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Prj ID # P092


Diffusion of Innovation through a Social Network   


Proposal

Diffusion of innovation is the process by which an idea or influence propagates through a social network of individuals and resources interconnected by various relationships. Traditionally, theoretical basis for the diffusion of innovation is predicated on a repeatedly analyzed small number of well-established dataset1. While the impressive contributions of traditional methods are evident, they in general, fall short of analyzing fast changing complex environment of a new product growth and fail to offer a broader view of how a collective behavior emerges from changes in individual characteristics. In this report, we propose the use of Stochastic Cellular Automata to rigorously examine the processes of a new product growth, investigating assumptions and conducting studies in a manner not possible otherwise.

Stochastic Cellular Automata is a vast field with significant applications in a variety of streams. Our efforts were concentrated primarily on mining and understanding the processes behind CA as it relates to Diffusion of Innovation, how it makes a difference at analyzing and simulating individual level characteristics as well as validating and enhancing psychological assumptions that underlie those very individual characteristics. In our view, this comprehensive study provides a new approach to studying marketing applications and overcoming past barriers through use of an effective Cellular Automata framework. 

Introduction

Social Network and Innovation - 

An innovation is an idea, practice, or object that is perceived as new by an individual or other unit of adoption. A mathematical interpretation of social network can be thought of as a graph where individuals are represented as nodes and their relationships and interactions are represented by edges between the nodes. In this light, diffusion of innovation is the process by which an innovation is communicated through various channels (edges) over time among the members (nodes) of a social network (figure 1).



________________________________________________________________________

1Diffusion of hybrid corn among farmers in Iowa (Ryan and Gross, 1943), antibiotics among US physicians (Coleman, Katz, and Menzel, 1966) or family planning in Korean villages (Rogers and Kincaid, 1981)

Maximizing Spread - 


Maximizing spread of an innovation is desirable for a variety of reasons, ranging from inventors’ fame to increasing revenues to maximizing social utilization of the product or the idea behind that innovation. In this regard, a social network is of tremendous political as well as economic significance. A new innovation can bring a stark change, transforming the ways our societies function and evolve, yielding substantial benefits in 

all imaginable spheres of life.
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Figure 1: An innovation, say use of video-conferencing among a network of faculty members is shown to be diffused (blue-red circles) in case, a faculty member is communicated by two neighboring faculty members regarding use of it. Nodes become “active” when the individual adopts video-conferencing

Factors influencing spread maximization - 


There are many aspects to maximizing spread in a social network. In order to reasonably predict dynamics of adoption within an underlying social network, it is important to analyze the factors influencing it. More significant factors among others could be:  


- The nature of the innovation: A particular innovation may require special care in

attracting adopters due to its complexity/technicality.  There may be a special need to familiarize potential adopters with an innovation due to its level of novelty etc.

- Technique of social network: Means and techniques employed to reach potential

adopters. It could vary from expensive marketing blitz through instruments of mass media communication (TV/Internet etc.), attractive promotional offers etc. to relatively inexpensive means of spread through “word-of-mouth”.

- Dynamics of Influence: Accounts for parameters influencing effective level of

penetration, based on sociological and psychological aspects of human nature. To

maximize the impact, it’s important to understand how to “seed” (‘simple’ or ‘random’) effectively by influencing a small number of key, more influential individuals. In this regard, a social network is the pattern of friendship, advice, communication or support and level of trust which exists among the members of a social system [1]

Because of the complexity involved in researching and modeling above mentioned factors, arising due to lack of individual data and resultant inability of market researchers to empirically validate the main assumptions used in the aggregate models of innovation diffusion, we propose use of Stochastic Cellular Automata to analyze issues facing current theory of innovation diffusion. 

Cellular Automata - can be described as:

“Cellular Automata are discrete dynamical systems whose behavior is completely specified in terms of a local relation. A cellular automaton can be thought of as a stylized universe. Space is represented by a uniform grid, with each cell containing a few bits of data. Time advances in discrete steps and the laws of the universe are expressed in a small table where at each step each cell computes its new state from that of its close neighbors. Thus, the system’s laws are local and uniform[2].”
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Figure 2: A CA Grid

As such, CA are extremely useful idealizations of the dynamical behavior of many real systems, including physical fluids, neural networks, molecular dynamical systems, natural ecologies, military command and control networks, and the economy among others[3].



CA models possesses five generic characteristics – 

1. Discrete lattice of cells – the system substrate consists of a one, two or three-dimensional lattice of cells.


2. Homogeneity – all cells are equivalent.

3. Discrete States – each cell takes on one of a finite number of possible discrete states.

4. Local Interactions – each cell interacts only with cells that are in in its local neighborhood. 

5. Discrete Dynamics – at each discrete unit time, each cell updates its current state according to a transition rule taking into account the states of cells in its neighborhood.
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Figure 3: Invertible Honeycomb Automata.

Each Lattice represents a universe, each cell an individual entity in that world, Homogeneity represents the state, discrete state an interval (mostly in time), local interactions are the transition rules for a typical CA problem. This is most generic of definitions, which can have a variety of distinctions at each of the characteristics mentioned above. For some detailed explanation on how to build a CA along with some mathematics and an application, “Game of Life”, please see our Appendix “A”, presented at the end of this report.

To summarize, Cellular Automata models are simulations of global consequences, based on local interactions between individual members of a population. These individual members may represent plants and animals in ecosystems, vehicles in traffic, people in crowds, or autonomous units in a physical system. The models typically consist of an environment or framework in which the interactions occur between various types of individuals that are defined in terms of their behaviors (procedural rules) and typical parameters. The solution of such models consists of tracking the characteristics of each individual through time. This stands in contrast to modeling techniques, where the characteristics of the population are averaged together and the model attempts to simulate changes in these averaged characteristics for the entire population being studied.


Word-of-Mouth - 

We also believe that in a complex environment with rapid technological change, face-to-face communication is often the most effective way to communicate useful information with respect to the existence and the characteristics of a new technology. In this regard, we concentrated more on “word-of-mouth” technique as face to face personal contacts are considered flexible, interactive, provide customized information and are extremely cost effective2,3. [4]



Background:

Innovation Diffusion

The theory of the innovation diffusion is a research field developed in the last forty years by economists, sociologists, and marketers and only recently, by applied mathematicians interested in industrial organization. The theory has been tested, researched and verified more or less through modeling techniques utilizing statistical mathematical models, where the characteristics of the sample are averaged together and then interpolated for the entire population under consideration.

