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AN INDIVIDUAL-BASED APPROACH

TO MODELING TOURISM DYNAMICS

PETER A. JOHNSON and RENEE E. SIEBER

Department of Geography, McGill University, Montreal, Quebec, Canada

To better understand the dynamics of tourism, emphasis in modeling is evolving from descriptive
towards analytic, process-based approaches. We present a conceptual framework of tourism as a
set of individual-based interactions between tourists and destinations occurring on a spatial, scaled
landscape. We use agent-based modeling (ABM), a type of computer simulation, to operationalize
this individual-based framework of tourism development and change, set in the Canadian province
of Nova Scotia. The model is used to generate a series of scenarios about the impact of visitation
to rural destinations through modifying individual awareness and tourist mobility variables. The
findings generated with this ABM demonstrate that the spatial location of a destination in relation
to a network of other destinations has implications for how that destination can capitalize on
changes to tourist destination awareness and mobility. The impact of spatial location is only appar-
ent as a result of modeling the individual interactions of tourists and destinations. This research
proposes that an individual-based approach can be used to better understand the spatial, multiscaled
processes and dynamics that generate emergent patterns of impact.
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Introduction

Tourism as a phenomenon can be conceptual-
ized as patterns of economic, ecological, and so-
cial impact generated by a range of individual in-
teractions. These patterns are generated through
visitation, expenditure, resource consumption, cul-
tural exchange, and many other commonly re-
searched tourism impacts that appear on the desti-
nation landscape. These individual characteristics
of tourists and destinations interact within space
to produce patterns of impact at multiple scales.
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Determining the mechanisms that drive and influ-
ence these interactions is a precursor to develop-
ing a better understanding of how tourism patterns
are formed (Baggio, 2008; Haywood, 2006; Ru-
pasingha, 2001). Identifying the underlying mech-
anisms of tourism function is a fundamental chal-
lenge for tourism research (Farrell & Twining-Ward,
2004) and holds implications for planning and
management.

This article approaches the identification of
tourism mechanisms in two interlocking ways.
First, we present an individual-based framework
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to serve as a conceptual model of the functioning
of tourism. This is a top level, descriptive frame-
work, where the interactions between individual
tourists, industry, and landscapes produce patterns
of impact that vary across scale. These impacts
create feedback processes that further drive devel-
opment and change dynamics. Second, we opera-
tionalize a portion of this framework through the
development of an ABM to act as a type of “social
science laboratory” (Bankes, Lempert, & Popper,
2002; Epstein, 1999). ABM is a computer-based
method that assigns behavioral rules to software
constructs called “agents,” simulating their inter-
actions with each other and the landscape over
time and space. This approach is widely used to
model a range of human and environmental sys-
tems, including land use/land cover change (Dead-
man, Robinson, Moran, & Brondizio, 2004), urban
expansion (Benenson & Torrens, 2004), gentrifi-
cation (Jackson, Forest, & Sengupta, 2008), and
regional policy development (Zellner, 2007).

This computer simulation approach allows the
interaction between tourist and destination to be
represented, perturbed, and analyzed in a con-
trolled manner. An ABM can be used to study
how different patterns are formed as a result from
autonomous behaviors of the individual. This is
called the study of emergent properties, or how
the constituent parts of a system combine to form
outcomes or phenomenon that are more that the
simple summation of the parts (Grimm, Revilla,
Berger, Jeltsch, & Mooij, 2005). Rather than study
only the macrophenomena (such as tourist visita-
tion), we are interested in how visitation emerges:
what individual-level actions and preferences
combine across time and space to produce the pat-
tern of visitation across an uneven landscape. The
ability to study emergent properties is one of the
core advantages that led us to investigate the use
of ABM—it simulates interactions at the individ-
ual level, explicitly incorporates space and time,
and provides an opportunity to modify process
variables, facilitating the testing of hypotheses.
We show how this approach allows the tourism
scientist to analyze future outcomes and also how
it can support the tourism planner in making deci-
sions and identifying system leverage points for
intervention.

To provide context to this approach, we present

a case study set in the Canadian province of Nova
Scotia. Nova Scotia is a province where tourism
is dominated by a handful of major destinations,
leading to a concentration of tourism-related bene-
fits only in those areas. In this context, developing
strategies to better disperse tourism visitation
throughout the province is a topic of planning in-
terest. We use an ABM to develop two scenarios,
experimenting with changes to destination and
tourist level variables, observing how patterns of
tourist visitation are altered as a result. ABM pro-
vides an operational example of how the individ-
ual-based framework can be used to advance an
understanding of how changes in key variables can
lead to generating patterns of tourism impact.

