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		Diffusion of Innovations

								

	
				Key Concepts
 In this chapter, you will
 	study how innovation spreads in populations,
 	be presented with models to study diffusion,
 	explore the effect of network structure on the diffusion of innovation.
 
  
 Facebook was introduced in February 2004 by Mark Zuckerberg from his dorm room at Harvard University. In March 2020, 2.6 billion people had a Facebook account. This is a dramatic success story of the diffusion of an innovation. Usually, when somebody develops a new product, it can take years to get it out on the market. For example, the Sony Betamax was considered to be a technologically superior product for recording TV programs, but it never became popular. Instead, the VHS system from JVC became the dominant format. There are many flops and some successes in innovations. In this chapter, we will use models to explore why this is the case.
 The study of diffusion focuses on the attributes of innovations that affect the speed and scope of diffusion. The social network structure can affect the spread. When the average path length of agents within a network is small, the innovation may spread faster. However, the diffusion speed and scope also depends on the medium of diffusion. Is an innovation easy to acquire when one comes in contact with it? Can the idea be spread via mass media, or does one need to train a person to acquire the skill? In this chapter, we discuss a number of examples of diffusion processes. We will look at the diffusion of innovations and the adoption of new products.
 Diffusion of Innovations
 The diffusion paradigm was developed by Ryan and Gross (1943), two rural sociologists who studied the diffusion of hybrid corn seed in two Iowa communities. The new hybrid corn, introduced in 1928, increased production by 20% and was more drought-resistant. However, farmers needed to purchase new seeds each year, instead of self-selecting seeds from their own plants. The new technology, therefore, led to significant changes for the farmers. By surveying more than 300 farmers in 2 communities during 1941, Ryan and Gross showed that diffusion is a social process that spreads adoption in the community through subjective evaluation, rather than individual rational choice.
 Diffusion processes often replicate the observed stylized fact of an S-shaped curve of cumulated adopters of the innovation. In fact, the increasing number of adopters is, in essence, the diffusion process. The adoption of new products is a complex process that typically consists of a large body of agents interacting with each other over a long period of time. Traditional analytical models described diffusion processes on the market level since available data is often aggregated without attention to spatial distribution or individual characteristics. When individual data is available, these are snapshots of adopters’ surveys.
 Diffusion processes have been studied in many disciplines, such as anthropology, marketing, rural sociology, and communication science. Everett Rogers (1962) synthesized the work of many studies and developed a framework of typical successful innovations. Innovators make the initial adoption of an innovation, after which early adopters, early majority, late majority, and finally, laggards may adopt the innovation.
 As we develop a model of the diffusion of innovation, we need to consider that there is variability within the population when adopting something new (i.e., innovators versus laggards). Furthermore, there is likely interaction among agents that leads agents to imitate or copy innovators’ behavior. The position of the innovator within a social network may affect the diffusion pattern.
 Although the empirical investigation of dynamic micro-level processes is limited and difficult to accomplish, computational models have been developed, which can be used to investigate the consequences of different assumptions of agents on the diffusion of an innovation.
 The traditional model on the aggregate penetration of new products is the Bass model (1969), which follows Rogers’ diffusion of innovation (Rogers, 1962). The Bass model emphasizes the role of communication, namely external influence via advertising and mass media, and internal influence via word of mouth. An individual’s decision is described as a probability of adopting a new product at time t, which is assumed to depend linearly on two forces. The first force is not related to previous adopters and represents the external influence, and the other force represents the internal influence and is related to the number of adopters.
