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Tourism researchers together with their counterparts in urban planning and 
economics have grappled with the complexities of urban destination management 
and have been on a search for an integrative methodological framework ever since.  
This paper explores the prospects of cellular automata (CA) models and their use as 
modeling environments for urban tourism research.  The discussion begins by way of 
an introduction to past applications in the natural and computer sciences.  Certain 
speculations are made with regards to their utility and relevance to the modeling of 
urban tourism.  The economic paradigm features largely together with discussions on 
the influence of complexity economics and its roots in complex adaptive systems. 
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Introduction 
 
A class of models called cellular automata (CA) is proposed for urban tourism phenomena.  
Before getting into detail descriptions of CA, it would perhaps be beneficial to point to the 
philosophical roots of such an approach.  An awareness of such motivations will complement 
our study of CA technicalities and applications in later sections.  What follow is a brief 
introduction to the recurring philosophical themes that the reader would revisit in later 
sections of the paper and their connection to CA methodology.  
 
Deduction  
 
CA models are bottom-up in construction (Epstein and Axtell, 1996).  That is, the character 
of the system under study is assumed to be a function of interactions between myriad 
individual, discrete units.  Underlying this emphasis on bottom-up, cellular and agent-based 
approach is the belief that one should start from first principles and launch off to a broader 
understanding of complex phenomena.  This deductive orientation means that much thought 
must go into the consideration of what counts as first principles.  The decisions and actions of 
individual discrete units are also recognized and given their due importance. 
 
Parsimony  
 
It is necessary, in this kind of deductive exercise that the essential features of the model are 
kept as simple as possible.  In particular, the first principles on which the model is built.  Care 
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must be taken so as not to oversimplify to the extent that the whole exercise becomes 
worthless.  To quote Einstein: “Things should be kept simple but no simpler.”  Hence in this 
paper, as much as the problem and application permits, the researcher will limit the models to 
one-dimensional (1D) versions.  Even the more so when evolutionary dynamics are the focus 
of the discussion.  Parsimony in model specification tends to enlarge the degrees of freedom 
so that the possible range of patterns is less constrained.  Less is read into the system at the 
onset so that there is lower occurrence of crowding out later on.  Thereby the model preserves 
maximal descriptive and explanatory power.  For the analyst, lesser starting information 
means lesser dimensions to consider and the problem of the curse of dimensionality is 
alleviated.  Keeping the model simple gives us access to available and established techniques 
of analysis.   
 
Model Building and Data Generation 
 
It has been said that simulations are a third way to do research (Axelrod, 2003) besides the 
usual: induction and deduction.  CA simulations offer both a way to conduct thought 
experiments and to infer results.  External data in the form of empirical evidence may be used 
to calibrate or bootstrap the simulations.  So the modeling environment is very much self-
contained and fully integrated.  For instance, one could envision how CA models may allow 
researchers to marry experimental approaches with computational ones.  
 
Meso-analysis  
 
There are some situations where initial and eventual conditions are known but what is 
missing is the bridge between the two (Schelling, 1978).  The gap between such micro, 
starting points and the eventual, macro outcome is often referred to as the meso level.  For 
example, in economics, axiomatic conditions of demand and supply allow us to analytically 
derive general equilibrium conditions.  There are however many possible routes for the 
journey that starts from micro motives to macro behavior.  In such cases what is missing is an 
integrated meso-analytical apparatus that simultaneously possess the ability to address local 
and global issues.  Cellular automata (CA) models offer us glimpses into this grand vision. 
 
The Curse of Dimensionality  
 
Economic problems, like mathematical ones can be characterized by indeterminacy.  This is 
where there are no clear-cut answers.  A more serious problem in scientific inquiry is one 
where the problem becomes intractable.  This occurs when the dimensions of a problem 
exceed the analytical capabilities of the methodology at hand.  Science, and by extension: 
economics, advances by the process of model formulation and testing.  Conventionally, this 
involves specifying the correct functional form for a mathematical relation and testing it by 
means of empirical evidence.  Whether one proceeds inductively or deductively, such a 
procedure is usually a necessity and is central to the research process.  However, except in 
standard problems, such approaches are often lacking in validity because of the reductionism 
that takes place.   
 
Phenomenology  
 
When CA models are used to simulate a system, the visual patterns that are generated 
constitute the visual phenomenology of the system’s dynamics.  CA-based simulations can be 
set up with minimal effort with information requirements that are rudimentary.  Yet the 
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results may be rich, complex and surprising.  Such a methodology addresses the problem of 
dimensionality and allows us to study systems in a way that would otherwise be burdensome 
using conventional approaches. 
 
Non-Equilibrium Approach  
 
Intuition tells us that tourism systems are changing and evolving, where it would be 
misleading to talk about steady state in the traditional economics sense of the word.  In fact, 
CA simulations would suggest that equilibrium is not the norm.  Far-from-equilibrium 
conditions are a prevailing fact of physical, economic and social reality.  For instance it 
would be hard to identify the best or optimal conditions for urban tourism development given 
the many tradeoffs that have to be made.  One can at best point to conditions that lead to 
sustainable destination competitiveness.  Yet to make any progress such notions must be 
formalized by models that are simple but profound in their ability to communicate insights.  
This is one major forte of CA models. 
 
