiced; see

Anas, 2002). He explored this

model using a checkerboard as a grid, with pennies to represent one race and dimes to represent
another. He counted by hand the number of pennies surrounding each dime and divide by the
number of neighbors surrounding that dime. If this value exceeded a certain threshold value, .
he would move the dime to a random empty location on the board. He repeated this proces \\
hundreds of times and observed the outcome. (See figure 3.15.) \,gb
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A map of Chicago with each dot representing twenty-five people. By representing the data at this finer level than
traditional maps that aggregate demographics are mapped at a high level, Rankin illustrates nuances of segrega-
tion much like ABM enables us to explore nuances of individual-level behavior.



Schelling Model

For high levels of the threshold, the model confirmed what he predicted. The checkerboard
would quickly segregate into areas of all pennies and all dimes. What surprised Schelling about
this model (and many other people at the time) was that even at low levels of the threshold, he
would still see groups of pennies and groups of dimes together in dense clusters.

This global segregation occurred despite the relative tolerance of each individual. There was
no single individual in the Schelling model who wanted a segregated neighborhood, but the
group as a whole moved toward segregation. Schelling described this as “macrobehaviog™
derived from “micromotives” (1978).

At the time when Schelling introduced this model, it was very controversial for sgyecal
reasons. First, it was widely believed at the time that housing segregation wascaused by
individuals being prejudiced. Schelling’ s work seemed to be “excusing. ‘people from
prejudice, saying that prejudice itself is not the cause of segregation. The cause of segregation
is an emergent effect of the aggregation of people * s weak prgjudice. But Schelling ’ s point
was not to excuse people for their prejudice, his model defonstrates that prejudice is not a “
leverage point ” of the housing system. Unless you can“teduce prejudice to close to zero, so
that everyone is perfectly comfortable being the Sole member of their race in their
neighborhood, this segregation dynamic will emerge: So, if your goal is to reduce housing
segregation, it may not be effective to work dizectly on reducing individual ’ s prejudice.
Another controversial aspect of Schelling s.fhodel is that it modeled the people as behaving
with very simple rules. Critics argued that *“people are not ants” ; they have complex cognition
and social arrangements, and yougannet model them with such simple rules.

To be sure, Schelling ° s modelsyas highly oversimplified model of people ’ s housing

choices. Nevertheless, ig«did*reveal a hitherto unknown important dynamic. Eventually,

Schelling carried'tteday. For his large body of work on exploring the relations of micromotives
and macrobehavigr, and his work on conducting game-theory analyses of

conflict and‘edoperation, Schelling was awarded the Nobel Prize in economics in 2005.
Te-this day, it remains controversial how much of human behavior can be modeled with

simple rules.

SEGREGATION MODEL

A NetLogo version of the segregation model is distributed in the IABM Textbook section of
the models library. This model is shown in figure 3.16 .



Figure 3.16
Initial state of the NetLogo Segregation model. Red and green turtles are distributed at random. http://ccl.north-
western.edu/netlogo/models/Segregation (Wilensky, 1997d).

When you press the SETUP button, an approximately equal number of red and green
turtles will appear at random locatiogs.in the world.

Each turtle will determine ifdtNS-happy or not, based on whether the percentage of neighbors
that are the same color as itgelf meets the %-SIMILAR-WANTED threshold.

When you press thé-GOoutton, the model will check if there are any unhappy turtles.

Each unhappy~tuktle will move to a new location. It moves by turning a random amount and
moving for@ard’a random amount from 0 to 10. If the new location is not occupied then the
turtle setthes.down, if it is occupied, it moves again. After all the unhappy turtles have moved,
every turtle again determines whether or not it is happy and the process repeats itself. (See
figue 3.17.)



| setp go

number 2000
fes =]
%-similar-wanted 30%
Percent Similar
100
R
0
0 time 25
Percent Unhappy
100
x
0
0 time 25
Figure 3.17

Percent Similar Percent Unhappy
72.7 0

A run of the Segregation model with a “tolerance™ level of 30 percent. Even though most agents are comfortable
in an integrated neighborhood, the housing gets very segregated with 72.7 percent of agents surrounded by their

same color agents.
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The SETUP procedure for this m el\ s follows:
N

to setup
clear-all

;; create a turtle on NUMBER randomly selected patches.

ask n-of number patches
[ sprout 1 ]

ask turtles [

;3 make approximately half the turtles red and the other half green
set color one-of [red green]

]
’

update-variables ;; update the turtles and the global variables

C_)% reset-ticks
< end

The code asks a random set of patches to each sprout a red turtle. The size of the patch set is
determined by the NUMBER slider, so after sprouting, the number of turtles is exactly the
value on the NUMBER slider, each turtle on its own patch. The code then asks the turtles to
turn red or green with equal probability, resulting in an approximately equal number of red

and green turtles.



SEGREGATION MODEL CONTINUED

The GO procedure is:

to go
if all? turtles [happy?] [ stop ]
move-unhappy-turtles

update-variables
tick %

end \
Q
rtles,

This code stops the simulation when all the turtles are happy. If there are any unh
it asks them to move, and then all turtles recalculate their happiness. \

The happiness calculation takes place in the update-turtles procedure, vv}ﬁ\&@éuows:

to update-turtles
ask turtles [
;3 1n next two lines, we use "neighbors" to test the eight patches
;3 surrounding the current patch

;; count the number of my neighbors that are the same color as me
set similar-nearby count (turtles-on neighbors)
with [color = [color] of myself]

;3 count the total number of neighbors
set total-nearby count (turtles-on neighbors)

33 I’m happy if there are at least the minimal number of
HH same-colored neighbors
set happy? similar-nearby »>= ( %-similar-wanted * total-nearby / 180 )

]

end

[ 4 ]

This code asks each t@é count how many of its neighbors are same-colored turtles and how
many are differetb\% red turtles. It then sets its ““ happy? ” variable to TRUE

if the percent@%f same-colored neighboring turtles is at least equal to the value set by

the %-@9AR-WANTED slider.
I,ERCENT SIMILAR monitor displays what percentage of a turtle ° s neighbors are
C_)(Qne same color as it, on average, while the PERCENT UNHAPPY monitor display what

percentage of all turtles are unhappy.

>



First Extension: Adding Multiple Ethnicities

One simple extension to this model is to add a third, fourth, and even fifth ethnicity. This can
be done by modifying the SETUP code. Currently the model sets all the turtles to red initially,
then asks half of them to become green. Recall the code that sets up the turtles:

;3 create turtles on random patches
ask n-of number patches
[ sprout 1 ] %
ask turtles [ \
:: make half the turtles red and the other half green er

set color one-of [red green] K
1 ®
AN
We need to figure out how to modify this code so that it works with mora@wo ethnicities.
e

Since we are now allowing the number of colors to vary we need to g d red and green
turtles, sometimes we will need blue, yellow, and orange turtles as well:

Therefore, we begin by defining the colors we will allow the tu@o have. We do this

by establishing a global variable colors: Q\
globals [
percent-similar ;; on average, what percent of a turtle's neighbors

;; are the same color as that turtle?
percent-unhappy ;; the percent of the turtles that are unhappy
colors ;3 a list of colors we use to color the turtles

1

. N
The last line, “colors,” is the o 1&:?%@& variable. Now we need to define what the value
of this global is. We can do thig'iq the SETUP procedure:

set colors [red green yellow blue orange ]

NN
This line of ¢o \\atializes the global variable colors to be a list of the five colors. Next,
we would lik: ow the model user to control of the number of ethnicities in the system, and

bound is slider from 2 to 5. Now we have to make the code use this slider. We do this by

we can %@s by adding a NUMBER-OF-ETHNICITIES slider. We will initially set the
modifying the turtle coloring code. We replace all of the SETUP code above with the following:

ﬂ
(Q ;3 create a turtle on NUMBER randomly selected patches.

ask n-of number patches
[ sprout 1 ]



;3 assign a color to each turtle from the list of our colors
ask turtles
[ set color (item (random number-of-ethnicities) colors) ]

This code tells a number (equal to the interface slider NUMBER) of random patches to

sprout a turtle. Each turtle picks its color randomly from the list of colors we just initialized,
But the turtles can only pick the colors in the list up to the number of ethnicities.

For example, if the NUMBER-OF-ETHNICITIES is 3, only the first three colors in the

list are used.

Now that we have code that allows multiple ethnicities, try running the modeMwith different
numbers of ethnicities and observe what effect this has on the segregation of the system. You
will notice that as you increase the NUMBER-OF-ETHNICITIES(t takes longer for the
system to settle — that is, for all the turtles to be happy. (See figute,3.18.)

setup go z'
| number 2000
‘%—slmllar—wanled 30% ‘ar Ve AP 7;"‘?"""
i Percent Similar : :
| 100 re
R
\ 4
0
0 time 413
| Percent Unhappy
: 100
|
R
0 : —— — : : .
0 time 413 Percent Similar Percent Unhappy
76.2 0
number-of-ethnicities 5
Figure 3.18

NetLogo Segregation model after first extension.



However, once the system has settled, the final PERCENT SIMILAR displayed in the monitor
remains pretty much the same regardless of how many ethnicities there are. Can

you explain why this might be?

Second Extension: Allowing Diverse Thresholds \f‘»

In the original version of Schelling > s model, every agent in the world had exactly the sa
similarity threshold. This meant that every agent had the same level of tolerance for ﬁq’ng
other ethnicities in its neighborhood. Although relaxing this assumption might een
difficult to enact with a checkerboard, it is straightforward to do using an ABM I ge.

It’s likely that different individuals in a real population would have different s&s of tolerance.
And with an ABM language we can easily give each individual % s *‘own personal
characteristics. Agents can act on these personal characteristics an decisions based on
them. This means that even when agents in an ABM are runnmg{&zxaet same code, their
behavior can be quite different.

So how can we make the individuals in the Segregation gﬂ!%re diverse? One way would
be to give them a range of similarity thresholds rather th requmng them all to have the same
value for that threshold. To do this, we need to first give’the turtles the ability to have their own

%-SIMILAR-WANTED. We do this by modifyi turtles-own properties. As we showed
in chapter 2, any variable in a turtles-own de n is a variable that is a property of every
turtle, that means every turtle can have a df\ value for that variable.

\

turtles-own [
happy? ;3 Tor each turtle, indicates whether at least
;3 %-SIMILAR-WANTED percent of that turtle’s neighbors
;; are the same color as the turtle
similar-nearby ;; how many neighboring patches have a turtle with
;3 my color?
total-nearby ;; sum of previous two variables
my-%-similar-wanted ;3 the threshold for this particular turtle

]

X
Now, in % to the other properties that the turtles have, they each have a MY-%-
SIMIL ANTED property, but as of right now this value is not set. We need to modify

ETUP procedure in order to initialize the turtles with their own MY-%-
(0 LARWANTED values.