 N[t+1] = p * (m – N[t]) + (q/m) * N[t] * (m – N[t])
 where N[t] is the cumulated number of adopters at time t, m is the potential number of adopters, p reflects the influence that is independent of the previous adoption, and q reflects the influence due to word of mouth. Although the Bass models fit very well with much of the data, its relevance to real consumer behavior is questioned. One of the problems is that the model only explains an observed successful diffusion process, and cannot predict whether a new product will be a success or a failure.
 One way to simulate the diffusion process from an agent-based perspective is to equip the agents with thresholds when to adopt an innovation. For example, Mark Granovetter (1978) presented a framework that assumed that thresholds to join a collective behavior differ among individuals and that the type of distribution affects the system’s macro-dynamics. Granovetter (1978) focused on processes in which the whole group could monitor adoption. More relevant for many diffusion processes, is to base the threshold model on personal networks. Valente (1995) analyzes in detail threshold models for a number of data sets. Thresholds in his models are based on the individual personal network. Interestingly, less risky innovations spread faster if the central connected agents have a low threshold for adoption. For more risky innovations, less connected individuals adopt the product first, which may reduce uncertainties and lead to diffusion to the whole group afterward.
 Simple Diffusion Model
 We will now present a series of NetLogo models of diffusion processes which can be downloaded here. In the first model, we have agents walking randomly around. All agents are randomly placed in the environment. With a probability probstep, an agent adjusts its direction and will move one step forward. All agents are white except for one who has the color red. Every time-step, an agent will check the agents’ fraction with the red color in the patch the agent is located. If the fraction of red agents is above the threshold “threshold” of the agent, a white agent will become a red agent. We will compare each agent’s effect with a threshold equal to 0.5, with each agent having a threshold value randomly drawn between 0 and 1. To implement this in NetLogo, we use the code below. Turtles-here is the set of all turtles on the caller’s patch. By adding the other set will not contain the caller. It checks first whether sum0 + sum1 is larger than zero to avoid division by zero. If the fraction of red turtles is higher than the threshold, the color of the agent will be red and will stay the same, white or red, otherwise.
 let sum0 0
let sum1 0
ask turtles
[
  set sum0 count other turtles-here with [ color = white ]
  set sum1 count other turtles-here with [ color = red ]
  if sum0 + sum1 > 0
  [
    if (sum1 / (sum0 + sum1) > threshold)
    [
      set color red
    ]
  ]
]
 With an initial density of 1% of red agents, we see a slowly growing number of red agents (Figure 1). When the threshold values vary among the agents, the diffusion is faster than the same threshold value for all the agents. This is illustrated in Figure 2, where the heterogeneous case has a smaller number of ticks to come to the diffusion of red agents compared to a homogenous threshold of 0.5. Some innovators are more likely to adopt the innovation when there is heterogeneity when just one red agent is on the patch.
 [image: ]Figure 1. The spatial pattern of 10000 agents. [image: ]Figure 2. The number of adopted agents for heterogeneous threshold values (orange) and a fixed threshold value of 0.5 (blue) for all the agents. Diffusion in a Social Network
 Suppose agents are connected within a social network, like a small-world network. Starting with one red agent, white agents who have a red neighbor will adopt the innovation. This leads to the spread of innovation through the network. As you can see in Figure 3, the diffusion takes short cuts of relinked nodes. The shorter the average path length in a network, the faster the innovation will spread.
 [image: ]Figure 3. Snapshot of the spread of innovation on a small-world network. To model the diffusion in networks, we count for each node the number of friends that are red. All agents are updated synchronously. Therefore we first define the number of red friends for each node, nan, and then check whether the threshold is passed. Check out what happens if the updating is not synchronous. The basic code of the model is now as follows.
 ask turtles [
  let node1 self
  set nan count turtles with [link-neighbor? node1 and color = red]
]