________________________________________________________________________

2Marketing based on word of mouth networks can be more cost effective than the more conventional variety, because it leverages the customers themselves to carry out most of the promotional effort. A classic example in this case is the Hotmail free service, which grew from zero to 12 million users in 18 months on a miniscule advertising budget, thanks to the inclusion of a promotional message with the service’s URL in every mail sent using it. [5]. This type of marketing, dubbed viral marketing [6] because of its similarity to the spread of an epidemic, is now used by an growing number of companies, particular in the internet sector.


3Word-of-mouth is able to provide customized information to a prospective customer and can bypass standard defense mechanisms i.e. you might switch off your TV if there is a commercial break but you will probably listen if someone is talking to you about the same product [4]

Traditional methods for diffusion research such as random Markov field and Bass model (1969) (see Appendix “B” for Bass model) are based on statistical mathematics, and often cannot tell us much about the process of diffusion over time, other than what can be reconstituted from respondents’ recall data. However, given that recall measures have often been shown not to be that accurate, even for the basic information of time of adoption [7] the ability to reliably reconstruct communication and influence patterns over time from such data is very low.

A milestone was represented by the work of Bass where the dynamics of his system are described in terms of both external and internal influences. External influence is usually represented by the effect of mass media communications on the diffusion process, while internal influence parameters account for social interactions between prior adopters and potential adopters in the social system (word-of-mouth effects etc.) Even Bass Model relied on broader generalizations in want of a framework that would consider span of individual-level diffusion parameters into account and would allow them to predict a broader view of how a collective behavior emerges from changes in the individual characteristics. 


Individual vs. Aggregate Data

In order to understand how innovation diffusion process unfolds throughout a social network it is important to analyze data sets that reflect the behavior of individuals throughout the entire process.  Unfortunately, such data is often difficult to obtain and not very accurate.  Data collection methods usually involve surveying individuals at discrete time intervals [8].  Due to the continuous nature of the diffusion process, this “freezing” has an effect on the usefulness of the data collected.  In fact, it is extremely difficult to accurately describe the communication and interaction between individuals within the social network using such data. This difficulty makes it hard for us to understand, analyze and apply the knowledge gained from such innovation diffusion processes [8].

Currently there are very few individual data sets available.  Therefore the same data sets have been analyzed repeatedly throughout the span of innovation diffusion theory and research.  Examples of such data sets include the areas of medicine (antibiotics adoption), agriculture (the use of hybrid corn), and sociology (family planning) [8].  From such areas we can hardly draw concrete conclusions about diffusion innovation in general.  It would be useful to generalize the diffusion process so that it may be applied to many different domains.  We would like to simulate the diffusion process on the individual level so that we can learn more about how innovation adoption can be influenced through communication channels. 

Due to emerging technologies in complex systems analysis, we are now able to simulate the diffusion process at the local or individual level with a higher degree of accuracy.  One such technology, cellular automata, will be discussed in depth later in this paper



Emergent Behavior

Emergent behavior, as in Social Science, is defined as complex behavior, which arises from the interaction of a large number of relatively simple individuals, which possess similar or identical properties [9].  These sorts of behaviors are exhibited by social systems [9]. Emergent behavior has been found in systems in which individuals interact in non-linear ways.  This non-linearity causes significant complexity at the aggregate level.  Such complexity can manifest itself as the occurrence of patterns or even self-organization [9].  In order to study such systems, we must be able to understand how to effectively model such behavior.  .

Cellular Automata (CA)

While the History of CA can be traced back to early Systems’ Theory and rigorous mathematical analysis done by Russian scientists, modern day reincarnation of CA came through landmark review paper published by Wolfram in the Reviews of Modern Physics in 1983[10]. His work was based on remarkable contributions by prominently three outstanding individuals – Alan Turing (1936), John von Neumann (1948) and Stainslaw Ulam (1950). Later John Conway’s (1969) ‘Game of Life’ (shown later) also made specific, long-lasting contributions to the field.

John von Neumann, arguably the most dominant figure in the field, came to CA via the unlikely path of an interest in formal logic and the foundations of mathematics. In the 1920s, many of the usual procedures in classical mathematics were severely criticized arguing against the methodology and philosophy of set theory. The intuitionist dogma was that all mathematical results should be constructive: proofs and derivations should be obtained via finite algorithms. After unsuccessfully conjecturing that subsystem of classical analysis could be obtained in a finitistic model and realizing that Hilbert’s program to show contradiction-free character of mathematics by intuitionist methods was hopeless (Kurt Codel’s proof of incompleteness theorem), Neumann believed that mathematical innovation had to come through  - at least in part through extra mathematical sources: economic, biological, neurological etc. It was confluence of these disparate factors coupled with a deep interest in and respect for numerical results that led to Neumann’s epoch making investigations of computers and automata. CA first surfaced in discussions between Ulam and Neumann in the fall of 1951 when Neumann was trying to find a reductionist model for biological evolution. His ambitious scheme was to abstract a set of primitive local interactions necessary for the evolution of complex forms of organization essential for life. Ulam suggested dynamics within a discrete system that led to widespread popularity of CA as we know it today.

Explosive development thereafter confirmed that many highly complex phenomenons are the result of the collective, cooperative dynamics of a very large number of typically very-simple individual parts. This in part also answered the fundamental challenge of Physics – Understanding the phenomenologically observed complexity in nature using a minimal set of simple principles. - This is what makes CA a very powerful conceptual and simulation engine to analyze general pattern formation and predict behavior of a complex phenomenon4 like Diffusion of Innovation. 

Framework: provides a framework of how CA relates to solving problem of Diffusion of Innovation by analyzing several associated components and offering insights into each.

Complexity

The capabilities of the brain and many other biological systems go far beyond those of any artificial systems so far constructed by conventional engineering means. There is however extensive evidence that at a functional level, the basic components of such complex natural systems are quite simple, and could for example be emulated with a variety of technologies. But how a large number of these components can act together to perform complex tasks is not yet known. 