;; assign a color to each turtle from the list of our colors using number-of-
;; ethnicities to maximize the number of colors and assign an
;3 individual level of %-similar-wanted
ask turtles
[ set color (item (random number-of-ethnicities) colors)
set my-%-similar-wanted random %-similar-wanted’® ]



We insert this new code directly after specifying the color that we changed in the first
extension. This value is set to a random value between 0 and the value from the %-SIMILAR-
WANTED slider. This means that the %-SIMILIAR-WANTED variable no

longer specifies the tolerance of each agent, but rather it specifies a maximum value that

any agent can have for its tolerance. -\\
However, the code that determines whether or not a turtle is happy has not yet changed, and \rb
all of these individual tolerance values will be ignored. Let us change the UPDATE-TURTL@
code to use these new values. This requires only one small change er

to the code: @
AN\

set happy? similar-nearby >= ( my-%-similar-wanted * total-nearby / 100 )

V
All we do is replace %-SIMILAR-WANTED with MY-%-SIMII@ANTED to tell the
turtle to use its own agent variable instead of the global variable.rb

Now that we have all of the code for the agents to use thsgg thresholds, run the model
several times with different values of %-SIMILAR-\% ED. Do you see any different
results? If you play with the model enough, you will naticé that the PERCENT

SIMILAR monitor ends up with a lower value a@n?end of the run then it did after the first
extension. This result is logical, since no in(ﬁg&}al can be less tolerant in this extension than
before, but some individuals will be more nt allowing them to find

locations where they are happy gh there are more ethnically different individuals
around them. In fact, the average MY-%-SIMILAR-WANTED values of the turtles will
be approximately half of the %a %-SIMILAR-WANTED slider. Comparing the original

Segregation model with thj nsion of the model using twice the %-SIMILAR-WANTED
value is left as further e &ﬂon for interested readers. (See figure 3.19.)
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Figure 3.19

NetLogo Segregation model after second extension.
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Third Extension: Adding Diversity-Seeking Individuals

Another simplification that the original segregation model makes about the world is that
individuals are concerned about too much diversity but that no agents actively seek diversity

in their neighborhoods. An easy way to overcome this simplification is to allow individuals to

have a %-DIFFERENT-WANTED property just as they have a %-SIMILAR-WANTED
property. We begin by creating a slider for %-DIFFERENTWANTED that is just like the %- .
SIMILAR-WANTED slider. After that we only need to make one additional change to th ,§\
code. We’ve already been calculating the number of ethnically different turtles in tl%
neighborhood and so we only have to modify the updateturtles procedure to make use of‘ﬂ%

new parameter:
N

N g

;3 count the number of my neighbors that are a different color than me
let other-nearby count (turtles-on neighbors)
with [color != [color] of myself]

set happy? similar-nearby >= ( my-%-similar-wanted * total-nearby / 100 )
and other-nearby >= ( %-different-wanted * total-nearby / 100 )

N\
With the addition of the new clause (shown in bold), the ’Qappiness calculation tells
the agents that they are only happy if the number of si agents nearby is greater than
their %-SIMILAR-WANTED threshold and the numbeég of other agents nearby is greater
than the %-DIFFERENT-WANTED threshold. So fer an agent to be happy it cannot be
too much in a minority or too great a majority that we have added this code to the
model, run it a few tiy and observe the results.
As you play around with these sliders@mes quickly clear that it is much easier
for the PERCENT SIMILAR results to se after this extension has been implemented.
The reason is that all of the agents a seek out diversity now, so they are deliberately

taking actions that decrease the P T SIMILAR results. Moreover, as you manipulate the
sliders, you can easily find statg e parameters where the system

never settles down. For in#@a if you put both the %-SIMILAR-WANTED and %-
DIFFERENT-WANIQS@derS over 50 percent, the model will probably never reach

equilibrium. E ecause some agents (those with MY-%-SIMILAR-WANTED greater

than 50) wi rying to satisfy impossible demands; they will never find a location where
more tha the agents around them are similar to themselves and more than half the agents
aroun are different than themselves.6 In general you will find that it takes this new

systerr much longer to settle down to an equilibrium state. This is because the agents are now
r in terms of where they are happy. They are seeking both diversity and similarity. (See

(c;)(épkwre 3.20.)
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Figure 3.20

NetLogo Segregation model after third extension.

Advanced Urban Mqdeling Applications
Agent-based modehing has frequently been used for the modeling of urban landscapes.
“Residentidl"Preference”

The Segregation model described earlier can be seen as one particular example of what are
gererally called “residential preference” models, which are a major component of urban
maodeling systems.

CITIES project

These models can be combined with commercial, industrial, and governmental models of urban
policy to create an integrated model of a city. One such example is the CITIES project (see
figure 3.21) carried out by the Center for Connected Learning and Computer-Based Modeling
at Northwestern University. The goal of the CITIES project was to procedurally develop
realistic cities that could be used as tools in education and exploration (Lechner et al., 2006).
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Figure 3.21
Some runs of the CITIES model in NetLogo (Lechner et al., 2006).

&

Goal Of Urban Modeling Q

p
Another goal of urban modeling is to explore tt\e @gical impact of cities and their footprint
on the environment. ,&\

SLUCE Project Q\

The SLUCE project at the Unive y ichigan built several models of residential and tract
development to explore land-Gse policies and their effect on the surrounding environs in
southeastern Michigan (Bro% I, 2005; Rand et al., 2003).

Both of these projects b& seen as a subset of the larger category of land-use modeling. For
a detailed review ﬁ\\ ased models of land use, see Parker et al. (2003) and Batty

(2005). §Q>

The E@)I Model

4

fﬂ%ionally, when working on agent-based models, you will find a model that reproduces
nomena that you are interested in but does not quite provide the output or data that you

Qc;)%ant. In this section we will take a model of an economic scenario, the El Farol model, and we

will add additional reporters to this model. In this way we can gain new information from the
model that was not previously available. This is possible because data collection in agent-based
models is fairly simple, and the capabilities of ABMs for visually displaying information are
diverse.

This section is a good example of how you do not need to understand every part of an agent-
based model in order to work with it. The El Farol model uses “ lists ” and mathematical



regression, but the modifications we will make to this model do not require knowledge of how
these particular methods work. Although it is almost always desirable to understand the basic
rules of the model, for the purposes of a particular extension, it may be sufficient to develop
that understanding from reading the Info tab rather than trying to puzzle out the details of the
code. When extending models, it is useful, though not easy, to develop the skill of
understanding only the code you will need to modify and know which code is safe to ignore.
Our extensions to this model will not require much understanding of the mechanics of the
model.

Description of the EI Farol Model
W. Brian Arthur was an Irish economist who, at age thirty-seven, became the youngest

holder of an endowed chair at Stanford University. He was a pioneer of usmgncomplexity
methods in economics and is on the founders’ board of the Santa Fe Institute.Jn 1991,

Arthur posed the EI Farol Bar problem as an exploration of bounded ratignality and inductive
reasoning.

" Optimal ” Equilibrium

Traditional neoclassical economics presupposes that humans are completely rational: that is,
they have access to perfect information and maximize<heir utility in every situation (Arthur,
1994). When each agent behaves this way, the aggtégate can achieve an “optimal” equilibrium.
But this is an idealization and people do not realy~eonform to this normative description.

Therefore, Arthur suggested the El Farol Banproblem as an example of a system where agents
do not perfectly optimize, yet a classicdl*e¢Onomic equilibrium is achieved. Arthur’ s example
is even more striking, because itgs a'situation in which it would be difficult for the “ideal”
economic model to achieve equilibruam.

El Farol Bar

On Canyon Road_in Sagta)Fe, New Mexico, there is a bar called the El Farol. This bar was
popular with reséarehers from the Santa Fe Institute, including Arthur. One night each week,
the El Farol hadlive Irish music, and Arthur enjoyed going on these nights, but occasionally it
got crowdedsang he did not enjoy it on those nights. Arthur wondered,

how do“geople decide if they should go to the bar or not? He imagined that there were one
huadred citizens of Santa Fe who liked Irish music, and that each week they each tried to predict
ifthe El Farol would be crowded. If they thought it was going to be crowded, specifically that
mere than sixty people would go to the bar, then they would stay at home, but if they thought
it was not going to be crowded, then they would go to the El Farol.

Assuming that the attendance information at the bar each week was readily available, but that
each citizen could only remember a limited number of weeks of the attendance,

Arthur’s hypothesis



Arthur hypothesized that one way to model this situation would be to give each agent a bag of
strategies.

Strategies

Each of these strategies would be some rule of thumb about what the attendance was that week,

e.g., “ twice last week ’ s attendance, ” “ half the attendance of two weeks ago, ” or “ an average .*

of the last three weeks attendance. ” Each agent had a group of these strategies, and he woul \\
see how well these strategies would work had he used them in the previous weeks. The agen \rb
would use whichever strategy would have worked the best to predict this coming week\;b

attendance, and they would decide Q
whether to attend the bar based on this prediction. When Arthur wrote this up as @ntbased
model and examined the results, he found that the average attendance at the bar round 60.
So despite all of the agents using different strategies and not having perfectiﬁﬁ)rmation, they
managed to optimally utilize the bar as a resource. 6

Netlogo Model \Q/

This model is available in the NetLogo models library under e Models > IABM

Textbook >  Chapter Three > El FarolQ}and &  Wilensky, 2007
http://ccl.northwestern.edu/netlogo/models/ELFarol ). This model has a few controls. You can
adjust the MEMORYSIZE of the agents, whicp Is how many weeks of attendance they

remember. \\'

You can also change the NUMBER-ST%’{QGIES, which is the number of strategies each
agent has in its bag of tegies.  Finally, you can adjust the
OVERCROWDINGTHRESHOLP, h is the number of agents needed to make the bar
crowded. If you run the modelsas 1s,)you will see the agents moving back and forth from the
bar (the blue area) to their h (green area), and the attendance is plotted on the left. The
Interface tab of the model seen in figure 3.22.
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The El Farol model. Rand & Wilensky (2007). http://ccl.northwestern.edu/netlogo/models/ElFarol.
.\ \N
First Extension: Color Agents That ore Successful Predictors

The original model tells you h ﬁ@ agents are attending the bar, and you can get the visual
reference of them moving to afidhfrom the bar, but there is nothing in this model to indicate
which agents are better at thsmg good times to attend the bar. Are some agents better at
deciding when the bar wil be crowded than others? In order to find this out, we first need
each agent to keep ;rﬁ%ﬁow often they go to the bar when it is not crowded; to do this, we
add a property tO% ent. We will modify the turtles * properties to add one additional item,