ask turtles [
  if nan >= threshold [ set color red]
]
 In Figure 4, some simulation runs are provided for a network of 500 nodes with different rewiring probabilities. There is one red agent at the start of the simulation. Agents adopt when at least one of their neighbors has adopted. We see that when all agents are in a circle—-no rewiring (=0)—-the number of red agents spread linearly until all agents are adopted. When there is a small probability of rewiring, the adoption is also linear until the short-cut is hit, which speeds up the adoption rate. We see that for larger rewiring rates, the diffusion goes faster, where a rewiring rate equal to 1 leads to a random network.
 [image: ]Figure 4. Diffusion in networks with different rewiring probabilities. If we change the threshold to two neighbors needing to have adopted the innovation before the agent adopts, we see that the adoption will not spread through the whole population when there are rewiring of the original regular links between neighbors. Figure 5 shows the number of adopted agents out of 500 agents after 500 tickets, averaged over 100 runs. When there are more random links, there is a smaller probability the adoption spreads far. With more random links, the clustering coefficient is reduced, and it becomes less likely that at least two neighbors have adopted the innovation.
 [image: ]Figure 5. The number of adopted agents for different probabilities of rewiring. Lock-in of Products
 Why do we sometimes have one product dominating a market, even if it is a product that some argue to be inferior? Examples are Microsoft, QWERTY keyboards, the Google search engine, etc. This is the problem of lock-in. Economist Brian Arthur (1994) studied the problem of lock-in of technologies and developed some models that simulate lock-in processes.
 The basic idea is the following. Suppose there are two products to chose from, say Microsoft and Apple. The more people in your environment with whom you share documents who use product A, the more valuable product A is. If a person has to choose between two products, he or she will be more likely to choose the product with a majority of users, if the two products have similar performance.
 We can implement this process in a simple model. Every time step agents made a choice. The choice for product A is proportional to the share of product A of both products as chosen in the previous time step. Starting the model with equal probabilities, one of the two products starts to dominate. Which product will dominate cannot be predicted from the start. Random events may give one of the products a larger market share and stimulating dominance in future time steps (Figure 6).
 [image: ]Figure 6. Share of red products among agents who bought a product. In Figure 6, we show results of a model where every time-step, another agent will decide to enter to make a decision between products A and B. Every time step agents who have made a choice between A and B will reconsider it based on the current adoption shares. Suppose agents will not reconsider their decisions, then we may get stable mixed shares of products A and B (Figure 7). Once a large number of agents have made their choice between A and B, every new agent will choose relative to the frequency of products A and B. Hence, we need to include some reconsideration of agents in order to derive lock-in of one of the products with certainty.
 [image: ]Figure 7. Share of red products among agents who bought a product when agents do not reconsider. In Figure 8, you see the results of a large number of simulations. We run the model for 1000 time steps, and use different probabilities for agents to reconsider their choices. For each probability, 1000 simulations were performed, and the fraction of product A was determined at the end of the simulation. Then we ordered the simulations according to the share of product A. We see that for a reconsideration probability of 0, the share of product A follows a uniform distribution. However, for probability equal to 0.02, one-third of the simulations have a fraction of zero, and one third has a fraction of 1. Hence the distribution is bipolar.
 [image: ]Figure 8. The fraction of shares of product A at the end of 1000 simulations for different probabilities of agents reconsidering their choice. Summary
 How do new technologies spread within a network of consumers? In this chapter, we discussed various classic models to capture the traditional S curve of diffusion of successful innovation, and the lock-in of technology at the cost of a competing technology. Typical rules of adoption relate to the share of products within a (local) network and the thresholds that stimulate agents to adopt an innovation. In the next chapter, we extended this work by including more explicit different types of motivations of the consumers.
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		Preface