Nature provides many examples of systems whose basic components are simple, but whose overall behavior is extremely complex. Mathematical models such as cellular automata seem to capture many essential features of such systems, and provide some understanding of the basic mechanisms by which complexity is produced for example in turbulent fluid flow. But now one must use this understanding to design systems whose complex behavior can be controlled and directed to particular tasks. From complex systems science, one must now develop complex systems engineering. 

Complexity in natural systems typically arises from the collective effect of a very large number of components. It is often essentially impossible to predict the detailed behavior of any one particular component, or in fact the precise behavior of the complete system. But the system as a whole may nevertheless show definite overall behavior, and this behavior usually has several important features. 

Does evolutionary complex problems tend to optimize themselves? Evolution scientists say otherwise. They (and we) believe that the history of life on earth is equivalent to an enormous dynamical system that evolves according to physico­ biochemical rules. There is no good reason to think that anything is optimized. [11]

________________________________________________________________________
4Complex Systems consist of large assemblage of interconnected, mutually (ant typically non linearly) interacting parts that have an emergent behavior at aggregate level. Perhaps the quintessential example of a complex system is the human brain, which consists of something on the order of 1010 neurons with 103-104 connections per neuron. Somehow, the cooperative dynamics of this vast web of  “interconnected and mutually interacting parts” manages to produce a coherent and complex enough structure for the brain to be able to investigate its own behavior. Another far reaching idea on complex behavior is by presented by James Lovelock in his controversial “Gaia” hypothesis –which asserts that the entire earth-molten core, biological ecosystems, atmospheric weather patterns and all – is essentially one huge, complex organism, delicately bound on the edge-of-chaos. [3]

Computer Simulations In Social Science

Computer simulations are becoming increasingly popular tools in the social sciences, and are currently also used to deduce the social influence by constructing different models and studying them with the help of these simulations. The results of analytical reasoning and computer simulations done in natural sciences, point out that systems composed of very simple elements, which may behave in a very similar way to a system in which the elements are characterized in a particular pattern

It also shows that of almost innumerable variables influencing a system, it may be possible to select only a few that are most important, namely, those that qualitatively change the dynamics of the system. However, the main challenge is how to find those critical variables [10].
Construction of Social Influence Models using CA

Our main task was to analyze underlying subsystems and come up with parameters and rules that govern transitions as well as formulate models that would be appropriate for diffusion processes.


To recall:

 -    Diffusion of innovation is the process by which an innovation is communicated          

       through various channels (edges) over time among the members (nodes) of a social 

       network

· Maximizing spread of an innovation is desirable for a variety of reasons, ranging from inventors’ fame to increasing revenues to maximizing social utilization of the product or the idea behind that innovation. A new innovation can bring a stark change, transforming the ways our societies function and evolve, yielding substantial benefits in all imaginable spheres of life.

Innovation diffusion processes start with a social network in which individual nodes are either active or inactive.  The basic relationships between nodes in the social network are relatively simple. Future datasets that are available over a period of time would also be able to effectively account for transition rules and their probabilistic tendencies to activate a node (or to influence a node). 



Maximizing Spread  - Influence Maximization Problem
We start with a social network of  ‘k’ individual nodes. The influence maximization problem is as follows:  for a social network of k individual nodes, which individuals should we activate at the beginning of the innovation diffusion process in order to maximize the spread of a particular innovation throughout the network?  That is, of  ‘k’ individuals, which individuals have the most influence on the rest of the group?  We would like to maximize the number of expected individual nodes that have been activated at the end of the diffusion process [12].

In order to solve such a problem, we must create a strategy that selects the nodes with the most influence as to maximize the spread of a particular innovation because when we select and activate these nodes, we not only activate them but we also look to activate the maximum number of possible influence-based activations. Here, influence-based activations refer to the activation of those nodes that are not activated directly by us, but through the nodes we initially activated at the beginning of the process [12]. 

Formally, we have a set A of nodes, which are initially active.  For any given set A, which is the set of initially active nodes, we must determine the influence of set A or
[image: image4.wmf])

(

A

s

 where 
[image: image5.wmf]s

 is the influence function.  That is, the influence of A is the total number of initially inactive nodes that are active at the end of the diffusion process [12].

It can be proven that the influence maximization problem as stated above is NP-hard through reduction it from the Vertex Cover and the Hitting Set problems [12].

The Vertex Cover problem is as follows:  given a graph 
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contains at least one vertex of S [13].

The influence maximization problem can be reduced from the vertex cover problem through transformation.  G represents the social network of interest.  E represents the set of all communication links between two vertices in G.  Let S be the smallest subset of nodes 
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that are active at the beginning of the diffusion process such that at the end of the diffusion process, each edge 
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contains at least one node in S.  The assumption that the influence of a particular node is directly proportional to the out-degree of that node leads us to the conclusion that the influence of the above set A is maximized.  Further discussion of the influence maximization problem and it’s complexity can be seen in [12].

Since the influence maximization problem is NP-hard we must determine an algorithm which approximates its solution.

Approximation Algorithms

Approximation algorithms are typically used to deal with problems that are NP-hard.  Instead of computing an exact solution, the goal of an approximation algorithm is to approximate a solution but much more efficiently [13].  Approximation algorithms are good candidates to use with hard optimization problems as with the Influence Maximization Problem discussed in previous section.

Several different diffusion models have been discussed thus far.  From these models we can obtain 
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approximation algorithms which indicate that the algorithms obtain a feasible solution 
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Where F is the set of feasible solutions to this maximization problem instance, c(S) is the cost function of solution S, and OPT is the optimal value [13].

We can obtain the performance 
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from the Uniform Threshold and Linear Threshold Models, the Independent Cascade Model and the Decreasing Cascade Model.  The influence functions used in the above models provide the stated performance guarantees because they are considered to be monotone and submodular set functions [12].

The influence functions are said to be monotone because each node’s tendency to become active, in the above models, increases monotonically as more of its neighbors become active [15].

The influence function is said to be a submodular set function because it satisfies the following property:

If
[image: image15.wmf]B

v

and

B

A

Ï

Í

then 
[image: image16.wmf])

(

})

{

(

)

(

})

{

(

B

v

B

A

v

A

s

s

s

s

-

È

£

-

È

 [12].

It has been proven that the class of functions, which are monotone and submodular set functions, give rise to greedy approximation algorithms over a set of k elements with an approximate solution that is within 
[image: image17.wmf]63

.