Model Testing 
 
The curse of dimensionality becomes a real constraint to model-building and testing as issues 
of complexity and dynamics come to the fore.  Complex adaptive systems and the new 
paradigm of complexity economics offer a set of tools and a methodological foundation by 
which to address complex dynamics.  It goes against the prevalent perception that complex 
phenomenon must be met with sufficiently sophisticated modeling methods.  This paper 
attempts to show that CA models offer a powerful, yet relatively simple, visual alternative to 
other complex adaptive models (Axelrod, 1984; Krugman 1996). 
 
History and Development 
 
CA models were initially used as idealizations of self-replication in crystals and biological 
organisms.  Later they were employed in the study of self-replicating computing machines.  
And in many ways provided the metaphorical basis for fault-tolerant computing.  It has since 
been used frequently as a metaphor for molecular biology (Schrödinger, 1944). 

CA was initially conceptualized by Stanislaw Ulam (Ulam, 1950), a mathematician at 
the Los Alamos laboratories.  He in turn inspired von Neumann (von Neumann, 1966) in his 
applications of CA to computer science and artificial intelligence problems (see also: 
Langton, 1990).  CA was such a breakthrough construct (i.e. cellular automata-for plural of 
cellular automaton) because it offered a means by which to present continuous phenomenon 
in terms of discrete particle interactions. 

It is important to recognize that all these developments took place prior to the advent 
of personal computers and the superior computing resources currently available.  Up until 
recently, much of CA-related research centered initially on idealizations (representation) of 
physical processes.  Most notably: in the modeling of snowflake growth (a kind of crystal 
growth) and in fluid turbulence research (Wolfram, 2002).  Though fairly straightforward and 
simple conceptually, their implementation was hampered by the primitive computational 
resources available at the time.  CA simulations were often time-consuming and iterations 
had to be worked out by hand.  However due to its ease in computer implementation and due 
to the popularity of Conway’s Game of Life (which was a 2D implementation of CA), it was 
among the earliest AI models to run on a personal computer.  A well-known economic model 
in complexity science that bears resemblance to CA is Sugarscape (Epstein and Axtell, 
1996). 
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Features of CA 
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(b) 

(a) Class IV 1D CA (Rule 30, 250 iterations in time, starting with 1 black cell, space=500 units) 
(b) Class III 1D CA (rule 129, 250 iterations in time, space=500 units) 
Both (a) and (b) were generated using Mathematica 5.0 
  

Figure 1: Sample CA 
 
CAs possess the following generic features (Wolfram, 1984; Burk, 1970) (refer Figure 1): 
 A lattice of uniform cells (usually squares, but often times other shapes of inconsistent 

sizes could be used)  
 Dimensions - CAs usually are usually implemented in terms of one to three dimensions.  

Each cell can take on a number of states, in the simplest case, two states: black or white.  
Such states are referred to as binary states. 

 The computation starts off with an initial condition (much like an input to a program), 
consisting of a cell or a number of them, in a predefined range of states. 

 Transition rules - mapping rules or algorithms are used to decide what state a target cell 
(the cell under immediate consideration) is to take, given a neighborhood setup. 

 A neighborhood setup - is an arrangement of cells (with a configuration of states) that 
would dictate deterministically the eventual state of a target cell. 

 
The Utility of CA Models 
 
CA models are preferred because of their ability to incorporate the following features in an 
idealized way. 
 
Global-Local Continuum 
 
CA allows us to capture in one seamless environment, the global condition arising from 
countless interacting local discrete particles.  Such a holistic framework is especially valuable 
for the study of complex adaptive systems, such as the tourism system, where a detailed, 
visualization of the evolutionary dynamics running from micro motives to macro behavior 
can assist researchers in directing their attention to pivotal elements of the system. 
 
Parallelism 
 
Multiple cells are updated simultaneously instead of sequentially.  This is a common feature 
in many real world systems.  For instance, if we intend to investigate changes in the density 
of tourists in a city, we may initialize cells such that black cells represent individual tourists, 
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and white cells are non-tourists.  Then as cells in the lattice get updated simultaneously what 
results are patterns of tourist densities represented by the densities of black cells.  Then, if 
need be, a systematic identification and study of clustering and dispersion effects can be 
made. 
 