								

	
				This textbook aims to teach upper-level undergraduate students and graduate-level students in the life and social sciences the basics of agent-based modeling. It is based on teaching regular graduate and undergraduate courses at Arizona State University. The first version of the book was published in 2010 as a textbook for undergraduate students. The current version is an extended version with more advanced topics of interest to those who want to use agent-based modeling as a research tool.
 The book introduces you to the method of agent-based modeling, but will also use these models to discuss general concepts in social science and ecology. At the end of the book, you will have a basic understanding of various concepts of complex adaptive systems, the principles of agent-based models, and have derived basic experience with programming in NetLogo, the software tool we use for agent-based modeling in this book. The version we use in this book is 7.0.4.
 This ebook includes links to additional material, such as Wikipedia pages that include a more detailed discussion of certain concepts, or Youtube videos of lectures. We also provide the NetLogo files of the models that we use in this book. We will purposely use examples in the NetLogo library to make use of the directly available models. Still, we also discuss various examples that are specially developed for this book. Those models are available in the COMSES Computational Model Library, and we will provide links to them in the text. We expect the readers will explore the links if they are not familiar with the concepts and download the models to explore them when reading the book.
 The first three parts of the book provide an introduction to the various methods and concepts, and the parts after that contain more specialized topics in ecology and social science. The first Part of the book introduces complex adaptive systems and modeling concepts, and we will get our first introduction to NetLogo. In Part 2, we will discuss a series of classic agent-based models to extend your understanding of concepts of complex adaptive systems as well as derive more experience with the NetLogo. In Part 3, we will discuss various methods and tools to analyze agent-based models systematically. This will be required if we want to use agent-based modeling as a tool for scientific research.
 Part 4 of the book focuses on ecosystem management and discusses simple as well as comprehensive models of population dynamics, resource governance, and rangeland management. In Part 5, we focus on the social sciences, especially on the decision making of agents who are connected via social networks.
 The version of the book you have in front of you is incomplete. More chapters and extensions of existing chapters are in the pipeline, and I will update the book once or twice a year. Since you have bought this book as an ebook, you will get a new version when they are available. They will also be announced at https://intro2abm.com/. 
 This book complements some other textbooks, such as Agent-based and Individual-Based Modeling by Steven Railsback and Volker Grimm, which is more ecology focused, and An Introduction to Agent-Based Modeling by Uri Wilensky and William Rand, which is more focused on the Netlogo software and its applications.
 In developing this book, I have received feedback from many people. First, I like to thank my students for taking my agent-based modeling courses over the years. The saying is that the best way to learn is to teach, and I learned a lot from my students. I also like to thank Bing-Bing Zhou, Ilkhom Soliev, Nathan Rollins, Jennifer Fraser, and Alicia Tenza Peral for feedback on earlier versions of the book. If you have any feedback, don’t hesitate to contact me at Marco.Janssen@asu.edu to continuously improve and extend the material. 
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		Introduction to NetLogo

								

	
				Key Concepts
 In this chapter, you will
 	be introduced to the programming language Netlogo,
 	get practical examples to build your first models.
 