0

/

1

1

>

-

e

 of 
[image: image18.wmf]OPT

 [14].  The greedy strategy is to continually add the element to the set that gives the largest marginal increase in the value of the influence function [12].  The influence function may not evaluate exactly.  Using a sampling for the value of 
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Apart from simulations based on approximation algorithm to a NP-hard problem, CA as discrete dynamical system simulators allows us to systematically investigate complex phenomenon by embodying any number of desirable physical properties. In this regard, CA offers us immense flexibility in forming a concrete set of parameters once we have a given dataset that reflects values over a period of time. Some of the future work on that (presently unavailable) dataset is formulated by studying various variants of CA as well as by providing social influence framework in the following section. At end of it, we also present our survey-based study that gives an indication on how personal as well as relational dynamics work in a social network of humans.

Approximation Strategy

In order to design an approximation algorithm for the Influence Maximization Problem, we must first prove that the influence function 
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 is submodular [12].  Then we must extend results of Nemhauser, Wolsey, and Fisher [14].

Their theorem states that for any submodular function 
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 [3].  The algorithm produces a k-element set A such that: 
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This theorem has the assumption that the value of 
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can be evaluated at exactly one point [3].  This assumption may not hold true for the influence function.  Therefore we must take a sampling of the influence function throughout the diffusion process.  This procedure allows us to approximate the value of 
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This leads us to the following theorem:

The greedy algorithm that iteratively spends 
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Note that for 
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 approximation [12].  The proof of this result can be seen in the appendix of [12].

One other extension is to use a weighted social network where a non-negative weight w is associated with each node. This weight can be used to determine how important it is for a particular node to be influenced.  Let B be the set of nodes activated by the diffusion process by the set of initially active nodes A.  We define an objective function 
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 [12].  The first influence function studied, 
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 for all v [12].  The objective function is also submodular whenever the unweighted version is, so there exists a greedy algorithm with a (1 – 1/e) approximation [12].  Sampling could take pseudo-polynomial time so we must assume that the weights are polynomially bounded giving us 
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Variants of CA   - applicable for deducing social influence framework on a given dataset:



Reversible CA5  for example, can be used as laboratories for studying the relationship between microscopic rules and macroscopic behavior (Individual Vs Aggregate problem ________________________________________________________________________
5 Reversible CAs are characterized by the property that each site value has a unique predecessor neighborhood configuration.physical dynamic laws are microscopically reversible, any honest as defined in background section of this report) – exact computability ensuring that the memory of the initial state is retained exactly arbitrarily long periods of time. Since real attempt at simulating real physical system can be made only if underlying CA is itself reversible.[3]

A general form for reversibility is defined as – 

(I(t+1)  = ( ((I(t) ( ( {I}) (k (I(t+1)

where (k represents modulo-k difference, ( represents state (initial, previous and final


based on time ‘t’), N represents a given automaton and ( is completely arbitrary.

 It is clear from above stated rule that any preceding or succeeding value of ( can be determined if the values at site I are known for two consecutive time steps, i.e. the total information contained in the initial state is preserved for all time.

Other variants that further allow us the flexibility to model diffusion of Innovation parameters are Asynchronous CA – typically defined so that all lattice sites (or nodes or individuals) don’t have to update simultaneously at each discrete time step. This variant maps extremely well asserting different groups or individuals behave differently in this post-modern complex world.

Coupled-map Lattices is another generalization that lifts the restriction that sites can take on only one of a few discrete values. Coupled-map lattices are CA models in which continuity is restored to the state space. That is to say the cell values are no longer constrained to take on only the values 0 or 1, but can take on arbitrary real values [3]. This is general offers us a wide range on ‘Influence Factor’ as compared to ‘Influenced’ or ‘Not Influenced’, which again maps well to variety of situations humans take into account before being influenced. It can be defined formally as – 

Xi(t+1)  = ( f ( Xi(t)   + (1-()( Xi-1(t)  + Xi+1(t)  );    X ( R[0,1]

where f(X)  = R[0,1] -> R[0,1]   is an arbitrary continuous function and ( is a coupling term

Probabilistic CAs allow us to replace deterministic state transitions with specifications of the cell-value assignments. This allows us approximating human behaviors in case we don’t have sufficient proof or categorical data to assume so or where those generalizations offer an optimized solution. A formal mathematical definition would be –

Prob { (I(t+1) = (, given the values (I-1(t), (I(t), (I+1(t) in N };  Where ( ((
Non-Homogenous CAs – These are CA models in which state transition rules are allowed to vary from cell to cell. In our case it would be n number of rules randomly distributed throughout the lattice. Once again, its wonderful impact on simulating a social network translates exactly to the way a society works and grows.

Mobile CAs – These are CAs in which some (or all) lattice sites are free to move about the lattice. Typically, their internal state space reflects some features of the local environment within which they are allowed to move and with which they are allowed to interact [3]. This allows the additional flexibility of covering fluctuating and mobile interactions in a given demographic area.


Structurally Dynamic CAs – Above generalizations are either generalizations of rules or state space. In structurally dynamic CA, we allow the whole lattice, L, itself to become a full participant in the dynamic evolution of the system [3] This asserts itself in the concept that society is defined and redefined through rules and resources in it. By letting the lattice (or the social structure) evolve along with its nodes (state space or individuals), we get closer to simulate a real physical system. It can be define formally as –

((t+1)   =  ( [(((t) ( (, ai,j(t)  (  A(t)(L)];

(i,j(t+1)  = ( [(((t) ( (, ai,j(t) ( A(t)(L)];

where A(t)(L) = [ai,j(t)]  is the adjacency matrix of the lattice, L at iteration step ‘t’.
Social Model

An important area where the operation of processes of social influence is visible is the emergence of public opinion. Generic models are constructed as follows. In our simulations social group is assumed to consist of a set of individuals. Each individual is assumed to have an opinion on a particular issue. In the simplest case, it may be one of two possible “for" or “against" opinions, or a preference for one of two alternatives, such as choosing between two candidates in elections. In other cases, there may be more possible attitudes or opinions. Individual differences in strength are very important for the behavior of the models. It is obvious that in all real social groups individuals differ in strength. The importance of leaders for the processes taking place in groups is well recognized by the social sciences.