Discretization of Continuous Phenomenon 
 
Very often CAs are used to “solve” partial differential equations (PDEs) representing 
continuous phenomenon (e.g. those describing turbulence in fluid mechanics).  For instance, 
we may have an analytical equation specifying the relationship between tourism demand and 
other variables.  After specifying this relationship there are number of ways to move on with 
the investigation.  We may derive an analytical solution by identifying specific conditions 
under which the equation would be solved.  Alternatively, statistical and econometric 
estimations can be conducted with the help of empirical data.  There is however a third 
possibility: using simulations, where data is generated through some iterative process.  
Assuming that validity is not an issue, such an approach may be more reliable since data 
generation and the model formulation stage are closely intertwined.  Hence the patterns in a 
CA model represent the solution space for the specified analytical form.  Conventional 
techniques have relied upon differential calculus and other mathematical techniques to 
provide solutions to such dynamical problems.  CA provides a discrete solution to such 
continuous models.  Such an approach seems to be more reasonable especially when most 
tourism phenomenon such as tourist flows between cities are better understood as discrete 
changes in time rather then pure continuous flows.  The trick is to think of continuous events 
as consisting of large finite number of discrete events.  At a given scale, a discrete model that 
is fine-grained is essentially indistinguishable from its original continuous version. 
 
Endogenous Data Generation of System Dynamics 
 
The unfolding of CA computations over a given range of time steps represent the evolution of 
a system.  Such simulations, though descriptive in essence, may offer insights into the 
dynamics of such systems.  Oftentimes data is unavailable for the full spectrum of 
investigation into a system.  In tourism research, tracing the economic impact of tourism 
interactions on the general system may require both the disaggregating of macro indicators, 
and the combining of indicators from diverse data sets.  Great care has to be taken in such 
exercises due to issues relating to representativeness.  A CA-based simulation generates such 
“missing” data sets endogenously as part of its rich interactive mechanism.  In this sense the 
data set is said to be more representative of the phenomenon under investigation as it is native 
to the system’s evolutionary mechanisms.  Such CA computations can depict alternative 
histories as they unfold from certain initial starting points.  Economists would be interested in 
investigating such path dependencies, or sensitivities in outcomes due to starting conditions. 
 
Randomization 
 
Randomness can be introduced into the system by randomizing the initial conditions of the 
computation.  In tourism modeling, randomizations have been used to avoid the problem of 
averaging and to allow for individual differences.  For instance, although most tourist and 
supply-side agents are usually rational, we may want to allow for some non-rational 
possibilities.  We may also specify the simulations in such a way that demand and supply side 
agents are affected by asymmetries in information, space and time.  In a sense to reflect 
relative changes instead of absolute, systemic changes.  Of course randomization is not 
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unique to CA models, still it is comforting to know that CA models are flexible enough to 
allow for such modifications.  Other stochastic elements can be introduced to provide a 
variation on an otherwise purely deterministic process.  Hence in recent years there has been 
increasing reference to so-called probabilistic CA. 
 
Complexity from Simplicity  
 
As a CA performs computations based on simple rules, patterns begin to emerge.  These 
patterns oftentimes display a degree of complexity.  CAs, especially their graphical 
representations, provide an intuitive way (sometimes referred to as: a phenomenology) by 
which to understand complex adaptive behavior.  It may be instructive to characterize rules as 
certain economic propositions and their corresponding patterns as sets of economic behavior.  
These propositions can be studied through simulation runs to see which among them 
produces more interesting economic patterns of behavior.  Particularly those that seem to 
correspond to observed empirical behavior.  There have been theoretical efforts to classify 
and measure complexity in systems but what is still lacking is a standard measurement for 
complexity in tourism interactions.  This may be a worthwhile research program since 
complex behavior seems to correlate with richer touristic experiences and offering; and 
maturing phases of tourism development.  Finally, the idea that simple, purely deterministic 
rules could engender complex and unpredictable behavior at the global level is 
counterintuitive. 
 
Emergence and Self-Organization 
 
In the field of artificial intelligence, CAs have been used to show how intelligent behavior 
(coordinated behavior) can emerge out of simple rules and algorithms at the onset of a 
system.  The idea that coordination and order can emerge out of disparate chaotic actions is 
an intriguing one.  Especially in economics, the functioning of the “invisible hand” as a 
coordinating mechanism has been vaguely understood.  It is now recognized that new 
constraints and new rules are formed as a product of ongoing actions and these seem to 
coordinate subsequent behavior in the system through a process known as self-organization 
(Per Bak et. al., 1987; Krugman, 1996).  Self-organization is the establishment of order in the 
absence of centralized coordination.  A related phenomenon known as spontaneous order was 
an early precursor to the Darwinian concept of natural selection.  Spontaneous order in 
economics is most prominent in the writings of Adam Smith; the Austrian economist, 
Frederick Von Hayek (Hayek, 1967; 1976), and the evolutionary economics of Joseph 
Schumpeter (Schumpeter, 1942). 
 