REWARD: Ahz

turtles-own [

strategies ;3 list of strategies

best-strategy ;; index of the current best strategy

attend? ;; true if the agent currently plans to attend the bar
prediction ;3 current prediction of the bar attendance

reward ;; the amount that each agent has been rewarded

’
&
We are calling this new property REWARD, since the agents get rewarded if they attend

the bar when it is not crowded. Now we have to initialize this property, since each agent

will start with reward of 0. To do this we modify the create turtles part of the SETUP procedure,
to initialize the REWARD to 0:



;; create the agents and give them random strategies
create-turtles 100 |
set color white
move-to-empty-one-of home-patches
set strategies n-values number-strategies [random-strategy]
set best-strategy first strategies
set reward ©

update-strategies \r‘»
>

L 4

We also need to update the reward whenever the agent goes to the bar and it is not ¢ d If
we look at the GO procedure there is some code that determines if the bar is @o ded or
not and, if it is, the word CROWDED is displayed on a patch in the bar: \

if attendance > overcrowding-threshold [
ask crowded-patch [ set plabel "CROWDED" ] ;; label the bar as crowded
]

We want to update the reward of turtles who attend the bar \@Q‘[hls condition is not true, so
we can make this IF statement, an IFELSE statement, a ﬂen in the ELSE part

of the IFELSE we can ask all the turtles who attendekthe bar to increase their reward:

ifelse attendance > overcrowding-threshold [
ask crowded-patch [ set plabel "CROWDED" ]
]

[ ;; if the bar is not overcrowded, reward the turtles that are attending
ask turtles with [ attend? ] [
set reward reward + 1
]

o
Now that we have g'&?@wards to agents attending the bar when it is uncrowded, the final
step is to modi ualization to display these rewards appropriately. One way

to do that is @/e each agent a different color based on how much reward it has accumulated.
To make hat we can keep track of relative differences in the model, we are going to color
the agents¥elative to the maximum reward obtained. This means that we need to recolor every
a@[ not just the ones that have gathered new rewards this time step.

(d')))]ou look farther up in the GO procedure you will find some code where we ask each agent
(C)-) predict the attendance that week. This is a good place to have the agents update

their color. NetLogo has a command called SCALE-COLOR that allow you to do this, we can
set each agent ’ s color to a shade of a color based on their reward. The SCALE-COLOR
primitive takes four inputs: (1) a base color, which we will make red, (2) the variable that we
are linking the color to, REWARD in this case, (3) a first range value, in this case we set it to
slightly more than the maximum reward so far, and (4) a second range value, which we set to
0. If the first range value for SCALE-COLOR is less than the second one, then the larger the



number of the linked variable the lighter the color will be. If the second range value is less than
the first one (as it is in this case), then the large the number of the linked variable, the darker
the color will be. In this model, we set the first value to be the larger of the two so that everyone
starts as white, and then turns a darker color as they accumulate rewards. This makes the model
more consistent with the basic version, where all the agents are white:

ask turtles [ ©
set prediction predict-attendance best-strategy sublist history @ memory-size \\
;3 set the Boolean variable \’b
set attend? (prediction <= overcrowding-threshold) b

set color scale-color red reward (max [ reward ] of turtles + 1) ©

[ 4 A Y
In this case, the darkest agents will be the one with the lowest reward, and th I@v agents
will be the ones with the most reward (see figure 3.23). e\
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El Farol model: first extension.
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Second Extension: Average, Min, and Max Rewards

The first extension enables us to visually see which agents are doing better at going to the bar
when it is not crowded. However, we do not have any hard numbers for the agents.

We could simply inspect each agent by right clicking on it and selecting inspect agent.

This would enable us to see the reward for each agent, but a better way might be to constantl ,§\
display some information about the agents. We can do this by using monitors, which displaa)é
values about the agent-based models. \

To begin with we add a monitor to the Interface tab. In the first monitor, we can cal{gb the
maximum reward collected by any agent. In the reporter area of the monitor ed@ indow,

we can put the following code snippet: \
A
max [ reward ] of turtles Qg}

We can also give this monitor the name “ Max Reward. ” Af%%@we can add another

monitor for the minimum reward with the following CO(Q\
’

min [ reward ] of turtles

\U‘
And give this monitor the name “ Mi@rd ” Finally, we can create a third monitor
and calculate the average or m nc@vard using the following code:

NaN

mean [ reward ] of turtles

We can give thi %ﬂtor the name “ Avg. Reward. ” The model interface window now

should | e figure 3.24 . When we run this model we now get data on the average,
imum, and minimum rewards over time. It quickly becomes apparent that though both the
n%ge and maximum reward increase over time, the max reward grows faster than the average
anrd meaning that some agents do better and better as time goes on. Though this extension
C-) id not take much coding, it gives you information and insight into what is going on in the
() model that was not available before.



100
g
5
:
<
0
0 Time 58.8
Max Reward Min reward Avg. Reward
26 0 11.27
Figure 3.24

El Farol model: second extension.

Third Extension: Histogram Rew@lues

The second extension provides moré data about how the agents in the model are doing, but this
data has been aggregated soQ‘ ot obvious how many agents occupy each reward level. For
example, are the agents i%buted uniformly across reward levels or are many agents at the
minimum value and gents at the maximum value with few agents in between? To find
out an answer to thi; on, we are going to add another plot to the El Farol model. This plot
will be a histog the distribution of rewards. This is similar to the plot we created in
chapter 2 for imple Economy model, but in this model, we will need to use the plot

widget date commands” feature.
To do this we first need to create a new plot in the Interface tab. In the configuration for this

we can give the plot the name “Reward Distribution,” and change the Mode of the pen to
‘ > by clicking on the pencil in the first row of the Plot pens table. We tell the pen to display
(_)b istogram of the distribution by putting the following code in “Pen update commands. ”

histogram [ reward ] of turtles

This tells the pen to display a histogram of the REWARDs of the turtles. If we ran the model
in this state, we would see a histogram drawn. However, the axes of the plot would not update
correctly. Thus, we must enter the following under “Plot setup commands. ”



set-plot-y-range 0 1

set-plot-x-range @ (max [ reward ] of turtles + 1)
These commands are run every time the plot is updated. They set the X and the Y range
of the plot window to reflect the current values that we are plotting. By setting the Y-range to

1, we are letting NetLogo automatically decide how to increase this range if it needs to in order
to show all the data. (See figure 3.25.)

a N

Name Reward Distribution
X axis label Xmin 0

Y axis label Ymin O

@ Auto scale? __ Show legend?

_’] Plot setup commands

;]Plot updatg commands
set-plot-y-range © 1
set-plot-x-range @ (max [ reward ] of turtles + 1)

Plot pens

Color Pen name Pen update commands
pen-0 histogram [ reward ] of turtles

Figure 3.25
El Farol model: reward plot properties.

AS you run the model over time, you will see it start out similar to a normal distribution,

but the distribution will quickly change with a few groups of individuals maintaining large
rewards and many more having a lower reward. This lends credence to the hypothesis that there
are a few agents that achieve a high reward level, but then there is a large gap between these
high achieving agents, and the majority of agents, which achieve more average reward levels.
(See figure 3.26.)
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El Farol model: third extension.
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Advanced Modeling App}@s

The EI Farol model men investigated in many different ways. Partially because it is an
exciting model i % mbines both ABM and machine learning ( Rand, 2006 ; Rand &
Stonedahl, 2007&

Machin &g

Machipe“earning enables the creation of powerful agent-based models where the agents not

decide to take actions.

@change their actions over time, but also their strategies, i.e., the agents change the way
oY

Minority Game

The El Farol model has also been idealized into the Minority Game (Challet, Marsili & Zhang,
2004), which has been studied by physicists and economists because it provides insights into
complex systems. For instance, both El Farol and the Minority Game can be seen as a crude
approximation for financial markets. In some sense, if everyone else in a financial market is



selling, you want to be buying, and if everyone else is buying then you want to sell; being in
the minority is usually a good way to make money.

Economic Model

The EI Farol model is also one example of an economic model. Another early agentbased
economic model was the Artificial Stock Market developed by a group of Santa Fe Institute
researchers (Arthur et al., 1997). This model attempted to simulate the stock market and
allowed researchers to investigate how investors affect phenomena like booms and busts in the
market.

Economic Models In NetLogo

There are several other economic models in the NetLogo models library, such asthe*Oil Cartel
model and the Root Beer Supply Chain (see figure 3.27).
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Figure 3.27

NetLogo HubNet Root Beer Game model. (Wilensky & Stroup 2003). http://ccl.northwestern.edu/netlogo/models/
HubNetRootBeerGame.



Both of these models are interesting because they make use of the HubNet facility that is also
provided with NetLogo.

HubNet

HubNet (Wilensky & Stroup, 1999c) is a NetLogo feature that enables Participatory
Simulations, which is a simulation method where humans control agents in an agent-based
model (see chapter 8 for more information on participatory simulations). This gives humang
the ability to mix with nonhuman agents and to gain a deeper understanding of how thejx
decisions affect and are constrained by a complex system.

After extending four NetLogo models, you should have the tools to extend many otherNétLogo
models.

Tools To Extend NetLogo Models
In the Fire model extensions and in the DLA extensions, we have seen that it is often useful
to extend a model by replacing deterministic rules by probabilistic qul€s: Conversely, as we
saw in modeling wind and long-distance transmission in the Fire fpedel, it is sometimes
useful to replace a probabilistic rule with an agent-based mechaaism that generates the
probabilities. And with each change to the model, we negd{o‘€énsider whether we also need
to design a new metric for measuring model performances
First Step of Devising a Question
« This module is intended to take yQuefsom the first step of devising a question or area
you want to explore, all the way threugh designing, and building your model, to refining
your question and revising youf“mjodel, to analyzing your results and answering your
question.
Sequence of Steps

This sequence is presented here in linear order, but in reality these steps fold back on each other
and are part of an jter@tiv€ exploration and refinement of the model and motivating question.

Three Main Se€tiohs
To facilitgte\this process, this module is broken into three main sections:

(IDesSigning your model will take you through the process of determining what elements to
tnelude in your model,

(2) Building your model will demonstrate how to take a conceptual model and create a
computational object, and

(3) Examining your model will address how to run your model, create some results, and analyze
those results to provide a useful answer to your motivating question.

Model Of An Ecological System



Throughout this module, we will be designing, building, and examining a simple model
of an ecological system.

The basic question that we will be addressing is: “How do the population levels of two habitat-
sharing animal species change over time?”

Wolf Sheep Simple model \r§\

For our purposes in this module, we will call this model the Wolf Sheep Simple model. Tho

we will discuss this model in the context of two biological species, the model couldh be
generalized to other situations such as companies competing for consumers, electo ties
competing for votes, or viruses evolving in a computer system. More i nt, the
components that we will be developing in this model are basic components D@é in most
ABM:s.