A generalized sample based on our research on “Word-of-Mouth” [4] phenomenon, which we o believe is suitable in a complex environment with rapid technological change as it offers face to face communication with respect to the existence and the characteristics of a new technology and is considered flexible, interactive and extremely cost effective2,3. People interact most often and are mostly influenced by those who are close to them, such as family members, friends, and co-workers. They are also much more likely to interact with neighbors, that is, those who live close to them in physical space. These all can be modeled to above mentioned to CA model variants, a simplified prototype of which is we provide in Nowak’s model - 

Nowak’s Cellular Automata Model of Social Influence

Nowak’s model consists of the following main characteristics [16]:

· Each person is a cell in 2-D cellular Automata.

· Each person influences and is influenced by neighbors

· Attitude of the person is either 0 or 1. 

· Persuasiveness of a person is the ability to convince others to switch: 0-100

· Social support is the ability to convince others to maintain: 0-100

· Change the opinion if opposing force > supporting force.

NO1/2 (( I=1 No Pi/di2)/ NO) > Ns1/2 (( I=1 No Si/di2)/ Ns)
No=Number of opposing neighbors,
Pi= Persuasiveness of neighbor i,
Si= supportiveness of neighbor i,

di=distance of neighbor i
Assumptions for Nowark prototype would be –


– Agents are autonomous: bottom-up control of system

– Agents are interdependent

– Agents follow simple rules

– Agents adapt, but are not optimal.
Other generalized assumptions that underlie above prototype are that communication costs are relatively independent of geographical distances, techniques are independent of socio-cultural norms and that communicative interactions, and hence influences have an essential “human” element to it.

In the simulation for Nowak we assign to each individual a specific location in a social space. The mechanisms that govern the transitions of the influence can be classified into two types: 

External influences: 

There is some probability p that in a certain time period, an individual will be influenced externally by mechanisms such as advertising or mass media to adopt the innovation. We begin by setting this probability to be constant across potential adopters and time.

Internal influences: 

There is some probability that during a single time period, a person will be affected by interactions with others who have already adopted the product. We represent the probability that a person will be affected by an interaction with one other person as q. In the case of the homogeneous market, q is constant for all potential adopters.

Thus, a time-dependent individual probability of adoption, PA (t), given that the person has not yet adopted, is based on the binomial formula:
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Where k (t) is the number of previous adopters during time period t [8]. 

Subsystems: We an divide and generalize our problems to subsystems. This way we can effectively utilize empirical laws from other systems:
 
Zipf’s Law: the size of the Rth largest occurrence of an event (say, a visitor) is inversely 
proportional to its rank (which would be based on psychological/sociological studies)[16]


Size ( Rank –B ; B ( 1


Pareto’s law: probability of an individual having an income greater than x (which would increase his influence, sociologically)[16]

P(X > x) (  x-k

These example are to stress the dynamic nature of CA, where Laws from other fields can be treated as transition rules, state space rules as well as structural rules to give a simulation of dynamic evolving phenomenon. For example, we also studied Diffusion models in general (and also popular with CA world) – that of being Threshold and Cascade paradigm. Threshold is used when occurring of an event (or series of events) is able to activate a node (repeated attempts of influencing an individual) and Cascade is considered when there is a cascading effect to the event happening (such as power failure – one grid after another). Below is a brief explanation on these models: -

Diffusion Models

Threshold Models
           1. Uniform Threshold Model

                                   2. Linear Threshold Model

Cascade Models

1.  Independent Cascade Model
                                    2. Increasing/Decreasing Cascade Model
While analyzing a particular diffusion, it is very helpful to see it through the example of a model to gain a better understanding of what the diffusion process looks and behaves like. A node n in always characterized by its state: active or inactive. Every node is initially inactive, an external event generates an action and one or more nodes get activated. The diffusion works its way through and eventually every node gets activated. There are a number of models available for us to look into:

Threshold Models:



Threshold models are the most prominent in modeling diffusive processes. A characteristic property of threshold models is that in such models a node goes from active to inactive state but not the other way around. This property makes these models progressive in the sense that they do not go backwards. The main idea behind a threshold model is that for a node n to become activated at a time t, t is a function of the number/fraction of nodes that must be active before n will become active. So, at a given time in a given diffusion, containing the node n, some nodes other than n get activated at time t0. As more and more get activated due to these nodes, gradually the neighbors of n get activated which lead to n being activated. In threshold models, it is just a matter of time before every node gets activated.

Figure 4: showing Diffusion D at time t0:

























where           is an activated node.

Let t(n) be the time at which node n will be activated at. 

Then,

t(n) = f(A(n)) ; where A(n) is the number of nodes active when n is being attempted to be activated.


There are two common threshold models:

Uniform Threshold Model:

In a uniform threshold model, each node v chooses a threshold such that v becomes active only if a particular fraction of neighbors of v have become activated. The diffusive process is deterministic and progresses in discrete time steps [12]. So at a give time t, the nodes active at time (t-1) remain active and exactly at the discrete time unit t, a new node n gets activated only if a random fraction p/q (q 
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 0) of its neighbors have been activated. 

Linear threshold Model:


The Linear Threshold Model is just a generalization of the Uniform Threshold Model. Let f be a function that is the required fraction of neighbors of a node v to become active for v to be activated. Then this function in such a model in linear.

Cascade Models:

A general cascade model is based on the number of attempts that the neighbors of a node n have made to activate n. With increasing number of attempts to activate n by its neighbors, the probability for n to get activated rises. If n is the node that is to be activated by its neighbor m, then we define an incremental function f->[0,1] that gives us a probability of activation of n given a certain number of attempts by its neighbors. So, if m attempts to activate n, there is a probability p (computed from function f) that n will be activated. These are the two common cascade models: 
Independent Cascade Model:

The Independent Cascade Model is one of the most prominent models. In this model, we begin with a bunch of activated vertices and the next vertex to be activated is n. Let us say that the a neighbor of n, v got activated at time t, then there would be a probability p for n to become activated through v (see figure 5). If v succeeds in activating n, n will become activated at time (t + 1). Otherwise, v will not be able to activate n in the next couple of rounds. In fact, the further attempts by v will be kept on hold till no other activations are possible.



v (at time t)
n ( v is attempting to activate n)

Figure 5.
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                          …






……


                     …other nodes.…

Decreasing Cascade Model:

In the Independent Cascade Model, a node v was attempting to activate its neighbor node n with a probability p. The probability, in such a context, seems to be a constant. However, along with the node v there may be other nodes (neighbors of v, say o, r, s…etc) that are also attempting to activate n. So, each of these nodes also have some probability of activating n. Hence, the probability that n will be activated by v and none other node decreases with the other nodes that have already tried to activate n (See fig 6).