Recursion and Fractal Structures  
 
CA can be viewed as a class of recursive models.  This is apparent when one considers how 
transitions rules are applied in a recursive manner on cells at each discrete time update.  It is 
because multiple cells are updated simultaneously that we often lose sight of this recursive 
nature.  This effect is most obvious when inspecting simulation patterns that are a result 
thousands or even millions of updates.  The idea of CAs as recursive structures becomes 
important when we consider the fractal nature of CA patterns and the window of insight they 
offer into economic realities.  Such fractal structures that are a result of recursion can be used 
to explain structures and strategic behavior.  Certain types of economic and urban structures 
when seen in this light can be understood as fractals.  That is, their self-similarity is 
maintained at all scales.  This is especially true of urban tourism, where cities contain in 



TEAM Journal of Hospitality & Tourism, Vol. 4, Issue 1, December 2007 

 33

themselves smaller cities or microcosms.  For instance, in many cities, shopping malls and 
tourist districts have become miniatures of their host cities.  The recursive rules that remain 
constant through these different scales are the set of strategic initiatives employed. 
 

 
 

Figure 2: Propagating Patterns in a CA 
 
Clustering and Propagation  
 
Some CA rules result in propagating patterns (Frish, 1933), and some in agglomerative 
patterns (Figure 2).  These patterns change through time and space.  Depending on the initial 
setup and assumptions, these structures could either represent propagation of information, 
behavior or relations in time and across space, or alternatively they could represent 
agglomerative tendencies and the extent of increasing return effects.  The degree of entropy 
in the overall system can also be studied by reference to the propagating mechanisms.  
Entropy is akin to the distance decay effects in gravity models of urban interaction.  Distance 
decay or entropy could explain the cost gradient that is observed in the spatial economics as 
one considers activities that lie further away from the city core.  Typically, a clustering of 
cells that begins to exhibit propagation through time could be indicative of structural shifts in 
the economic structure of a city (or region) and ultimately the urban hierarchy.  By 
investigating the degree of structural stability in a region, certain defining features of that 
particular economic landscape can be identified.  Here again we often observe the 
paradoxical: CA patterns exhibiting some stability in spite of frequent incremental updates 
(information updates).  The structure of economic relations exhibits robustness with respect 
to certain types of informational changes 
 
Possible Applications of CA in Urban Tourism Research 
 
Agglomeration: Collision and Accretion 
 
In the study of fluid dynamics, the turbulence in liquid or air can be investigated by means of 
CA because such seemingly continuous behaviors are a result of discrete particles 
(molecules) interacting and colliding with each other.  CA can provide a faithful 
representation of turbulence both at the observable and molecular level.  By extension we 
could attempt to model tourist flows between attractions as a function of clashes between 
tourist, non-tourist and site carrying capacity. 

A related application with a focus on accretion is the modeling of sand dunes.  
Undulations and rates of sand dune formations can be investigated by assuming that 
movements and formations are a result of accretion caused by wind acting on sand particles.  
Over time, dunes move and undulating patterns are formed.  Similarly, we may want to 
explain tourism seasonality and infrastructure investment cycles in like manner.  
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Tourism as a Complex Adaptive System 
 
Interactions that are adaptive and locally-deterministic can give rise to very complex and 
unpredictable global behavior.  These are especially evident in social and economic systems.  
Markets usually consist of agents that generally possess similar expectations or utilize similar 
decision criteria.  Theories in use would indicate that interactions between individuals would 
lead to an aggregate outcome.  For example, a general equilibrium theory would be able to 
predict the terminal state a system, based on certain sets of micro-level assumptions.  
However the path leading to such a generalized outcome is usually unclear.  Simulations 
flesh out these evolutionary paths so as to bridge the gap between micro motives and macro 
behaviour.  CA is a good candidate for such simulations because CA enumerations can 
potentially integrate the multi-dimensional aspects of a system’s evolution under one single 
modeling environment.  Such an approach is similar in spirit to the philosophy espoused by 
researchers that favor a holistic and system approach to economic issues.  Furthermore the 
restriction to only local information updates is reminiscent of behavioral economics and 
cognitive psychology models pioneered by Akerlof, Kahneman and Tversky.  A related 
notion is that of bounded rationality (Simon 1955; Sargent, 1993) 
 
Classification of Economic and Tourism Systems 
 
There have been efforts to understand the patterns of pigmentation on the shells of mollusks 
and other animals through CA simulations (Wolfram, 1984; 2002).  One way to make such 
efforts manageable is to construct a classification scheme whereby rules of pigmentation that 
give rise to similar patterns are grouped together.  A well-known approach used for 1D CAs 
is Wolfram’s phenomenological taxonomy of CAs based on one initial starting cell.  Such 
approaches could be extended for economic systems.  In fact Wolfram has been bold enough 
to claim that his classification can accommodate any system known to man.  If such is the 
case, then any system can be summarized by a limited category of rules; it would be possible 
to classify economic phenomena according to a scheme similar to that introduced by 
Wolfram.  

The following is a possible treatment of Stephen Wolfram’s classification of ID CA 
as a general classification of economic systems (Wofram, 2002). 
 
Class I - Converging systems/equilibrium models/point attractors 
 
Such systems reach a well-defined stability after some number of iterations.  These can be 
treated as typical systems investigated by classical and neo-classical economic models.  
Certain parameters can usually be predicted in advance and a causal chain could be 
established between various elements or the model. 
 