Designing Your Model Q}6

There are many ways of designing an agent-based model.1 Whi u choose will depend on
many factors including the type of phenomenon to be modeIP}ze r level of knowledge of the
content domain, your comfort with NetLogo coding and& rsonal modeling style.

Major Categories of Modeling ’

We consider two major categories of modeliq@nomena—based modeling and exploratory

modeling.
0\’Z>

PHENOMENA-BASED MODELI ®

S
Reference Pattern 6

In phenomena-based modetids, you begin with a known target phenomenon. Typically, that
phenomenon has a characteristic pattern, known as a reference
pattern. Example -olgg@nce patterns might include common housing segregation patterns
in cities, spira % d galaxies in space, leaf arrangement patterns on plants, or
oscillating po%&n levels in interacting species.

Goal Of @omena—Based Modeling

The gb6al of phenomena-based modeling is to create a model that will somehow capture the
nce pattern. In ABM, this translates to finding a set of agents, and rules for those agents,
will generate the known reference pattern.

QJ Once you have (generated the reference pattern you have a candidate
explanatory mechanism for that pattern and may also vary the model parameters to see if other
patterns emerge, and perhaps try to find those patterns in data sets or by conducting
experiments. You can also use phenomena-based modeling with other forms of modeling, such
as equation-based modeling. In equation-based modeling, this would mean writing equations
that will give rise to the reference pattern.



EXPLORATORY MODELING

The second core modeling form is exploratory modeling. This form is perhaps less common in
equational contexts than it is in ABM. In exploratory modeling with ABM,

you create a set of agents, define their behavior, and explore the patterns that emerge.

We then refine our model in the direction of perceived similarities with these phenomena \,§\
and converge toward an explanatory model of some phenomenon. \fb
Formulate Research Question K%Q
Another distinction in modeling methodology is to what degree we specify a@on to be
answered by a model.

e At one end of the spectrum, we formulate a specific rese uestion (or set of
questions) such as “ How does a colony of ants forage for fogd?.? or “ How does a flock
of geese fly in a V-shape? ” o)

e At the other end, we may only begin with a sense Qnting to model ants or bird
behavior, but without a clear question to be ans %’

e Aswe explore the model design space, we will gradually refine our question to one that
can be addressed by a specific model.

Q
Designing The Conceptual Model ;&\'0

model is combined with coding your

Yet a third dimension is the degree égmch the process of designing the conceptual

A\
In some cases, it is advisable t gr'Dout the entire conceptual model design in advance of any
coding of the model. This is d to as top-down design.

Top-Down Design Qéb

In a top-down desi A the model designer will have worked out the types of agents in the model,
the  enviro they reside in, and their rules of interaction
before writi ingle line of code.

Botto Design
s

(xﬂ%her cases, the conceptual model design and the coding of the model will coevolve, each

influencing the evolution of the other. This is often referred to as bottom-up design. In bottom-
p design, you choose a domain or phenomenon of interest with or without specifying a formal

QJ question. Using this approach, you would then start writing code relevant to that domain,
building the conceptual model from the bottom up, accumulating the necessary mechanisms,
properties and entities, and perhaps formulating some formal research questions along the way.
For example, in a bottom-up design, you might start with a question about how an economic
market would evolve, code some behaviors of buyers and sellers and, in so doing, realize you’ll
need to add brokers as agents in the model.



Design Principle
We will emphasize the top-down approach.

e The top-down design process starts by choosing a phenomenon or situation that you
want to model or coming up with a question that you want to answer, and then designing
agents and rules of behavior that model the elements of the situation. You then refine
that conceptual model and continue to revise it until it is at a fine enough level of detai ,§\
that you can see how to write the code for the model. ’b
ABM Design Principle er\
Throughout the design process there is one major principle that we willb@{We call

this the ABM design principle: Start simple and build toward the questio want to
answer.

Components Of Design Principle ij
There are two main components of this principle. ’b\

First Component: The first is %Q begin with the
simplest set of agents and rules of behavior that can be used to explore the system you want to
model. This part of the principle is illustrated by a quoté from Albert Einstein, “ The supreme
goal of all theory is to make the irreducible basi hments as simple and as few as possible
without having to surrender the adequate re@lation of a single datum of experience ”
(1933). Or in another phrase he is reputed ¢o said: “ Everything should be made as simple

as possible, but not simpler. ” In the case M, this means making your model as simple as
possible given that it must provide yo& a stepping-stone toward your final destination.

,c')\always have  your  question in mind,
which means not adding an to your model that does not help you in answering your
question. The statistician e Box provides a quote that illustrates this point, “All models
are wrong, but some mggdel$”are useful” (1979). What Box meant was that all models are by
necessity incomplete e they simplify aspects of the world. However, some of them are
useful because t designed to answer particular questions and the simplifications in the
model do not& e with obtaining that answer.

Usefulne @ABM Design Principle

Second Component: Seco

This core ABM design principle is useful in several ways.

(é\/. First, it reminds us to examine every candidate model agent and agent-rule and

c—) eliminate it if progress can be made without it. It is not uncommon for novice modelers

QJ to build a model in which certain components have no effect whatsoever. By starting

small and slowly adding elements to your model, you can make sure that these

extraneous components never get developed. By examining each additional component

as to whether it is needed to answer the research question you are pursuing, you reduce

the temptation to, paraphrasing William of Occam, “ multiply entities unnecessarily. ”

In so doing, you reduce the chance of introducing ambiguities, redundancies, and
inconsistencies into your model.



e Another virtue of the ABM design principle is that, by keeping the model simple, you
make it both more understandable and easier to verify.

o Verification is the process of ensuring that a computational model faithfully
implements its target conceptual model.

o Simpler Conceptual Model: A simpler conceptual model leads to a simpler
model implementation, which makes it easier to verify the model. Starting
simple and building up also facilitates the process of just-in-time results. °\\

Identifying a Question: To apply our principle to the context of the Wolf Sheep Simple \rb
model, we need to start our design by reflecting on two habitat-sharing animal species and ’b
identifying simple agents and behaviors for our model. We will start by identifying a Q
question we want to explore, which is required by the ABM design principle (top-d
version). After that we will discuss what the agents in our models are and how th act.
Then we move on to the environment and its characteristics. As part of this prosess, we need
to discuss what happens in an individual time step of the model. Finally, wee%;uss what
measures we will be using to answer our question. 6

<

@

Choosing Your Questions Q/

Choosing a question may seem to be a separate issue fronrmodel design.

’
Natural Progression . OQ

N\
After all, the natural progression seems t%\'

o first choose a question, and | ’QQ

e second build a model to a@gq that question.

Sometimes, that may indeed procedure we follow, but in many instances we will need
to refine our questions wh start to think about it in an agentbased way.

Wolf Sheep Simple QS@
N

Our original %Qp for the Wolf Sheep Simple model was:

13

do the population levels of two species change over time when they coexist in a
ed habitat? ”

’
n@/ill now evaluate whether this question is one that is amenable to ABM and refine our
stion within the ABM paradigm.
(J ABM For Making Sense Of Systems
Agent-based modeling is particularly useful for making sense of systems that have a

number of interacting entities, and therefore have unpredictable results. As we discussed



in early modules of the course, there are certain problems and questions that are more amenable
to ABM solutions.

Consider A Different Modeling Method

If our primary question of interest violates our guidelines, it may be an indication that we
should consider a different modeling method.

Assumption

For example, we might be interested in examining the dynamics of two very large populations
under the assumption that the species are homogenous and well-mixed (no spatial cemponent
or heterogeneous properties) and that the population level of each species is simply“dependent
on the population level of the other species.

EBM vs. ABM

If that is the case then we could have used an equation-based model idstead of an agent-based
model since EBM’ s work well for large homogeneous groupsiyand as we mentioned in
previous chapters, there is a classic EBM for this situation\known as the Lotka-Volterra
differential equations ( Lotka, 1925 ; Volterra, 1926 ).

Conceptualize The Agents

ABM will be more useful to us if we are thinking.af the agents as heterogeneous with spatial
locations. This affects how we conceptualizerthesagents. One aspect of the animals that is likely
to be relevant to our question is how theynmake use of their resources. Animals make use of
food resources by converting them to gffergy hence we will want to make sure that our agents
have different amounts of energy @nd tifferent locations in the world.

Agent’s Interaction With Eayirbnment

A third guideline is to censider whether the aggregate results are dependent on the interactions
of the agents and on #fie ¥aferaction of the agents with their environment. For example, if one
species is consuming‘anhother then the results will be dependent on agent interaction. Predator-
prey interactionSaye usually set in rich environments. Keeping the ABM design principle in
mind, we stathwith the simplest environment — we enrich the environment a little by going
beyond just'predators and prey and including resources from the environment that the lowest
level preyspecies consume.

T e Dependent Processes

Yet another guideline is that agentbased modeling is most useful for modeling time
dependent processes. In the Wolf Sheep Simple model, our core interest lies in examining
how population levels change over time. We might therefore refine our question to focus on
conditions that lead to the two species coexisting together for some time. In this way our
guidelines help us evaluate whether our question is well suited to ABM and, if so, to focus
our question and conceptual model.



&

A Concrete Example

Now that we have identified our research question in detail it can be useful to consider a
particular context for this research question.

Phenomena-based Agent-based Models

Sometimes that reference pattern is the original inspiration for the model.
Refined Research Question Q

Other times, as now, we have refined our research question enough that we seek o@eference
pattern that will help us test whether our model is a valid answer to the questio?\

Predator-prey Relations \Q

In the case of the predator-prey relations, there is a famous case ofﬂ@abiting small predator-
prey populations in a small geographic area. This is the case tuating wolf and moose
populations in Isle Royale, Michigan. The wolves and moos @Royale have been studied
for more than five decades. This research represents e{g\g st continuous study of any
predator-prey system in the world. Q Isle Royale is
a remote wilderness island, isolated by the frigid_wéters of Lake Superior, and home to
populations of wolves and moose. As predator a y, their lives and deaths are linked in a
drama that is timeless and historic. Their lives,2 storic because we have been documenting
their lives for more than five decades. Thi ch project is the longest continuous study of
any predator-prey system in the world. ( the Wolves & Moose of Isle Royale Project
Website, http://isleroyalewolf.org/2 Fi 4.2 shows the wolf and moose populations in Isle
Royale from 1959 through 20009. C)\
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Five decades of fluctuating wolf and moose populations at Isle Royale. Note that when the wolf population peaks,
the moose population is at a low point and, similarly, when the moose population peaks, the wolf population is
at a low point.

N

This graph can serve as a reference pattern for our modél. Our completed model will have to
be able to generate a graph “similar” to this one @ possible explanatory model of these
io

phenomena. In general, this process is called vz ion.