 Figure 6.



      Node o (tries to activate n)








      Node r 

    (tries to        activate n)


Node n

       Node s
                  Node r (tries to activate n)
 

(tries to activate n)

Study of Psychological / Sociology precepts 

Others insights we offer are in the field of Psychology. Based on our survey, we sampled percentages of people who are influenced by tactics employed by Compliance Professionals in particular and people in general.[17]

We emphasized on 5 different principles: -

Principle of Reciprocation – According to sociologists and anthropologists, one of the most widespread basic norms of human culture is embodied in the rule of reciprocation.

The rule requires that one person try to repay, in kind, what another person has provided. By obligating the recipient of an act of repayment in the future, the rule for reciprocation allows to give something to another with confidence that it is not being lost. This sense of future obligation within the rule makes possible the development of various kinds of continuing relationships, transactions and exchanges that are beneficial to the society. Consequently all members of the society are trained from childhood to abide by the rule or suffer serious social disapproval

Commitment/Consistency – Psychologists have long recognized a desire in most people to be and look consistent within their words, beliefs, attitudes and deeds. This tendency for consistency is fed from three sources. First, good personal consistency is highly valued by society. Second, aside from its effect on public image, generally consistent conduct provides a beneficial approach to daily life. Third, a consistent orientation affords a valuable shortcut through the complexity of modern existence. By being consistent with earlier decisions, one reduces the need to process all the relevant information in future similar situations; instead, one merely needs to recall the earlier decision and to respond consistently with it. Commitment decisions, even erroneous ones, have a tendency to “grow their own legs”. That is, people often add new reasons and justifications to support and the wisdom of commitments they have already made. As a consequence, some commitments remain in effect long after the conditions that spurred them have changed. This phenomenon explains the effectiveness of certain deceptive compliance techniques such as “low-ball” technique.

The principle of Social Proof states that one important means that people use to decide what to believe or how to act in a situation is to look at what other people are believing or doing there. Powerful imititative effects have been found among both children and adults and in such diverse activities as purchase decisions, charity donations, and phobia remission. The principle of social proof can be used to stimulate a person’s compliance with a request by informing the person that many other individuals (the more the better) are or have been complying with it. Social proof is most influential under two conditions: the first is when there is uncertainty and second is when there is similarity.

Principle of association/liking/authority – People prefer to say yes to individuals they know and like. Recognizing this rule, a variety of effective probabilities can be obtained within a social system. Physical attractiveness seems to engender a halo effect that extends to favorable impressions. A second factor that influences liking and compliance is similarity. Another factor linked to liking is association.

Principle of Scarcity – According to scarcity principle, people assign more value to opportunities when they are less available. The use of this principle for profit techniques can be seen in such compliance techniques as the “limited number” and “deadline” tactics, wherein practitioners try to convince us that access to what they are offering is restricted by amount or time. This also brings a surprising result in – that limited information is more persuasive. One of the factors that hold for scarcity principle is psychological reactance theory – we respond to the loss of freedoms by wanting to have them. As a motivator, psychological reactance is present throughout the great majority of life span. 

Survey Analysis: This random sample of survey conducted gives us a idea about a general behavior that can be used to influence transition rules in a CA grid. Our findings and analysis of survey conducted suggest that more psychological and sociological importance should be given to Influence equations in traditionally and CA based models that what is generally given, at least in phenomenon such as Social proof. Below is a graph summarizing results of our survey, which, more often than not, find people to be obeying and living above mentioned social precepts and fallacies. A copy of survey is provided in Appendix “C”.
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Summarization

We presented our efforts primarily on mining and understanding the processes behind CA as it relates to Diffusion of Innovation, how it makes a difference at analyzing and simulating individual level characteristics by studying various methods in many subsystems that make a complex system, in our case a human society. We also formulated a framework in which different rules from different fields can be fused together to obtain a comprehensive simulation of social trends and behaviors over a period of time. We also attempted to dig deep into sociological and psychological factors behind these simulations to be able to validate prevalent trends and also to make more intelligent choices for transition as well as space state parameters on a lattice representing a human society. In our view, this comprehensive study provides a new approach to studying marketing applications and overcoming past barriers through use of an effective Cellular Automata framework.

Appendix A


Building Cellular Automata 

Cellular Automata consists of the following main features:

The Cell 

The basic element of a CA is the cell. A cell is a kind of a memory element and stores different states.  Each cell has a binary state of either 1 or 0. However, in the complex simulations the cells may have more states. Each cell has a property or an attribute linked to it and each property or an attribute can have states. 

The Lattice 

These cells are arranged in a spatial web structure, which is called a lattice. The simplest one is the one-dimensional "lattice", meaning that all cells are arranged in a line. The most common CA´s are built in one or two dimensions. Whereas the one dimensional CA has the big advantage, that it is very easy to visualize. The states of one time step are plotted in one dimension, and the dynamic development can be shown in the second dimension. A flat plot of a one dimensional CA hence shows the states from time step 0 to time step n. Two-dimensional CAs have more complicated concept behind them and so they are more difficult to visualize as compared to one dimensional CAs.

Neighborhoods 

All cells arranged in a lattice represent a static state. To introduce dynamics into the system, we have to add rules. Rules define the procedure to change the states with respect to time. In cellular automata a rule defines the state of a cell in dependence of the neighborhood of the cell. 

Different definitions of neighborhoods are possible. Considering a two dimensional lattice the following definitions are common: 

Von Neumann Neighborhood 

Four cells, the cell above and below, right and left from each cell are called the von Neumann neighborhood of this cell. The radius of this definition is 1, as only the next layer is considered [18]. 


Moore Neighborhood 

The Moore neighborhood is an enlargement of the von Neumann neighborhood containing the diagonal cells too. In this case, the radius r=1 too [18]. 

Extended Moore Neighborhood 

Equivalent to description of Moore neighborhood above, but neighborhood reaches over the distance of the next adjacent cells. Hence the r=2 (or larger) [18]. 