Class II - Cyclic models and repetitive systems 
 
Such systems are predictable in the sense that there are recognizable fluctuations and trends.  
Typical manifestations of such systems are the business cycle models and growth models in 
economics.  Feedback loops are fundamental to such systems.  Work in feedback loops was 
largely initiated by Jay W. Forrester who enjoys a faithful following among researchers in the 
field of systems theory.  
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Class III - Self-similar systems/nested systems (Mandelbrot, 1977)  
 
Such systems are characterized by the presence of fractals or nested patterns.  Their 
architecture is a product of many self-similar or nested subsystems.  These subsystems are the 
building blocks for the overall system.  One manifestation of this thinking in conventional 
economics is the idea that the economy consists of sectors or subsectors, which is very 
common in developmental economics and macroeconomics.  The unchanging fractal element 
is the forces of supply and demand that permeates all such subdivisions of the larger system 
regardless of the choice of scale level for a subsystem. 
 
Class IV - Complex systems  
 
Complex system can be understood as a superset to which classes I to III are subsets.  Such 
systems are complex in these sense. 
 Chaotic. There is a lack of organization or meaningful patterns.  There are in a sense 

structure less and yet abounding with hidden mysteries. 
 Undecidability. An infinite variety of patterns could be generated by such a system if the 

simulations were allowed to continue indefinitely.  In no way are we able to predict in 
advance when the patterns will end.  This leads to indeterminacy. 

 Impossible to partition. We may observe glimpses of patterns associated with classes I to 
III but the boundaries and distinctions are hard to delineate rigorously.  The patterns are at 
once rich in: melding, collision, mutations, propagations, dissipations, repetition and 
nesting.  Could such patterns provide fresh understanding into the problem of 
indivisibility? Indivisibility is of course a very real feature of social and economic 
systems. 

 
Such systems are where most of our attention will be focused since most of the other 
interesting tourism behaviors found elsewhere (in other less-complex systems) are readily 
found here as well.  The diversity and complexity of these systems provides opportunities for 
the discovery of universal models or typologies of tourism.  Such typologies offer a synthetic 
understanding of the full spectrum of economic activities embedded in tourism systems.  A 
quest for such an understanding is akin to the search for a holy grail of physics - a theory of 
everything. 
 
Spatial-Temporal Behavior 
 
CAs is dynamical models in time and space - pattern formations in time and space as a result 
of interactions at the local level.  Problems in spatial economics often require a consideration 
of spatial distances (e.g. geographical, though other spaces are also considered) and their 
impact on the value of activities and transactions.  For example, we could investigate what is 
known as the impulse effect (Paelinck, 1983), a kind of neighborhood effect that radiates 
from an urban cluster.  This can be treated as a wave that propagates through time and space.  
Such undulating wave effect can be asymmetrical.  With such effects we want to assess the 
degree of influence on other urban clusters, or cities.  By analyzing the densities of black 
cells at a particular iteration we can arrive at an estimation of the potency of the effect at that 
point.  The propagation of patterns can be checked for symmetry in space or time.  In the 
simplest case, the axis of symmetry for spatial dimensions runs through the center of the 
lattice of cells from top to bottom.  While temporal symmetry can be checked at different 
time intervals. 
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Carrying Capacity: Optimization and Constraints 
 
CAs are analogous to endogenous growth models.  Stimulus for growth is intrinsic to such 
systems and interactions and adaptations exert dynamic constraints as the system evolves.  To 
investigate optimal situations, we choose a pattern corresponding to a given condition and 
allow the CAs to reorganize initial patterns until the desired patterns are formed.  The system 
could be calibrated for time and the fit between emergent patterns to the desired one.  

In any case, it has been observed that constraints (if introduced at the onset) seem to 
shorten the time for optimization and enhance the efficiency of the CAs.  This implies that 
some understanding of the system or issues do help in bootstrapping the process towards 
optimization.  Predetermined constraints also introduce higher levels of complexity into the 
CA patterns.  This may be due to some element of coordination and sensibility (a sense of 
proportion due to our human visual system). 

Such investigations shed light on our quest for the ideal balance between control and 
freedom.  Economists have debated and speculated for ages about the kind of norms and 
arrangements that would sustain the functioning of a free market while minimizing the threat 
of it imploding upon itself. 
 
Solutions to Analytical Equations 
 
As mentioned earlier, CAs are often used to approximate or “solve” systems originally 
modeled by partial differential equations (PDEs).  It is common knowledge that PDEs do not 
have definitive solutions due to their continuous nature.  Any solution is at best an 
approximation.  The discrete properties and parallel updating features of CAs allow the 
solutions to be approximated visually and analyzed phenomenologically.  In short CAs can be 
used as a discrete alternative to continuous models.  Conventional algebraic and statistical 
analysis can be used to complement such a visual analysis.  But it should be emphasized that 
the primary reason for using CA models is to provide another avenue for analysis and an 
alternative perspective to an issue.  Such a perspective is made more valuable because 
visualizations aid our intuitions. 
 