As we can see in the data from Isle Royal olf and moose populations in Isle Royale
have been sustaining themselves for mor. fifty years without either species going
extinct. The populations also exhibit oscillation, with moose at a low when wolves

peak and vice versa. This data car(%g‘\ s a reference pattern for our phenomenabased
modeling. It allows us to furthéxrefule our research question to this: “ Can we find model
parameters for two species t@l sustain oscillating positive population levels in a limited
geographic area when one Ies is a predator of the other and the second species consumes
mnt? ” In the models in this chapter, instead of modeling wolf

resources from the envi
and moose, we wilb
wolf and sheep. \WOI and moose data set is well established, but our goal in this chapter

is not to matc t@ articular data, but to introduce you to classic examples of predator-prey
modeling a% ry to reproduce the oscillating sustained pattern of population levels.

S
<



Choosing Your Agents

Now that we have identified and contextualized our driving research question, we can
begin to design the components that will help us answer it.

What Are The Agents In The Model? r§\

The first question we should ask ourselves is: What are the agents in the model? W
designing our agents, we want to choose those components of our model that are autonﬂo S
and have properties, states, and behaviors that could possibly have bearing on our q :

Agent Overload \®

But we must be careful to avoid agent overload. Depending on the persp t\F@Jn takes, almost
any model component could be considered an agent. However, a mg &at is designed with
an excess of agent types can quickly become unmanageable. \

Entities Relevant to Research Question %

When choosing what are to be the agents in a model, & important to concentrate on those
autonomous  entities which are most relevdnt to our research  question.
A related issue is the “ granularity ” of the.a MEvery entity is composed of multiple

smaller entities. \\'
What is The Right Level of Entity to C@\;Q?

What is the right level of entity ) se? Should our agent be molecules or atoms? Body
organs or cells? Some agents c% reated as mass properties. If we want to model a field of
grass, we might not want to r@\ every blade of grass, but instead choose ““ clumps ” of grass

as our agents. %

Granularity Of I@&wt in temporal scale

It is importan I@\he granularity of each agent be at roughly the same level. For instance in
, iIf you are modeling the sheep actions at the level of days of activity, but the
minute, that can be difficult to reconcile.

C@]dlarity of Each Agent In Physical Scale

(q'}/fhe physical scale, if there is more grass than the sheep can consume then you will not see
Qc;) any interesting behaviors since grass will not serve as a limiting condition.

Proto-agents

If we suspect that, in the future, some model entities might need to become full agents, we can
choose to design them as proto-agents. By the term proto-agent, we mean agents that do not
have individual properties, states, or behaviors but instead inherit some or all of their
characteristics from a global agent type. For example, in the Wolf Sheep Simple model we



might desire to have a human hunter who interacts with the other two species. This hunter
might simply eliminate a part of the populations every now and then.

Create a Simpler Proto-agent

There is no need to build the hunter as a full agent at the start; instead we can create a simpler
proto-agent that has the ability to kill off a random percentage of the population. Eventually, if
needed, this hunter could become a full agent and have full properties and behavior just like
any other agent.

Three Agent Types

Given the preceding discussion, we start our Wolf Sheep Simple model design if{nchoosing
three agent types.

We model the predators, which we will call wolves, and the prey, which we Will call sheep,
and the resources the sheep consume, grass. We could have added many other agents to this
model. For example, we could model the hunter described above orth€&precipitation levels or
soil nutrition. However, by choosing just wolves, sheep, and grasSpwe stick to the ABM
design principle.

Choosing Agent Properties

Agents have properties that distinguish them fropiother agents. It is important to determine
these properties in advance so we can congeptualize the agent and design the agents ’
interaction with each other and with the ervirpnment.

Wolf Sheep Simple model - Three PxOpérties

In the Wolf Sheep Simple model wegive the sheep and wolves three properties each:

(1) an energy level, which #rasks the energy level of the agent,

(2) a location, which«iS\where in the geographic area the agent is, and

(3) a heading,\which indicates the direction the agent is currently moving or would be
moving.

Energy\Rroperty

T\he_energy property is not merely describing temporary energy (such as whether an animal is
freSh or fatigued). Rather, “ energy ” incorporates some notion of the amount of * vitality ” in
a creature, abstracting away the messy details of metabolism, calorie storage, or starvation, and
condensing it all into a single measure.

Adding Additional Properties

We could add additional properties and some of them might be useful for future extensions.
For instance, we could add a movement speed and allow different agents to move at different



speeds, or an offense/defense capability that affects the ability of the individual to predate or
resist predation.

Choosing Agent Behavior

In addition to designing the structure of the agents, it is important to determine what kind o f§\
behavior the agents can exhibit. These behaviors are necessary to describe how agents mtera
with each other and the environment.

Wolf Sheep Simple Model .&

In the Wolf Sheep Simple model, sheep and wolves share many common behavi
They both have the ability to turn randomly, move forward, reproduce and die\ However,
sheep and wolves differ in that sheep have the ability to consume grasssanthwolves have the
ability to consume sheep. This differentiates the two species/agent ty@@m each other. Of
course, once again there are many other behaviors we could prescri r these agents. For
instance, we could give sheep the ability to huddle in herds to éagainst wolf attacks, or
the ability to fight back. The wolves could have the ability t at different speeds from a
walk to a run or to chase sheep. Wolves and sheep also n‘a number of behaviors,
such as sleeping, digesting food, and seeking shelter durimg a thunderstorm. However, again
the behaviors we have described (moving, reproducing?eating, and dying) are reasonable
s

choices for a simple model that can address our r h question. For the grass clump
agents, we give one simple behavior, the abili

Choosing Parameters of the Mc@?o@

We could decide to write one s%e mpletely specified rules to control the behavior of all
of these agents and their envi ntal interactions during a time step, but it makes more
sense to create some para that enable us to control the model, so that we can easily
examine different condigipns” A next step is to define what attributes of the model we will be
able to control thr@%meters

Several Poss rameters Of Interest
There are s@ possible parameters of interest in the Wolf Sheep Simple model.
mstance we will want to be able to control the number of initial sheep and
7 wolves. This will enable us to see how different values of the initial population levels
1\9 affect the final population levels.
e Another factor to control is how much energy it costs an agent to move. Using this

C_) parameter, we can make the landscape more or less difficult to traverse, and thus
QJ simulate different types of terrain.

Parameters For Controlling The Energy
Related to the cost of movement is the energy that each species gains from food. Thus, we

choose to have parameters for controlling the energy gained from grass and the energy gained
from sheep.



Finally, since the sheep consume grass, in order to sustain the population over time we will
want the grass to regrow. So we will need a parameter for the grass regrowth rate.

Homogenous Parameters

There are many other parameters that we could have included in this model. For instance, the
parameters we chose are homogenous across the model. In other words, one sheep will gain = .*
the same from grass as any other sheep. ,§\

Heterogeneous Parameters \’b

However, we could make this model more heterogeneous by drawing the energy gai @Ch
sheep from a normal distribution, and have two model parameters that control @ean and
variance of the energy gain.

Add Parameters to Control Aspects \&

We could also add parameters to control aspects that we are curren nning to specify as
constant values in the code. For example, we did not create a p@ er to control the speed

of the agents. Q\%
’

Summary of the Wolf Sheep Simple Model I;)ec'gq\

Now that we have gone through the majo@gn steps, we can create a summary document
that describes our model design. The % heep Simple model can be described in the

following way: . ®
AN

Driving Question Under what ccl'i.Dons do two species sustain oscillating positive population
levels in a limited geographi when one species is a predator of the other and the second
species consumes limited b‘% generating resources from the environment?

Agent . %
Agent Types Shetp},' lves, Grass

Agent Prope ergy, Location, Heading (wolf and sheep), Grass-amount (grass)
Agent Beh Move, Die, Reproduce (wolf and sheep), Eat-sheep (wolf only),
Eat-grass p only), Regrow (grass)

Paxameters Number of Sheep, Number of Wolves, Move Cost, Energy Gain From Grass,

y Gain From Sheep, Grass Regrowth Rate
e Step:

Sheep and Wolves Move
2. Sheep and Wolves Die
3. Sheep and Wolves Eat
4. Sheep and Wolves Reproduce
5. Grass Regrows
Measures Sheep Population versus Time, Wolf Population versus Time It is quite useful
while designing a model to write notes to yourself, as we have done in this section. You will
find these notes invaluable after you have left the model for a while, since you will be able to



&

go back and recall why you made certain decisions and alternative choices that you
considered. Also, for the purposes of explaining your model to others, it is very helpful to
have such documentation about the model. Finally, we recommend that you date your notes
as you create them so that you can track your model design process.

Set Of Questions
For instance, if you are using the top-down design process that we have just discussed, then .
you might look over the following set of questions and write down answers to them \\
as a provisional guide for how to build your model: \’b
1. What part of your phenomenon would you like to build a model of? \’b
2. What are the principal types of agents involved in this phenomenon? Q
3. In what kind of environment do these agents operate? Are there environmental ag{ﬁ@
4. What properties do these agents have (describe by agent type)?
5. What actions (or behaviors) can these agents take (describe by agent type)? \®
6. How do these agents interact with this environment or each other? %
uld occur in

each time step, and in what order?

7. If you had to define the phenomenon as discrete time steps, what ev%t
8. What do you hope to observe from this model? \Q/

(e
Bottom-up Approach %Q

A more bottom-up approach would not start with thes%ue tions. Instead, you might know
only that you want to build some kind of ecological médel and could begin by creating some
sheep and have them spread out in the world. OQ

Next, you might think of and start implem nli&\ebme behaviors for the sheep such as moving,
taking steps, eating, reproducing and dyi%

Implementing Some Behaviors C:§®
In order for the sheep to eat,@\ight decide to add grass to the model.
Having sheep eat grass ohes the question, “What eats sheep?” Therefore, you modify the

model to include wo predators for the sheep. This process allows the wolf sheep
model to be desi \Qa d even implemented without first considering the final goal of the

model. Q
O

mining a Model
have found one set of parameters that exhibits the behavior of our reference pattern.

We note that these particular values for the parameters do not correspond to any real predator
and prey populations. We did not calibrate our model from real-world data, so the parameter
values themselves are not important. But, discovering that there exist model parameters that
exhibit our reference pattern gives us insight into the natural phenomenon we were trying to
model.

Parameters of two Species



Now that we have built our model, and we have found a set of parameters that allow the wolf
and sheep populations to coexist and to oscillate, we have partially answered our research
question: What parameters of two species will sustain oscillating positive population levels in
a limited geographic area when one species is a predator of the other and the second species
consumes limited but regrowing resources from the environment? We now know that it is
possible for the rules we set up to produce the target reference pattern and therefore they could
be a possible generative explanation for that pattern.