  
 We use the NetLogo package to implement the agent-based models discussed in this book. This package can be downloaded for free from here. We use Netlogo version 7 -(7.0.4 to be precise) in this book. The NetLogo website has a lot of information available for novices like tutorials and example models.
 Model Structures
 A NetLogo model, like other platforms for agent-based models, consists of algorithms that produce a sequence of commands to calculate changes in agents’ attributes. First, a model needs to be initialized, which means that all attributes of agents and environmental variables are defined and have initial values. In NetLogo, people typically use the procedure “setup” to do this. When you look at one of the many demo models in the NetLogo library, you find the button “setup” in most interfaces. Clicking on that button initializes all the relevant variables of the model.
 When a model is initialized, the model continues by calculating the updates of the attributes of agents and the environment. This is typically started by clicking on the button “go” in the interface.
 When you click on “go”, you start a sequence of calculations. A model can be described as follows:
 F(x,p,t)=F(x,p,t-1)
 where F is a model, x the state variables of the model, p the parameters of the model, and t refers to the time step during the simulation, and F(x,p,0) is the initialized version of the model.
 Most models are built upon many different procedures. Procedure f may call procedures g and h. An important aspect of simulation models is the sequence in which procedures are called, and thus the order in which variables of the model are updated. Suppose you have procedures die, eat, and metabolism. Suppose you first call the procedure die to check whether the agent has sufficient energy. If not enough energy is available, the agent is removed from the model. Then the procedure eat is called, and the remaining agents may derive more energy before the procedure metabolism is called. Compare this sequence with the case when first the procedure eat is called, then die, and finally, metabolism. You can tell that the order in which the agents are updated effect which agents remain in the model. Hence, the sequence in which you call the procedures is essential.
 The scheduling is not only important for the order in which you call procedures, but also the order in which you update the agents. Suppose you always update agents in the same order, and they have to look for resources. Then the first agent has an advantage in finding available food, while the last agent may always experience a scarcity of resources. Such a fixed order leads to artifacts in the model. Therefore you see that the order in which agents are updated is typically random. When in NetLogo, you call ask foragers [], forager agents are updated randomly.
 First Steps with NetLogo
 How can you learn to use NetLogo? First, you can follow the tutorial on the NetLogo website. Second, you can explore a large number of existing models in the NetLogo model library. You can explore the behavior of a model by running the model for different assumptions, such as different values of parameters. Let’s use the Rabbits Grass Weeds model in the model library (File – Models Library – Biology). 
 In this model, rabbits move rounds freely on the landscape and consume weeds and grass. The rabbits have a metabolism of say 0.5 energy units every time step. By eating grass, and weeds the rabbits derive new energy. When the accumulated energy of an agent is above the birth-threshold, the agent will generate offspring. The child’s generation is implemented as adding a clone of the agent in a nearby cell and providing half the energy of the parent to the cloned child. As a result, the number of rabbits in the population evolves over time, as well as grass and weed, which reappear by a fixed chance on an empty cell.
 [image: ]Figure 1. NetLogo interface of the Rabbits Grass Weeds model 
 [image: ]Figure 2. Example of a 3-dimensional view of the Rabbit Grass Weed model. The basic user interface includes the “interface,” which gives the graphical output of the model (as depicted in Figure 1), the “info,” which provides the background information of the model, and “Code,” which contains the source code of the model. The basic interface, as depicted in Figure 1, shows more components. A few are important to mention. “File” provides the option to save the model, start a new model, or find a model in the model library. “Tools” include several helpful tools like “Shapes editor” to select a shape to represent an agent, “BehaviorSpace” to run a large number of simulations and store the results in a data file, and “3D view” which allows you to visualize the model output in 3D (Figure 2). “Help” includes a useful link to the user manual. In the detailed user manual, there are discussions on a number of sample models, as well as helpful tutorials that go through the basics of NetLogo. The manual also includes detailed information on how to develop the interface as well as programming guidelines. Finally, the manual consists of a  number of tutorials on the use of features like “Shape Editor,” “Behavior Space,” “Sound,” and “System Dynamics.”
 To use the interface in Figure 1, you click on setup, which will run the command to initialize the model. After this, you can click on “go” to run the model. You can change the parameters during the simulation and see the effects directly.
 Programming with NetLogo
 Learning to program in NetLogo is mainly a process of learning-by-doing. By working through tutorials and example models, you will become familiar with the basics of the language and where you have to look for solutions to the problems you encounter. Note that you will see NetLogo code using different colors. Code other than black are NetLogo specific commands. 
 A few basic elements of the NetLogo language are discussed in the following paragraphs. Agents are called turtles in NetLogo. NetLogo has been based on follow up languages of Logo, a procedural programming language developed in the 1960s. The idea in the development of Logo is to have a simple language to steer an agent or robot, the turtle. For example, a turtle with a pen strapped to it can be instructed to do simple things like moving forward 100 spaces or turn around. The figure below shows you can create a square by having the following sequence of commands.
 Forward 50