Lookup Tables, Laboratory, Input-Output Models and Mini-Universes 
 
Economics and the social sciences have seen a plethora of models that are grounded in 
complexity science.  CA models being among the more experimental.  In most cases CAs act 
as mini-universes, laboratories or lookup tables by which investigations into interactive, 
adaptive, local behavior can be conducted without losing sight of their global significance.  
For example, urban sprawl and city growth have been investigated through CA and fractal 
models where predictions from simulation allow urban planners to decide on the best options 
to take given the presence of conflicting scenarios. CA setups can also be treated as a kind of 
input-output model.  The initial conditions are the input vector.  Through some transforming 
function the inputs are converted to outputs that can be visualized and analyzed. 
 
Clashes, Structural Shifts and New Arrangements (Langton, 1990) 
 
Clashes may be viewed as the points of contact or interfaces.  For instance, in the case of 
markets for goods and services in economics; or the feasible set of choices or city areas.  
Clashes may result in a blending or merging, signifying production or new economic 
arrangements (Axelrod, 1984).  Patterns that emerge out of such clashes may be 
representative of innovation.  Such processes may be possible manifestations of Schumper’s 



TEAM Journal of Hospitality & Tourism, Vol. 4, Issue 1, December 2007 

 37

(Schumpeter, 1942) creative destruction.  New innovative structures are birth from the 
destruction of older arrangements.  Fractures that seem to partition whole segments in the 
patterns may be evidence of structural shifts in the economic system. 
 
Trajectories, Equilibrium and Steady State 
 
Very often we need to get a feel of where the system’s evolution is taking it.  Aside from 
clearly-recognizable concentrations of form and structures, the task can be hampered by the 
seeming prevalence of randomness.  For example if the data set generated is too large and a 
fine-grained approach is needed, the only possible way to ascertain evolutionary tendencies is 
to look at the trajectories of the individual elements collectively.  For this we could employ 
the technique often used in nonlinear dynamics were a plot of the system’s vector field is 
made.  Another option is to plot the system’s phase diagram.  An approach first used by 
Henri Poincare.  Such considerations are the closest thing to an equilibrium analysis or steady 
state in this research program. 
 
Invariance and Economic Constants 
 
As structures propagate in space-time, it may be useful to study the degree of invariance in 
segments of the patterns.  This may throw up insights on the memory of the system, definitive 
features or some other economic constants.  Past analytical techniques in CA have included 
among other techniques: superimposition and translation of patterns.  These were done 
intentionally to show that certain structural patterns are invariant with respect to a certain 
operation or manipulation.  So for example if a repetitive pattern is generated, it may well be 
invariant to any rotation or translation. 
 
Multiplier Effects 
 
In spatial economics, the multiplier effect of one region of economic activity on other regions 
is often referred to as an impulse effect.  In typical microeconomic nomenclature these are 
externalities.  One way to visualize such effects is to think of them as ripples in a poll 
radiating from the point where a pebble made contact with the surface of the water.  The 
point of contact is analogous to the nucleus of an urban or economic cluster located in 
geographical space (or any other kind of space).  The impact and reach of such effects on 
other regions depend on, among other things: the degree of concentration (or density of 
agglomeration), or its size (measurable by its sprawl in space).  Other possible considerations 
are: the number of linkages (treating the nucleus as a node and the links as arcs in a network) 
and the relative strengths of these links (see also Strogatz and Watts, 1998).  The flipside of 
such multiplier models are models that seek to understand the centrifugal forces of economic 
agglomeration.  Conventional modeling techniques use models borrowed from the physical 
sciences.  One such example in the literature is gravity models.  Such models seek to describe 
the forces of attraction exerted by clusters on surrounding regions. 
 
CA Simulations as a Search Problem 
 
CAs can be used to investigate patterns of traversal through time and space.  One type of such 
traversal involves a search or adaptive element.  Issues associated with this class of search 
include: residential location decisions, production location decisions (Hotelling, 1929), traffic 
redirection, transport route choice, population/industrial/residential density studies, intra-
urban and inter-urban migration and urban planning scenarios.  One possible problem is the 
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cultivation of clusters of tourist attractions embedded within an urban population.  For 
example what is the best place to locate a tourist complex or what is the likely impact of a 
currently existing one on the rest of the urban environment.  Black cells in the lattice may 
indicate touristic activity.  Various transition rules (each corresponding to a particular 
contingency) can be applied to assess the sensitivity of touristic features to different 
conditions.  The emerging patterns can be evaluated in terms of existing classifications or 
they may be exploratory in nature.  Alternatively instead of looking at the traversals we may 
decide to study the underlying information cascade resulting in such traversal or search 
patterns. 
 
Formalism for Analysis 
 
The formalism used would depend on the level and detail of representation needed.  The 
following discussion on CA formalism will proceed according to local and macro level 
considerations. 
 
Numerics 
 
Such a representation of the system is usually in the form of a list or matrix.  As such it is 
more likely to be used for yielding macro, aggregate-level insights.  The upside of such a 
treatment is that many commercial packages provide functions that manipulate matrices and 
standard matrix algebra operations can be performed on the numbers representing a cell’s 
state.  For some, standard analytical techniques may be a more familiar avenue by which to 
be introduced to CA. 
 