Observing the Behavior Of Model Once ,&
t

However, just observing the behavior of this model once does not provide us with agﬁb
answer. First, because many components of our model are stochastic in nature, ther no
guarantee that the model when run again with the exact same parameters will exhifit the same
behavior. Second, we have found one set of parameters that allow wolves and\%g to exist,
but are there other parameter settings? A more general answer would al&;\v us to make
statements about ranges of parameters, and relationships between paraeters, that allow both
the wolves and the sheep to survive. ég
\

Variety of Parameter Settings ’b

However, if we run the model many times with a variet @geter settings, this will
create a lot of data. Thus, to give us even a simple answexo bur question, we really need to
examine multiple runs across multiple different parameter settings and summarize this data in

a useful way.
i NN
ultiple Runs \%

Whenever you have a model that has sto components, it is important to run the model
several times so that you can be certali ave correctly characterized the behavior of the
model. :

c.>\
Anomalous Behavior Qb'

If the model is run only crgyou might happen to see anomalous behavior that is not what the
model usually. &mce& For instance, in the Wolf Sheep
Simple model it e possible to run the model and arrive at a state in which there is simply
one wolf and ep, and the sheep produces a second sheep often enough to keep the wolf
enough to produce three sheep. However, due to the way the wolves and the
round the landscape, such an outcome is extremely unlikely, and it would not
the model.
’

(@the Model Multiple Times

Qg—gomus, it is important to run the model multiple times so that you can characterize the

normal/average behavior of the model and not the aberrant behavior of the model. On the other
hand, there are times when the anomalous/aberrant model behavior is what you are interested
in investigating,
in which case you will need to run the model many times in order to find it and characterize it.

BehaviorSpace Tool

>



Most ABM platforms provide a way to do this. NetLogo provides you with the
BehaviorSpace tool (Wilensky & Shargel, 2002) that enables you to run a model for several
iterations with the same (or different) parameter settings and collect the results.

Number of Time Steps

One additional consideration when performing multiple runs is how many time steps to run .
the model for. Since we want to be able to compare the results across different random ,§\
number seeds, it is useful to hold the number of time steps we run the model constant. ,&
Predator-Prey Models: Additional Context 'bQ

One of the first uses of agent-based modeling was for modeling of ecosystems, ge it was
often called individual-based modeling (see the appendix for a brief discussion b&ehistorical
role of individual-based modeling). Modeling of ecological systems has be%hof interest to
biologists and environmentalists for quite some time. If we can better u &@1 ow ecologies
operate and what the effects of successful ecosystems on the global e nment are, then we
may be able to better intervene to assist in the sustenance of{é:e systems. For more
information on this topic, refer to Grimm and Railsback (2005)

>
@Q

One of the first attempts t6 study ecologies and
population dynamics in a concrete way was the of Lotka (1925) and Volterra (1926) .

They developed a system of equations to desc.K WO species predator-prey interaction.

Predator-prey Interaction

Lotka-Volterra Equations §b

These simple equations showed Qé could meaningfully model ecological systems with
just a few parameters. And onceyouhave a model of a system you can start to explore options
i E/}avorable states. The general result of the Lotka-Volterra

for perturbing the system %r
equations is that predatorsa& ey populations move in cycles. This is seen in figure 4.11.
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Figure 4.11
Lotka-Volterra relationship (Wolf Sheep Predation System Dynamics model) (Wilensky, 2005).
N\

Depending on the parameter settings, if the two populations @ual at the start, then the
predators will begin consuming the prey; this will result i & réase of the prey population.

188

Prey and Predator Population

This will in turn cause predators off because they have no prey to
feed on. At this point the prey will be ab roduce before the predators eat them, and the
prey population will increase. As the opulation increases it will become easier for the
predator population to find them @_) predator population will increase as well.

Eventually, the prey will die off to the point %g redators cannot find any more prey to eat.
p

This, in turn, results in the p@pulation > s decreasing trend, and the whole process begins

again. fb

Lotka-Volterra QqJ\QgG

The Lotka-V t@ equations have been a standard way of describing the fluctuations in
populations. Because they are differential equations (see figure 4.12 ), they
represent tinuous model of population change.

dx

f _— = ax —
dy
—= = Oxy —
0 Xy =y
Figure 4.12

Classic Lotka Volterra differential equations. x is the number of prey, y is the number of predators, and o , [3,
v. and & are parameters describing the interactions of the two species.
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But populations are not continuous; they are discrete. Sometimes a continuous approximation
of a discrete process is fine, but in this case it may be an oversimplification. The general
problem is that as the population of a species becomes very small, standard differential equation
models do not allow
the population to actually go to 0, which means that there is always a positive probability that
the population will rebound. However, this is not what happens in the real world. There is no
rebounding from 0.1 prey. If a species goes extinct, it goes extinct, and there is no probability
that it will rebound.

“ Nano-sheep Problem ” \
This phenomenon is so common in differential equation-based modeling that it is @%ws
referred to as the ““ nano-sheep problem ” in specific reference to the wolf-sheep/ or-prey
model ( Wilson, 1998 ). The problem is that nano-sheep (i.e., a millionth of p) do not
exist: Sheep either exist or do not exist, and therefore modeling them a continuous
distribution can be problematic. To rectify the nano-sheep problem, i(}@s have created
agent-based (or to l.% the
term biologists favor, individual-based) models of predator-prey r. %nships. Under certain
conditions these models fb ave been

shown to replicate the Lotka-Volterra results, but without th@o-sheep problem. They also
predict that this system is in fact highly susceptible to %n% ns, something that the Lotka-
Is

Volterra equations fail to capture ( Wilson et al., 1993 ; n, 1998).
’
Gause Work OQ
In 1934, Gause showed that indeed for isola edator and prey (with no other competing
species) the agent-based model was mor ate in its predictions — indeed, extinctions

happen much more frequently than}h&q a-Volterra equations predict.

Advanced Modeling Applica[gssf)\

More broadly, the model'm&%‘ environmental and ecological systems has a long and rich
history, representing sqme ‘of the first applications of an agent-based modeling paradigm (
DeAngelis & Gross . It also continues to be an exciting area for current research.

Modeling of @V\\ebs

One use Qnt-based models in ecological systems is the modeling of food webs (Yoon et
al., 2004)y2This combines ABM with another new complex systems methodology, network
apalysfs ( Schmitz & Booth, 1997 ).

(é\lucture of Ecological Interactions

By understanding both the structure of ecological interactions via network analysis and the
process of animal interactions via ABM, researchers gain a deeper insight into overall
ecological systems (See, e.g., figure 4.13).

>
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Figure 4.13
Little Rock Lake food web (foodwebs.org, 2006).

ABM and Ecological Modeling

Another particularly interesting agplication of ABM and ecological modeling has been in
doing prescriptive design of engineered systems to ameliorate human interventions in the
environment.

Modeling Of Fish Popgiations

For instance, Webenand his colleagues have done significant modeling of fish populations, and
then examinethtR€ effect of various fish ladders near dams on salmon populations ( Weber et
al., 2006 ).

Ecologieal* models can also be underpinnings of models of evolution. Agent-based
medeling has been frequently used to model evolution of organisms (Aktipis, 2004;
Gluckmann & Bryson, 2011; Hillis, 1991 ; Wilensky & Novak, 2010).

ABM Approach as Natural Selection

Evolution lends itself well to the ABM approach as natural selection and other evolutionary
mechanisms can be thought of as computational algorithms. Models can be used to try to
understand adaptation and speciation in the historical record. Figure 4.14 shows two examples
of such models of evolution from the NetLogo models library.



Figure 4.14

Agent-based models of evolution. (A) Evolution of camouflage of insects on a landscape. Different landscapes
lead to the bugs evolving colorations that camouflage them in that landscape. (http://ccl.northwestern.edu/
netlogo/models/BugHuntCamouflage.) (B) Evolution of computational biomorphs. Artificial flowers evolve
through mating and blending their characteristics. (http://ccl.northwestern.edu/netlogo/models/Sunflower

Biomorphs.)
N\
The Components of Agent-Based Modeling Q

v
Components of ABM . OQ
N\

The main components of any ABM are a ﬁé\énvironment, and interactions. Agents are the
basic ontological units of the model, whi e environment is the world in which the agent
lives.

AN

Distinction Between Agents agavironment

The distinction between Qts and environment can be fluid, as the environment can
sometimes be modeled(as_agents. Interactions can occur either between agents or between

agents and the en@e
Agent Actior%Q/

Agent @90% also occur internally, directly affecting only the agent ’ s internal state. Such
is the ca%e When an agent is trying to determine which action to take, as when the residents in
t e’gregation model are deciding whether or not they are unhappy. The environment is not
y passive; it can also act autonomously. For instance, in the models we discussed in

C_géﬁépter 4, the grass regrows on its own.
Additional Components
To this list of three basic components, we will also add two additional components.

Observer/User Interface



The first is called the Observer/User Interface. The observer is an agent itself,1 but one that has
access to all of the other agents and the environment. The observer asks agents to carry out
specific tasks.

User Interface

Users of agent-based models can interact with the agents by way of the User Interface, which
enables the user to tell the observer what the model should do. The second component, the
Schedule, is what the observer uses to tell the agents when to act.

Schedule

The Schedule often involves user interaction as well. In NetLogo models, the interfaCe typically
includes SETUP and GO buttons. The user presses SETUP and then GO to schedule these
events to occur.

We will now describe each of these five components in further depth. Threughout this chapter,
we will use a variety of models from the NetLogo models library.godlustrate our examples.
We start by examining the Traffic Basic model, a simple model‘gf,traffic flow (found in the
Social Science section of the library). An early version of this.aedel was designed by two high
school students (Resnick, 1996; Wilensky & Resnick, 1999) te-explore how traffic jams form.
The students thought that they would have to include traffic accidents, radar traps, or some
other form of traffic diversion to create a traffic jam, but’'they built an initial model without any
such hindrances. To their surprise, traffic jams stithfermed despite the lack of impediments.
This happens because as cars speed up and apprQach the cars in front of them, they eventually
have to slow down, causing the cars behingd“hem to slow down creating a ripple effect
backward. Eventually, the car at the fropt\0f.'the jam will be able to move again, but by that
time, there are many cars behind that.Carthat cannot move, causing the traffic jam to move
backward even as the traffic japm wjeves forward.2 This simple model (figure 5.1) again
illustrates that emergent phenomena.bften do not correspond to our intuitions.
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Figure 5.1
Traffic Basic model (Wilensky, 1997b).