Right 90

Forward 50

Right 90

Forward 50

Right 90

Forward 50

Right 90
 Where Right 90 means that the turtle will turn right 90 degrees.
 From these building blocks, you can build more complex shapes like squares, triangles, circles, etc. A software package like NetLogo simulate populations of turtles and provide them with many more commands. Turtles have coordinates (xcor, ycor), and orientation (heading), and they can move around in the environment of patches.
 The cells of the spatial explicit environment are called patches. Patches have coordinates (pxcor, pycor), neighbors, and a color. Patches can also include more information like whether it is empty, has an agent on it, or contains grass or weed (like in Figure 1).
 There is also an observer perspective. From this perspective, you can define aggregates of the patches and turtles, and define the order in which certain commands need to be executed.
 The program consists of a number of procedures which define the actions of the turtles and patches, and in which order they are executed. A procedure starts with to and ends with end. As an example, we define below two example procedures set and go.
 to setup
  ca      ; clear the world
  crt 10  ; make 10 new turtles
end



 to go
  ask turtles
  [
    fd 1          ; all turtles move forward one patch
    rt random 10  ; .. and turn their head a random amount
  ]
end
 We recommend that you implement the model above before you continue
 There are three main types of procedures in NetLogo
 Commands are a list of actions for the agents to carry out. A command always starts with to and ends with end, hence a typical command looks like:
 to (commandname)
   (actions)
end
 In the following example, the name of the command is draw-polygon, and it uses values of global variables num-sides and size. The other actions (pd, repeat, fd, rt) are primitives, as discussed below. Look up the meaning of these primitives to understand what the command draw-polygon is will be doing.
 to draw-polygon
  pd
  repeat num-sides
  [
    fd size
    rt (360 / num-sides)
  ]
end
 Reporters are some specific commands. They report the value of a function with a specific input. Sometimes you have a set of actions that you use in different parts of the model. In such a case, it is useful to define this sequence as a function. The general layout for a reporter is
 to-report (namereporter) [ inputvariables]
  (actions)
end
 See for example a function that defines the absolute value of a number,
 to-report absolute-value [number]
  ifelse number >= 0
  [report number]
  [report 0 - number]
end
 Primitives are built-in reporters and commands. The developers of NetLogo have defined a number of common reports and commands that many people use, and then build those directly into NetLogo. If you look at the primitives directory you see a large set of primitives like turtles, turtles-here, ask, clear-all, etc. Learning which primitives are available and how to use them will take some practice. The best way to learn this is by looking at example models and see how other models have implemented certain problems.
 Variables that are globally defined can be used everywhere in the program and are defined at the top of the program.
 globals [parameter]
 or are defined as a slider or switch in the interface.
 Also, the attributes of turtles and patches are defined globally:
 turtles-own [attribute]