Network Diagrams/Graphs 
 
This is the preferred approach used by computer science researchers in the study of 
computation theory.  Of particular interest is the emergent grammar and cell relations that can 
be studied using such an approach.  This is one of the best ways to trace relationships and 
causal effects through a particular evolutionary path.  Though after a while this becomes 
rather complicated and involved.  Foundation in graph theory and the theory of finite state 
machines is needed.  This in itself is a graphical way to study CA models, which in turn are 
representations of reality.  Since networks or graphs can be reformed to look like trees or 
hierarchies, there is the added benefit of studying interactions between levels in the patterns. 
 
Phenomenology 
 
This is the most intuitive of all the methods.  Its main strength is in outlining and highlighting 
global features in the computation patterns.  Past efforts involve using graphical filters to 
sharpen or soften the patterns so as to highlight commonalities or distinctions in the visual 
patterns.  Such features as boundaries, blends, propagating mechanisms, partitioning, 
trajectories and nesting are brought out more clearly with such an approach.  Especially with 
regards to trajectories we could use vector field analysis.  Stephen Wolfram’s qualitative 
classification of one-dimensional CA (1D CA) is probably the most well-known exercise in 
CA phenomenology.  
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Statistical Mechanics 
 
Stephen Wolfram was the first to attempt a systematic treatment of statistical mechanics for 
1D CA.  With statistical mechanics, we get to summarize CA computations through statistical 
measures.  One key area to investigate is the level of entropy.  It has been said that all of 
physics and the theories that have developed to explain physical phenomenon center around 
the measurement and description of energy.  Entropy in such a context deals with the 
measurement of energy dissipation (Prigogine and Stengers, 1984) in a system.  If energy is 
the central focus of physics, then value is the central focus of economic science.  Value is 
intrinsically tied to such fundamental concepts as: productivity, international 
competitiveness, price, utility, consumer surplus, rents and welfare.  There are many 
measures proposed for entropy, the one that is of most relevance to economics is the idea of 
information entropy.  Claude Shanon developed this concept to deal with the minimum 
encoding needed to transfer a message.  Hence it has its beginnings in information theory.  It 
is not far fetched to say that underlying all economic activity is the idea of information: its 
creation, assimilation, transfer, conservation, transformation and dissipation.  The key 
resource for value creation is information.  It would be critical to assess and model the flow 
of information through the economy, a market or industry-even between individuals.   
 
Analytical and Logical 
 
Analytical approaches seek to describe key components of CA models through mathematical 
equations.  Researchers in the field of computation theory have also used Boolean algebra to 
investigate CA as likely candidate for computational models.  Analytical and logical 
description affords us a degree of rigor that may be necessary under certain context.  These 
equations tell us generally what would happen.  In a sense they outline the architecture of 
behavior in the system.  For instance they may be used to summarize transition rules or 
describe certain kinds of invariance.  In this sense it is at the other extreme end of the 
spectrum from phenomenological techniques. 
 
Parameters and Variables of Interest 
 
The previous discussion outlines the areas of application for CA both in the physical and 
social sciences.  In this section we shall consider specific parameters and hypothesis.  Since 
much of economic research involves quantifying or setting of criteria.  An attempt would be 
made to define and suggest measures or criteria. 
 
Entropy as a Measure of Complexity 
 
The role of information in economics is increasingly being recognized with such concepts as 
increasing returns, network externalities, decisions under uncertainty, dominant strategy, 
moral hazards and so on.  Entropy is modeled as dissipation of structure or a CA system 
approaching maximal disorder.  In such a conception, the level of order can be measured 
statistically as the density of a certain state e.g. the density of black cells in the CA lattice.  
The lower the density the higher the level of entropy.  High entropy corresponds to less 
information extractable from an observed system.  Hence entropy is relative to the observer 
because no meaning can be assigned to patterns.  A noisy system may be made intelligible if 
certain filters are used to isolate the information content.  Entropy is relative to the observer 
but absolute with respect to the measuring equipment (or criteria).  This explains why at the 
individual level things might seem chaotic and disordered, but a coherent picture begins to 
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emerge when we aggregate behavior or consider them together through the lens of some 
criteria or measure.  Yet focusing on either the individual level or the global level alone gives 
us an incomplete understanding of the system.  That is why the integrated view from CA is 
needed. 
 
Threshold Effects: Critical Mass and Carrying Capacity 
 
Threshold effects and feedback mechanisms are central to the concept of self-organized 
criticality.  Certain feedback processes require that a certain critical mass be met.  These are 
thresholds.  Most of traditional economics (i.e. neoclassical general equilibrium theory) is 
concerned with threshold effects related to negative (dampening) feedbacks.  Classic 
examples of this are: the law of diminishing marginal utility and the law of decreasing 
marginal returns to labor.  More recently with the pivotal role of information, economists like 
Brian Arthur, (Arthur, 1996) have studied cases of increasing returns; though chronologically 
Ragnar Frisch (Frisch, 1933) was among the first to discuss feedback and propagating 
mechanisms in economics.  
 