N\
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Agents N OQ

Agents are the basic units of agent-based @ . As such, it is important to choose the

design of your agents carefully. 0

Properties and Actions C:§.®

The two main aspects t efine agents are the propertiesthat they have and
the actions (sometimes d behaviors or methods) that  they  can

description. Agent , jors or actionsare what the agents can do.
Besides these tw@ agent attributes, there are also several issues that are related to agent

design. Q/
A

“Grain-

execute. Agent propertzg are the internal and external state of the agents — their data and

ple, if you are modeling a political system, do want to model the individual actors or,

Fixst is the issue of agent “grain-size”: which is most effective for the chosen model? For
(d'ggead, the political institutions or even each nation’ s government as a single entity?

() Agent Cognition
A second factor to consider is agent cognition. How much capability do the agents have to
observe the world around them and make a decision? Do they act in a stimulus-response
fashion? Or do they plan out their actions?

Proto-agents and Meta-agents



Finally, we discuss some special types of agents:

e proto-agents, which are not fully specified agents; and
e meta-agents, composed of other agents.

Properties f§\
Agent properties describe an agent * s current state, the items that you see when you inspect \
agent. Earlier, we briefly described how to use a patch monitor to see the current state (@
patch, but you can also use monitors to inspect turtles and other types of agents as well. @1
example, we are going to explore agent properties using a turtle monitor, but in Net

can monitor links and patches as well.

If you mspect one of the cars in Traffic Basic, you see (under the s&cal image of
the agent ’ s local environment) the list of properties described in ﬁgu h list contains
two sets of properties. The first set is a standard set of properties ry turtle created in
NetLogo: WHO, COLOR, HEADING, XCOR, YCOR, SHAPE L, LABEL-COLOR,
BREED, HIDDEN?, SIZE, PEN-SIZE, and PEN-MODE. Patch I|nks also have a default
set of properties. For patches, these are PXCOR, PYCOR, PC@ PLABEL, and PLABEL-
COLOR, while for links, these are END1, END2, LABEL LABEL-COLOR,

HIDDEN?, BREED, THICKNESS, SHAPE, and TIE
4

NetLogo . OQ

In NetLogo, turtles and links have COL \>property, while patches have PCOLOR as a
property. Likewise, turtles have XCOR @OR as properties, while patches have PXCOR
and PYCOR. To make things smple@t{ s can directly access the underlying properties of
their current patch. For instance % le to set its color to the color of the underlying patch
(effectively making it mvmble% rtle can just execute SET COLOR PCOLOR. If the patch
property had the same name turtle property, this would not work, since there would be a
confusion over which C the code was describing. Only turtles can access patch
properties directly, sin rtle can only be on one and exactly one patch. Links can span
multiple patches and ays connected to multiple turtles, so you have to specify which
patch you are re to if you want to use a patch property in a link procedure. Similarly,

you have to s @ hich link you are referring to when you want to use a link property in a
turtle or pa cedure

Link F@wties

(@over patches cannot directly access turtle or link properties, because a patch could have
or many links or turtles on it. Therefore, you must specify which turtle or link you are
eferrmg to when accessing their properties.

In the inspector window, the default properties of the agent appear first. These are

followed by the properties that the model author has specifically added to the agents for the
model (e.g., in figure 5.2, SPEED, SPEED-LIMIT, SPEED-MIN). These authordefined
properties should be described in the Info Tab associated with the model as well as in the
comments in the Code Tab.
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Figure 5.2
Agent properties for the Traffic Basic model.



Agent Properties for the Traffic Basic Model

For this model, SPEED describes the current speed of the car, SPEED-LIMIT is the maximum
speed of the car and SPEED-MIN, its minimum speed.

When the Traffic Basic model starts up, all of these properties are set in the SETUPCARS
procedure: °\\

Properties ?
Agent properties describe an agent * s current state, the items that you see when you @ tan
agent. Earlier, we briefly described how to use a patch monitor to see the curr te of a
patch, but you can also use monitors to inspect turtles and other types of agentsﬁ@l. In this
example, we are going to explore agent properties using a turtle monitor, b etLogo, you
can monitor links and patches as well.

If you inspect one of the cars in Traffic Basic, you see (und%%e graphical image of
the agent * s local environment) the list of properties described i re 5.2. This list contains
two sets of properties. The first set is a standard set of pro%? of every turtle created in
NetLogo: WHO, COLOR, HEADING, XCOR, YCOR l% , LABEL, LABEL-COLOR,
BREED, HIDDEN?, SIZE, PEN-SIZE, and PEN-MODQa ches and links also have a default
set of properties. For patches, these are PXCOR, PYCOR, PCOLOR, PLABEL, and PLABEL-

COLOR, while for links, these are ENDl,.E COLOR, LABEL, LABEL-COLOR,
HIDDEN?, BREED, THICKNESS, SHAPE, E-MODE.

NetLogo Q\rb

In NetLogo, turtles and links hav%'g@R as a property, while patches have PCOLOR as a
and YCOR as properties, while patches have PXCOR

property. Likewise, turtles hav

and PYCOR. To make thing@pler, turtles can directly access the underlying properties of
their current patch. For insaﬁ , for a turtle to set its color to the color of the underlying patch
(effectively making it ingisibte), the turtle can just execute SET COLOR PCOLOR. If the patch
property had the sam as the turtle property, this would not work, since there would be a
confusion over Which* COLOR the code was describing. Only turtles can access patch
properties di;@, ince a turtle can only be on one and exactly one patch. Links can span

multiple pa and are always connected to multiple turtles, so you have to specify which
patch yo eferring to if you want to use a patch property in a link procedure. Similarly,
you ha specify which link you are referring to when you want to use a link property in a
tl@ or patch procedure.

Lg&ﬂk Properties

QJ Moreover, patches cannot directly access turtle or link properties, because a patch could have
0, 1 or many links or turtles on it. Therefore, you must specify which turtle or link you are
referring to when accessing their properties.

In the inspector window, the default properties of the agent appear first. These are



followed by the properties that the model author has specifically added to the agents for the
model (e.g., in figure 5.2, SPEED, SPEED-LIMIT, SPEED-MIN). These authordefined

properties should be described in the Info Tab associated with the model as well as in the
comments in the Code Tab.
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Agent properties for the Traffic Basic model.



Agent Properties for the Traffic Basic Model

For this model, SPEED describes the current speed of the car, SPEED-LIMIT is the maximum
speed of the car and SPEED-MIN, its minimum speed.

When the Traffic Basic model starts up, all of these properties are set in the SETUPCARS
procedure:

N\
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One of the first considerations when designing an agent-based model is at wh ularity
should you create your agent — at what level of complexity is the agent you ar eling.

The Granularity of an Agent

Level of Complexity for the Agents SQ

So how do you choose the level of complexity for the agents in y |%odel? The guideline is
to choose agents such that they represent the fundamental level Or'iteraction that pertains to

your question about the phenomenon. Q
R

Tumor Model

For instance, if you look at the Tumor model (s in figure 5.6) in the Biology section of
the NetLogo models library, the agents are ithin the human body, since the research
question the model examines is how tum pread.

O
o
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NetLogo Tumor model
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Figure 5.6
NetLogo Tumor model. http://ccl.northwestern.edu/netlogo/models/Tumor (Wilensky, 1998b).
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However, even though the AIDS model in thg@)gy section of the NetLogo models library
(see figure 5.7) is also concerned with dis% basic agents are humans instead of cells.
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NetLogo AIDS model
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Figure 5.7
NetLogo AIDS model. http://ccl.northwestern.edu/netlogo/models/AIDS (Wilensky, 1997a).

Question Of Concern \’b

This is because the AIDS model is @ concerned with how the disease spreads between
humans instead of how it spreads he human body. In the Tumor model, the question of
concern is how cells interact to cancer

Thus, the most |mportant I %ctions happen at the cell level, and this makes cells a good
choice for agents In th S model, the question of concern is how humans interact to spread
disease, with hu é‘{ agents being the most appropriate choice.

Choices Of Cﬁgﬂarity

These @Q)dels highlight the relationship between the question being investigated, the
mteract being modeled, and the resulting choices of granularity for the agents.

(@ Of Complexity

( C_) Both individual cells and groups of cells can be valid choices for the level of complexity of
these agents, and deciding between them will depend on details of the question you are
asking as well as considerations of computational complexity.



Agent Cognition

As we have described, agents have different properties and behaviors. Still, how do agents
examine their properties and the world around them to decide what actions to take? This
question is resolved by a decision-making process called agent cognition.

Types Of Agent Cognition

We will discuss several types of agent cognition: ,&

« reflexive agents,
™

e utility-based agents, K
e goal-based agents, and ®
o adaptive agents (Russell & Norvig, 1995). \

Often, these types of cognition are thought of in increasing order of co mith reflexive
agents being the simplest, and adaptive agents the most complex. In r%y though this is not
a strict hierarchy of complexity. \5/

Instead, these are descriptive terms that help us talk about aﬁzognition and can be mixed
and matched; for instance, it is possible to have a utilityQQ ptive agent.

Reflexive ’
Reflexive agents are built around very simple r ’g\\'hey use if-then rules to react to inputs
and take actions (Russell & Norvig, 1995). F& ance, the cars in the Traffic Basic model
are reflexive agents. If you look at the CO% ontrols their actions, it looks like this:
\)
«

let car-ahead one-of turtles-on patch-ahead 1 ;;choose a car on the patch ahead
ifelse car-ahead != nobody [ ;; if there is a car ahead

slow-down-car car-ahead ;; set car speed to be slower than car ahead
]

[ ;; otherwise, speed up
speed-up-car ;; increase speed variable by the acceleration
]

%& speed
\‘
Putin WOI‘d@ code says that if there are cars ahead, then slow down below the speed of the
car in fr there are not any cars ahead, then speed up. This is a reflexive action based on
the sta the program, hence the name reflexive agent. This is the most basic form of agent
cognitfon (and often a good starting point), but it is possible to make the agent cognition more
néb’sticated.

QCJ—gQJtility-based Form of Agent Cognition

For instance, we could elaborate this model by giving the cars gas
tanks and fuel efficiencies based on the speed they are going. We could then have the cars
change their speeds in order to improve their fuel efficiencies. As a result, the agents might
have to speed up and slow down at different times than they currently do to minimize their gas
usage while still not causing accidents. Giving the agents this type of decision-making process



would give them a utility-based form of agent cognition in which they attempt to maximize a
utility function — namely, their fuel efficiency (Russell & Norvig, 1995).