patches-own [attribute]
 To update a variable you use the command set, for example
 set year year + 1
 You can also define a local variable within a procedure by
 let variable 0
 Note that a local variable can only be used within a procedure.
 To update a variable for all turtles use the command ask.
 You can update the color for all turtles:
 ask turtles [set color red]
 or of all patches
 ask patches [set pcolor red]
 You can also change the color of the patches on which there are turtles
 ask turtles [set pcolor red]
 or a specific turtle
 ask turtle 5 [set color green]
 or
 set color color-of turtle 5 green
 or patch
 ask patch 2 3 [set pcolor green]
 A more complicated procedure is
 ask turtles
[
  if (attributes > threshold)
  [
    set attribute attribute - 1
    fd 1
  ]
]
 In the procedure above, the agent is not doing anything if the attribute is less than the threshold. In the following procedure, we adjust the earlier procedure to include that agents make a different decision if the attribute is smaller or equal to the threshold. We also will visualize this in the graphical interface by giving the turtle different colors for each condition.
 ask turtles
[
  ifelse (attribute > threshold)
  [
    set attribute attribute - 1
    set color white
    rt random-float 360
    fd 1
  ][
    set color red
    rt random-float 90
    fd 2
  ]
]
 Agentsets are a subset of the agents, for example all red turtles:
 turtles with [color = red]
 or all the red turtles on the current patch:
 turtles-here with [color = red]
 Another example is all the patches at the right part of the screen
 patches with [pxcor > 0]
 From the perspective of the ‘caller’, a turtle or patch, you can define an agentset of all turtles within a certain radius:
 turtles in-radius 3
 Defining four neighboring patches (north, south, east and west):
 patches at-points [[1 0] [0 1] [-1 0] [0 -1]]
 but this can also be defined easier with a primitive neighbors4.
 What are agentsets for? Well you may want to update a specific set of agents, like
 ask [..]
 or check whether there is any specific agentset:
 show any?
 or count how large the agentset is
 show count
 A specific example is the following where the turtle with the lowest fitness is removed
 ask min-one-of turtles [fitness][die]
 Special agentsets are breeds. In fact, you define them typically in the setup of your model, like
 breed [consumers consumer]
 If you look into the primitive dictionary you see a number of specific primitives for breeds like
 create-<breed>
create-custom-<breed>
<breed>-here
<breed>-at
 So that you can use it like
 ask turtle 100 [if breed = consumer [..]]
 or, if you want to change the breed of a turtle
 ask turtle 100 [set breed consumer]
 As mentioned before, learning to use NetLogo is a matter of practicing, for example studying the example models we use, or reimplementing models discussed in publications.
 Let’s start with the implementation of a model of termites making piles of wood chips. You start a new NetLogo model and first create the interface. You add two buttons ‘setup’ and ‘go’. The setup button is at the observer level and will be executed once. The go button is at the observer level and goes forever.
 Also add two sliders: “number” with a minimum of 1 and a maximum of 300 with a step size of 1, and “density” with a minimum of 0 and a maximum of 100 with a step size of 1.
 Next, you will go the “Code tab”, and define setup as follows
 to setup
  clear-all
  set-default-shape turtles “bug”
  ask patches
  [
    if random-float 100 < density [set pcolor yellow]
  ]
  create-turtles number [
    set color white
    setxy random-xcor random-ycor
    set size 5
  ]
end
 This setup procedure randomly allocates wood chips (yellow patches) with a given density. The procedure also randomly put the white termites on the landscape.
 Before you continue to click on the setup button in the interface. Does it work?
 Now we continue with the go command. When you press “go”, the termites (turtles), will continuously execute three rules:
 	look around for a wood chip and pick it up
 	look around for a pile of wood chips
 	look around for an empty spot in the pile and drop off the chip
 
 to go  
  ask turtles   [
    search-for-chip
    find-new-pile
    put-down-chip
  ]
end
 The search-for-chip command is defined as follows
 to search-for-chip
  ifelse pcolor = yellow
  [
    set pcolor black
    set color orange
    fd 20
  ][
    wiggle
    search-for-chip
  ]
end
 Where the wiggle command is defined as 
 to wiggle
  fd 1
  rt random 50
  lt random 50
end
 Find a new pile is defined as 
 to find-new-pile
  if pcolor != yellow
  [
    wiggle
    find-new-pile
  ]
end
 Finally, drop off chip is modeled like
 to put-down-chip
  ifelse pcolor = black
  [
    set pcolor yellow
    set color white
    get-away
  ][
    rt random 360
    fd 1
    put-down-chip
end
 Where the command get-away is defined as
 to get-away
  rt random 360
  fd 20
  if pcolor != black [get-away]
end
 Click on the “go” button in the interface. What is happening? If you click on “Settings” and change the dimensions of the number of patches on the screen to a larger number, say 100×100 patches, will the same results appear?
 Summary
 This chapter provides an initial overview of NetLogo and instructions on how to start programming. Check out some of the many example models in the NetLogo library, check out what the primitives mean, and try to understand why the model produces the results it produces.
 Some additional sources to learn more about programming in NetLogo are:
 Videos by William Rand on Fundamentals of NetLogo
 NetLogo Tutorial by Jen Badham
 
	

			
			


		
	