Neighborhood Effects: Levels of Agglomeration and Density (Hotelling, 1929) 
 
Agglomeration effects feature largely in the spatial economic literature.  Agglomeration is 
usually conceptualized as a function of distance between economic agents or entities.  
Density can be used as a measure or agglomeration and concentration.  For instance we may 
be interested in the relative population of tourist and non-tourist in an urban setting.  In such 
cases the density and the distribution of tourist may be the variables of interest.  In a simple 
CA model, black cells may proxy for tourist and white cells may represent non-tourist.  Using 
some statistical measure of density and distribution we may be able to arrive at a value for 
such variables of interest. 
 
Analysis of Spatial Data and Distance-Decay 
 
Measures of distance commonly used in spatial economics literature would be used to 
measure distance in space and its related effects.  Some commonly used measures are: 
Manhattan distance, natural distance and Euclidean distance.  Relative distances have impact 
on the value of economic activity and economic relations.  For example cost of production 
can be a function of location and as well as other issues like the exposure to externalities. 
  
Fractal Dimension 
 
It would be interesting to measure the patterns of CA computations that contain fractal 
dimension.  Fractals (Mandelbrot, 1977) are invariant with regards to scale dimensions.  
There are technical measurements for fractal dimensions most notably in the pioneering work 
by Benoit Mandelbrot in fractal geometry.  Wolfram in his work on statistical mechanics of 
CA also dealt with fractals in CA.  The presence of fractals also coincide with power laws; 
which is one area of interest in chaos and complexity science.  Zipf and Pareto are two 
figures whose contributions have been frequently cited.  Power laws make their presence 
known as “long/fat tails” in plotted graphs. 
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Possible Limitations of the Model 
 
Lattice configuration 
 
The lattice space for cells consists of cells that are consistent in shape and size.  This puts a 
constraint on the modeling of phenomenon that requires non-conformity or irregularity in the 
shapes and sizes of cells especially when these are intrinsic to the phenomenon concerned.  
This is however not an insurmountable obstacle.  One way is to determine beforehand the 
level of graininess required in the model.  This is similar to the question of resolution in 
television screens.  The higher the resolution of the pixels the smoother, finer-grained the 
picture.  Furthermore the fact that the pixels are squares have not affected the capability of 
such screens to display almost any shape.  Thus despite the underlying regularity of cells in 
CA, it can be calibrated for finer-grained representations. 
 
Boundary setups 
 
The boundary setups of the lattice may be a concern.  Since the cells at the edge of the lattice 
may not be updated due to the absence of neighboring cells.  Usually this is overcome by 
specifying in the update rules that cells at the edge treat the other cells at the opposing edge 
as neighbors.  So in effect the lattice looks more like a cylinder. 
 
Testing the Robustness of the Model 
 
The research would most probably involve some level of back-testing, calibration and 
extension.  These could involve results obtained in the immediate simulations as well as 
incorporating external data; extending other work and models.  Here we discuss some 
possibilities especially in terms of leveraging on the visual qualities of CA: 
 More than one black cell can be used as a starting condition.  Generally we would start 

off with one cell and witness how the system evolves with no constraints.  This can serve 
as a benchmark by which to compare extended versions that involve more than one black 
cell. 

 When the spatial breadth is limited and number of iterations in time is not.  In essence, 
what happens over infinite time at a narrowly defined space? 

 When the number of black cells are constrained to be the same throughout the simulations 
but the system as a whole is allowed to evolve freely.  Different densities or clustering 
may be observed even through the total number of black cells may remain constant. 

 Bootstrapping with empirical data.  What would be the final outcome if we start with a 
given configuration? e.g. that is informed by satellite imaging. 

 Observe what happens when two different cells with different rules are allowed to evolve 
and collide.  This is analogous to two discrete entities with two different behavior 
conventions interacting over time and space. 

 Starting with a solid black lattice (in the case of 2D CA completely black with no white 
spaces at all), run the simulation to see what patterns are evolved (as white spaces begin 
to replace black areas of the lattice) at fixed epochs.  Density of black cells may signify 
certain underlying effects (assume a binary state for each cell) 

 Sensitivity analysis-gradually reducing the number of starting information from a 
previously defined configuration.  Observe the overall influence of this on the system 
evolution.  
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Conclusion 
 
CAs have been discussed and proposed as a modeling environment for spatial phenomena in 
complexity economics.  CA in our scheme-of-things is a kind of visual grammar by which 
common features in complex systems can be described.  Conventionally this has been 
especially true for those phenomena with a spatial geometric dimension.  In this respect the 
major challenges lie in mapping to and from spatial dimensions.  Specifically, how would we 
represent abstract concepts and relationships geometrically.  The paper was concluded with 
the consideration of possibilities available if one were to employ visual analysis to spatial 
economic problems. 
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