Margolus Neighborhood 

A completely different approach: considers 2x2 cells of a lattice at once. For more details take a look at the following examples.
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	Von Neumann Neighborhood
	Moore Neighborhood
	Extended Moore Neighborhood


The red cell is the center cell; the blue cells are the neighborhood cells. The states of these cells are used to calculate the next state of the (red) center cell according to the defined rule. 

As the number of cells in a lattice has to be finite (by practical purposes) one problem occurs considering the proposed neighborhoods described above: What to do with cells at borders? The influence depends on the size of the lattice. To give an example: In a 10x10 lattice about 40% of the cells are border cells, in a 100x100 lattice only about 4% of the cells are of that kind [19]. Anyway, this problem must be solved. Two solutions of this problem are common: 

1. Opposite borders of the lattice are "sticked together". A one dimensional "line" becomes following that way a circle, a two dimensional lattice becomes a torus [19]. 

2. The border cells are mirrored: the consequence is symmetric border properties [19]. 

The more usual method is the possibility 1. 

Applying Rules 

To understand the way the rules apply to a system in an easy way, let us take an example of the wave like motion of the people sitting the a soccer stadium. Each person reacts only on the "state" of his neighbor(s). If they stand up, he will stand up too, and after a short while, he sits down again. Local interaction leads to global dynamic. One can arrange the rules in two (three) classes: 

1. Every group of states of the neighborhood cells is related a state of the core cell. E.g. consider a one-dimensional CA: a rule could be "011 -> x0x", what means that the core cell becomes a 0 in the next time step (generation) if the left cell is 0, the right cell is 1 and the core cell is 1. Every possible state has to be described. 


2. "Totalistic" Rules: the state of the next state core cell is only dependent upon the sum of the states of the neighborhood cells. E.g. if the sum of the adjacent cells is 4 the state of the core cell is 1, in all other cases the state of the core cell is 0. 


3. "Legal" Rules: a special kind of totalistic rules is the legal rules. As it is not of advantage in most cases to use rules that produce a pattern from total zero-state lattices (all cells in the automaton are 0), Wolfram defined the so called legal rules . These rules are a subset of all possible rules, a selection of rules that produce no one’s from zero-state lattices [20]. 


4. An important class of transition rules is “probabilistic rules”. In this case the transition rule is not a function, which has exactly one result for each neighborhood configuration, but a rule that provides one or more possible outcomes with associated probabilities. The sum of probabilities of all outcomes must be one for each input configuration. The probabilistic choices of all cells are independent of one another (uncorrelated) [20].
Mathematics

Introduction 

A lot of work has been done to develop a comprehensive mathematical framework on Cellular Automata. The mathematics behind this field consists of hardcore calculations and requires a good hold in the field of mathematics and a good knowing and knowledge about this field too. However, some essential parts of the cellular automata’s mathematical formulation are as follows: 

Cell-Space, Neighbors and Time 

Let us define the cell-space as 
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where i, j are the number of column/row of the lattice with the maximum extent of n columns and m rows [11]. Let 
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be the definition of the Moore neighborhood. (Other neighborhood definitions are similar. E.g. for the Extended Moore neighborhood you have to replace the <= 1 with <= 2). 

Consider (as it is easier to understand) a one-dimensional cellular automaton with two possible states for each cell, in mathematical terms [image: image50.png]z={0n



, and totalistic rules, meaning, that the next state of each cell depends only on the sum of the states of the adjacent cells. So the state of cell zi for the next time step (t+1), one could define the totalistic rule as [21]

[image: image51.png]#{z O+ 2,0+ 2, 0)= ¢
2+
0, otherwise




Meaning that the state of the core-cell zi becomes 1 if the sum of the neighborhood cells including the core-cell is [image: image52.png]


, 0 otherwise. To write this formula for the two-dimensional automaton is not very different from this formulation and will be done in the examples section describing the Game of Life.

Legal Rules 

A striking restriction of all possible rules to so called legal rules was introduced be Wolfram. The idea is: from the total zero-state - the state of all cells is 0 may not emerge any development - no 1 may appear in any cell! Consider a one-dimensional CA with two states and two neighbors on each side. 32 totalistic legal rules are existing (out of 1024 possible rules totally). 

It is possible to assign a definite number to each possible legal rule. These code-numbers can be derived as follows [21]: 
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where the function f is defined as 
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Now a code for all legal rules can be calculated by 
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In the case of an automaton as described above, to all 32 legal rules one can assign a definite Code C f containing all even numbers from 0 to 64. 

Reversible Automata 

A reversible automaton is a system that looses no information in proceeding in time. So at any point in the timescale, the system is fully reversible. To introduce a reversible automaton we have to extend the former definition of dynamical time development 

z(t+1) = f(z(t), Nz(t))
to

z(t+1) = f(z(t), Nz(t)) - z(t-1).
(One has to take care, that z(t+1) doesn´t leave the defined set of states e.g. between 0..(n-1) by calculating the difference modulo 2). To "turn round" the direction of time, hence to calculate z(t-1) out of z(t) one simply has to use the formula. 

z(t-1) = f(z(t), Nz(t)) - z(t+1).
The function (rule) f is arbitrary. So one has an easy possibility to create reversible CA´s out of a broad set of rules. 

Summary 

The general properties of cellular automata are: 

· CA´s develop in space and time 

· A CA is a discrete simulation method. Hence Space and Time are defined in discrete steps. 

· A CA is built up from cells, that are 

· Lined up in a string for one-dimensional automata 

· Arranged in a two or higher dimensional lattice for two- or higher dimensional automata 

· The number of states of each cell is finite 

· The states of each cell are discrete 

· All cells are identical 

· The future state of each cell depends only of the current state of the cell and the states of the cells in the neighborhood.  

· The development of each cell is defined by so called rules.
· It has to be noticed, that the definitions above are of a very conventional type. One shall not limit to these propositions! A lot of useful extensions are proposed already, and thinkable in general. 
Example Application



Game of Life 

The first system extensively calculated on computers is as mentioned above the Game of Life. This game became so popular, that a scientific magazine published regularly articles about the "behavior" of this game. Contests were organized to prove certain problems. In the late 1980´s the interest on CA´s raised again, as powerful computers became widely available. Today a set of accepted applications in simulation of dynamical systems are available. 