Implementation Of Model Of Agent Cognition

To implement this model of agent cognition, we need to start by replacing our SPEED-UP-
CAR procedure with a new procedure that accounts for the car ’ s fuel efficiency. °\\
;3 choose a car on the patch ahead \’b
let car-ahead one-of turtles-on patch-ahead 1 b‘
ifelse car-ahead != nobody [ ;; if there is a car ahead

slow-down-car car-ahead ;; set car speed to be slower than car ahead

]
[ ;; otherwise, adjust speed to find ideal fuel efficiency
adjust-speed-for-efficiency ]

W\

We want the ADJUST-SPEED-FOR-EFFICIENCY procedure t aintain the same
speed if the car is at the maximally fuel efficient speed. If it i at its most efficient
speed, the logic in this procedure should have the car speed upkésis moving too slow and
slow down if the car is moving too fast. Additionally, the car \Q still need to slow down if
it was about to crash into the car in front of it. As such l@u utility function includes an
exception that gives a utility of 0 to any action that resuﬂ%n crash. As a result, we can leave
the first part of the code that slows the car before it cyashies and just add ADJUST-SPEED-
FOR_EFFICIENCY when there is no car directly d, as illustrated in the code below from
the Traffic Basic Utility model, of the NetLoQ{'@ Is library.

« A

;; car procedure
to adjust-speed-for-efficiency
if (speed != efficient-speed) [ ;; if car is at efficient speed, do nothing
if (speed + acceleration < efficient-speed) [
;3 if accelerating will still put you below the efficient speed then accelerate
set speed speed + acceleration
] ¥
;3 1f decelerating will still put you above the efficient speed then decelerate
if (speed - deceleration > efficient-speed) [
set speed speed - deceleration
]

]

end
Utility tions
’

language of utility functions, each car agent is minimizing a function f,

QC;)(Qefined by:
fv)=lp=v’

where v is the current velocity of the car and v* is the most efficient velocity. The constraint
that is described in the code is that the v cannot be adjusted arbitrarily, but instead, can only be




changed by a limited increment every time step. By trying different values for EFFICIENT-
SPEED, you can obtain quite different traffic patterns from the original model. For low values
of EFFICIENT-SPEED, the system can achieve a free-flow state (with no jams) on a consistent
basis.

Goal-based Agents

The third type of agent cognition we will discuss is goal-based cognition. Imagine that eac\,-}\
car in the Traffic Grid model (see figure 5.8) from the social sciences section of the NetLo

models library has a home and a place of work, with the goal of moving from home to Work%

a reasonable amount of time. Now, not only do the agents have to be able to speed up anQL

down, but they also have to be able to turn left and right. In this version of the mod cars
are goal-based agents, since they have a goal (getting to and from work) that the@gﬂismg to

dictate their actions. A\
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Traffic Grid model. http://ccl.northwestern.edu/netlogo/models/TrafficGrid (Wilensky, 2002b).

Implementing The Goal-based Version of the Model

To implement the goal-based version of the model, we start by defining the procedure that the
cars will use to navigate between their two desired destinations. Instead of just moving straight
all the time, as with the cars in the original model, the new model should have the car at each



step deciding which of its neighboring road patches is the closest to its destination,
subsequently proceeding in that direction. We do this in the procedure called NEXT-PATCH.
First, each car checks if it has arrived at its goal, and if so, switches its goal:

;; if I am going home and I am on the patch that is my home
;3 I turn around and head towards work (my goal is set to “work”) .
if goal = house and patch-here = house [ ,§\

set goal work
]

;; if I am going to work and I am on the patch that is my work
;3 I turn around and head towards home (my goal is set to “home”’)
if goal = work and patch-here = work [
set goal house

]

A 4

The code above doesn ’ t quite work. That ’ s because the house an are off-road and the
cars remain on the road, so the condition * patch-here = house ” i\pattch-here = work ” will
never be satisfied. As we placed the house and work adjacent e road, we can fix this by
having the car check if it is right next to its goal. KQ

;3 1f I am going home and I am next to the patch that is my home
;3 I turn around and head towards work (my goal is set to “work”)
if goal = house and (member? patch-here [neighbors4] of house) [
stay set goal work
]

;; 1f I am going to work and I am next to the patch that is my work
;3 I turn around and head towards home (my goal is set to “home”)
if goal = work and (member? patch-here [neighbors4] of work) [
stay set goal house

]
\J”
Having establishe ach car then chooses an adjacent patch to move to that is the closest
to its goal. It does'this\by choosing candidate patches to move to (adjacent patches on the road)
and then selecti e candidate closest to its goal.

The re@@\IEXT-PATCH procedure is:

S
<



;; establish goal of driver

to-report next-patch

;; if I am going home and I am next to the patch that is my home

;3 I turn around and head towards work (my goal is set to “work™)

if goal = house and (member? patch-here [neighbors4] of house) [
stay set goal work

]

;3 1f I am going to work and I am next to the patch that is my work
;3 I turn around and head towards home (my goal is set to “home”™)

[
if goal = work and (member? patch-here [neighbors4] of work) [ ,§\

stay set goal house
]

;; CHOICES is an agentset of the candidate patches which the car can
;; move to (white patches are roads, green and red patches are lights)
let choices neighbors with [pcolor = white or pcolor = red or pcolor = green]
;; choose the patch closest to the goal, this is the patch the car will move to
let choice min-one-of choices [distance [goal] of myself]
;5 report the chosen patch
report choice
end

o

Adaptive Agent K

One of the powerful advantages of agent-based modeling i@agents can change not only
their decisions but also their strategies (Holland, 1996). ‘K

Adaptive Agent: An agent that can change its strategy ased on prior experience is an adaptive
agent. Unlike conventional agents, which will al he same thing when presented with the
same circumstance, adaptive agents can makQ erent decisions if given the same set of

inputs. \’b
Traffic Basic model . .@Q
A\

In the Traffic Basic model, ca dco)ot always take the same action; they operate differently
based on the cars around the ither slowing down or speeding up. However, regardless of
what has happened to the 05 in the past (i.e., whether they got stuck in traffic jams or not)

they will continue
to take the same acti he same conditions in the future. To be truly adaptive, agents need
to be able to cha@ only their actions in time, but also their strategies.

They must to change how they act because they have encountered a similar situation in

the past a n react differently this time based on their past experience.

Ip~qthér words, the agents learn from their past experience and change their behavior in the
to account for this learning.

o
QJ xample Of Adaptive Cognition

For instance, the agent could have observed that in the past that, when there was a car five
patches ahead of it, it braked too quickly, even though it could have waited longer to brake
without hitting the other car. In the future, it could change its rule for braking to brake only
when a car is four patches ahead. This agent is now an adaptive agent because it not only
modifies its actions, but also, its strategies.



Other Kinds of Agents

We have already discussed breeds and various types of agents, but there are two other special
kinds of agents that deserve at least a brief mention.

e The first type are meta-agents, agents made up of other agents;
e The second is proto-agents, placeholder agents that allow you to define interactions *
for your fully defined agents with other entities that have not been fully developed. \,§\
e
Meta-Agents Many things that we would consider agents in reality are actually compo@f
other agents. In reality, all “ agents ” are composed of other agents; to cite the oft-to ble,
“1It ” s turtles all the way down. ” In other words, there is always a lower level ail that
you can use to describe an agent in your model, at least until you reach the mo ic level so
far described by physics. For instance, if we have selected a human to b th%ent, he or she
is actually composed of many subagents, with these subagents in turn bei 3@)@ ent depending
on how you view the human. You could view the subagents of a hu the systems of the
body — e.g., the immune and the respiratory systems — or you co@ew the subagents of a

human as psychological aspects like the intellect and emotion. I\f@e ver, these subagents are
not the most basic level; in our example, the systems of the bo made up of organs, tissues,

and cells. Q\

Meta-agents and Sub-agents ’

At each of these levels, we are describing'{@%ﬂonship between meta-agents (agents
composed of other agents) and subagent which compose other agents). Still, agents
can also be both meta-agents and sub, a'ﬁ\at the same time. For instance, organs are
composed of cells and are meta-agent$™\{towever, they also play a compositional role in the
systems of the human body and a@%\ ubagents.

We can use meta-agents in o %Ms by defining the subagents that make up our agents and
providing them with their @ctions and properties.

Meta-agent Appear Q@ a Single Agent
N

s@}ive of another meta-agent, a meta-agent appears to be a single
meets another person, they do not (usually) directly interface with the heart
nless the meeting takes place at the surgical table). Instead, they interface with

From the p
agent. If a

4

n&ling Agents and Their Interactions

hen we think of modeling agents and their interactions, we have to determine what level of

QJ granularity we want to describe the agent behaviors. However, we always have the option of
refining our model by converting agents into meta-agents that describe the agents that
constitute other agents. Sometimes, it can be useful to represent the agents in our models not

as autonomous individuals, but instead, as meta-agents composed of other agents. NetLogo

doesn ’ t include explicit language support for these meta-agents, though there are commands

for locking together the movement of several agents (e.g., the TIE command) that may be useful



in some circumstances. However, there is nothing to prevent you from designing models that
have groups of agents representing single agents.

Proto-Agents

To truly be an agent within the agent-based modeling framework, an entity must have its own
properties or actions. Sometimes, though, it can be desirable to create agents that, rather than .
having their own properties or behaviors, are instead placeholders for future agents. We ca \\
these agents proto-agents, and their primary purpose is to enable us to specify how other agen ‘\
would interact with them if they

were fleshed out into full agents.

Example of Proto-agent \&

For instance, if you were creating a model of residential location decisi rﬁ&g, you would
have residents as agents; however, since where a resident lives is gre fluenced by places
of employment and services (e.g., grocery stores and restaurants) y: ight also want to
include these “ service centers ” as agents as well. The same ley etail necessary for the
residents, who are the focal agents of concern, may not be n ry for the service centers.
Instead, they might be rendered as placeholders to repre re residents might potentially
find jobs and transact business. However, as you continuecto refine the model, you might give
the service centers additional decision-making abilities?For instance, they might have a more
elaborate model of market demand and decide .\N?Qo locate using their own properties and

beliefs about the future growth of the world. g these agents as proto-agents early on
means that when you add in the more ric ed versions to the model, you do not have
to go back and revise your resident agents\InStead, you can use the interaction events that
they had already been using to interfa ith the service center proto-agents.

6%\
Environments

Another early and orléﬁlcmon is how to design the environment of the agent-based model.
The enwronmen qsists of the conditions and habitats surrounding the agents as they act and
interact withi odel The environment can affect agent decisions, and, in turn, can be
affected by @ decisions.

Enviro nt Can Affect Agent
/
stance in the Ants model from chapter 1, the ants leave pheromone in the environment
(q changes the environment, and in turn changes the behavior of the ants. There are many
ifferent kinds of environments that are common in ABMs. In this section, we will discuss a
few of the most common types of environments.

Implementation of an Environment

Before we discuss the types of environments, it is important to mention that the environment
itself can be implemented in a variety of ways. First, the environment can be composed of



agents such that each individual piece of the environment can have a full set of properties and
actions.

NetLogo
In NetLogo, this is the default view of the environment — the environment is represented by

the agentset of patches. This allows different parts of the environment to have different .
properties and act differently based on their local interactions.
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