The Game of Life (GOL) was one of the first "applications" showing that cellular automata are capable of producing dynamic patterns and structures. The GOL is "plays" on a two dimensional lattice with binary cell states, Moore neighborhood and arbitrary border conditions. To be vivid: a 1 can be interpreted that the cell is "living", a 0 that the cell is "dead". John Horton Conway introduced the set of rules as described below [22]: 

· A cell that is dead at the time step t becomes alive at time t+1 if exactly three of the eight neighboring cells at time t were alive. 

· A cell that is alive at time t dies at time t+1 if at time t less than two or more than three cells are alive. 

Though these rules seem to be rather simple, vivid life can establish following this dynamic. A set of often occurring patterns have been described, some are flickering infinitely between two states like blinkers, some are static blocks, snakes, ships, others are moving over the lattice and vanish into infinity of the lattice. 

One example is the "famous" glider figure, whose dynamic is shown in the figure below. Also so-called glider-guns exist, that fire for an infinite period of time such gliders. A lot of different dynamic has been described and tested. E.g. the pattern that occurs if two gliders are colliding. These gliders for example can be used as signals instead of electric impulses and "computers" can be built within these rules.
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Glider

Parallel Multi Processor System:

CA provides a useful mathematical model of massively parallel multi-processor systems. Each cell can be considered a processor, with the cell states corresponding to the finite possible states of the processor. The processors in the neighborhood of a given processor, P, are the processors directly connected to P. The above could also be describing a neural net, with ‘neuron’ in place of ‘processor’. How to get such a system to perform useful computational tasks, making optimal use of all that parallel computing power, is a central problem in computer science. CA experiments have provided much needed insight into how simple local interactive dynamics can give rise to complex emergent global behavior.
Appendix B

Bass Model:

The Bass Model relates the adoption of a product by consumers to the variables in the free market. It says that if one plots a curve of cumulative adoption of a new product, then this curve follows a deterministic function f such that (Δf/Δt) depends on the following two parameters (where (Δf/Δt) is the instantaneous rate of change of the function f). The first is the person’s inherent tendency to purchase something and the second is the amount of influence another person has on this person (word of mouth etc) [23]


So, if L(t) is the likeliness that a consumer would buy the product, let p be the coefficient of external influence, q be the coefficient of internal influence, N’ be the total number of consumers eventually adopting the product and N(t) be the number of consumers who have already adopted the product, then the following relation, according to the Bass Model holds true:[24]


L(t) = p + (q / N’)( N(t) )

  

Aggregate models are good for managers and economics in the sense that they reflect real market behavior. They are usually studied with larger number of data and so are more likely to show the results of a particular adoption in diffusion. However, there is a drawback with aggregate models: they tend to treat the diffusion as homogeneous. That is, an aggregate model does not take into account the individual behavior in a diffusive process. This drawback tends to overlook the fact that individual behavior is often heterogeneous. The fact that every individual is different is sufficient enough for us to believe that a diffusion process involving ‘individuals’, is bound to have a heterogeneous behavior [8]


Individual-level models acknowledge this anomaly in the diffusive process. Such models simulate heterogeneous behavior by catering to individual patterns in a diffusive process. These models are usually based on theories relating to an individual’s reason of buying a product, say, how cheap the product is or how useful it is. Such models are pretty good at estimating individual behavior and using it. However, a big problem with such individual models is that they are not that easy to make. Individuals are complex beings or nodes in a system and it is not easy to even model each individual behavior let alone study it and use the results somewhere in analyzing cellular automata [8]

One way to get around the drawbacks of the individual and aggregate model is to use the Bass model to simulate a diffusive process. The Bass model has been used for quite some time now in modeling complex consumer behaviors and has been successfully implemented in many marketing, engineering and other applications.

Appendix C                      Psychology of Compliance Survey                     Project ID # P-92


This survey is designed to analyze reach of prevalent weapons of influence at individual level by compliance professionals. Please take a moment out to fill it. Your time and effort is highly appreciated.

1) Suppose an attractive person of opposite sex comes to survey you on ‘entertainment habits of city residents’ and asks a question like: “How many times per week would you say you go out to dinner?” 

Under these circumstances, do you think there would be a natural tendency for you to exaggerate in order to make a favorable impression?

 FORMCHECKBOX 
 Yes                  FORMCHECKBOX 
No                        Comments







<Principle of Reciprocation/Attraction>

2) Once you have made a choice, however improbable, do you tend to be more favorable and optimistic about it than before you had made that choice?

For example: Immediately after buying a lottery or placing a bet on a racetrack, do you feel much more positive internally of your particular number/horse winning the race?

 FORMCHECKBOX 
 Yes                  FORMCHECKBOX 
No                        Comments







<Commitment/Consistency>

3) If you were the second passerby in the picture, would you be influenced by the people around you into believing that no emergency aid is called for the person on the pavement?
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 FORMCHECKBOX 
 Yes                  FORMCHECKBOX 
No                     Comments




<Social Proof/Pluralistic Ignorance>


4) Distinguished author Issac Asimov once said regarding our feelings on a sports contest: -

 “All things being equal, you root for your own sex, your own culture, your own locality,………and what you want to prove is that you are better than the other person. Whomever (team/player) you root for represents you and when he (or she) wins, you win”


Do you agree?

 FORMCHECKBOX 
 Yes                  FORMCHECKBOX 
No                        Comments







< Principle of Association>

5) In your opinion, what would be more effective on a physician’s letter to smokers:

- Describing the number of years of life that will be lost if they don’t quit?                     FORMCHECKBOX 

- OR, Describing the number of years that will be gained if they do quit?                        FORMCHECKBOX 
 

<Principle of Scarcity>
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Group work:

We all agree on awarding 25% of work share to each other. We believe, we performed equally well in different spheres of group dynamics.. Our  Brainstorming session involved everyone despite the sometimes difficult task of getting together at the same time. We utilized internet and mails to communicate ideas, concepts and for informing each other of weekly proceedings (we have a yahoo group as DedSoI@yahoogroups.com). We exchanged roles as Opinion seeker, Information giver, Elaborator, Researcher, Coordinator, Orienter and took lead as situational leaders whenever a situation of uncertainity appeared. At the end, we feel we really jelled-in together and are proud of our achievements. 
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