An Individual-Based Framework of Tourism

In this section we detail the foundations of an
individual-based framework of tourism. We draw
from several other areas of work, including tour-
ism studies and fields, such as ecology, manage-
ment, geography, and economics, as well as sys-
tem dynamics (Jamal, Borges, & Figueiredo,
2004), computational social science (Bankes et al.,
2002), and ABM (Parker, Manson, Janssen, Hoff-
mann, & Deadman, 2003). It is within these ap-
proaches that the individual-based framework is
most firmly situated.

Conceptualizing tourism as a system of inter-
connected parts is a well-formed idea within tour-
ism studies, with several notable works, including
Mill and Morrison (1985) and Leiper (1990).
These early approaches sketched the phenomenon
of tourism as a set of discrete components, such as
tourist types and categories of destination, moving
beyond reductionist approaches, developing a
view of tourism as a more interconnected and in-
terdependent phenomenon (Hall, 1993). These ap-
proaches are largely descriptive, in that they look
to classify components of economy, culture, envi-
ronment, and drawing and typifying the connec-
tions between them, but do not test the mecha-
nisms that drive the interactions that are implied
through their connections (McKercher, 1999).

More recently, tourism researchers have built
on this systems approach in tourism by applying
“chaos” (McKercher, 1999; Russell & Faulkner,
1999, 2004), complex adaptive systems (Farrell &
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Twining-Ward, 2004, 2005) and complexity sci-
ence (Baggio, 2008) literatures within tourism
studies. These researchers have acknowledged
many of the characteristics that typify tourist–
destination interactions, such as heterogeneity, in-
teractive processes, feedback, and uncertainty. A
fundamental difference between these approaches
and a systems approach is the emphasis that is
placed on the role of individual interactions.
Whereas systems approaches model aggregate
flows between homogeneous stocks, complexity
approaches capture individual-level differences
and model the impact that these can have on pro-
cess functioning and spatial pattern generation
(Hartvigsen, Kinzig, & Peterson, 1998).

A complexity approach presents tourism, as all
types of human activity, as a phenomenon that
does not proceed in a linear fashion or behave in
a way where components sum together to neatly
produce a macrolevel pattern (Anderson, 1972;
Holling, 2001). Rather, stochastic processes influ-
ence system properties at multiple scales, generat-
ing feedbacks in often surprising and counterintu-
itive ways. Interactions between entities are
dynamic, complex, and there are opportunities
provided for emergent properties of a system to be
expressed (Bonabeau, 2002; Waldrop, 1992). An
emergent property is where individual interactions
produce a phenomenon that is different than a sim-
ple summation of the constituent members (Ep-
stein, 1999). Classic research examples include
how even a weak preference for a certain type of
neighbors can lead to emergent racial and class
segregation (Schelling, 1969) and the flocking be-
havior of birds (Grimm et al., 2005). By studying
emergent properties of a system, one looks not
only at the macrolevel phenomena (such as flock-
ing), but rather attempts to determine how individ-
ual behaviors generate these patterns (Epstein &
Axtell, 1996).

In a tourism context the success or failure of
destinations can be considered as a pattern that
emerges from the multiscaled interactions of tour-
ists, destinations, and communities. To study how
these patterns are formed requires an approach that
is individually based, spatial, and temporal, in that
it can support the study of emergent multiscaled
patterns of impact. We present a framework of
tourism as a phenomenon comprising scaled pat-

terns of impact. These impacts are driven by the
individual tourists, industry, and community com-
ponents interacting upon a landscape (Fig. 1). The
patterns generate feedback processes that in turn
affect the interaction of tourist, industry, and land-
scape. Basing a model at the individual unit of
analysis allows for the representation of a range of
processes and interactions, such as how differ-
ences in tourist preferences, destination supply,
and spatial location can drive the emergent pro-
cess of destination selection and development.

The interactions that form the starting point of
our individual-based model take place at what we
term the “tourism activity interface,” a decision
space where individual actions are negotiated
based on preferences, goal seeking, awareness,
and spatial considerations within a landscape of
competitive opportunities provided by tourism in-
dustry and communities, such as accommodations,
activities, and other amenities. We build these in-
teractions from the individual level, as this is the
finest grain of analysis. If one were to study these
interactions at a more aggregate scale, then much
of the richness and influence of heterogeneous be-
haviors can be lost. Relationships between vari-
ables can change as scale is modified, and a rela-
tionship that is significant at one scale may not
exist at others (Atkinson & Tate, 2000; Taylor,
2004). This is particularly true when considering
tourist behavior, in that while there are many com-
monalities between tourists, as a discretionary ac-
tivity, personal motivations and preferences for
tourism products are highly variable.

These interactions result in the generation of
patterns of impact, observed at multiple simultane-
ous scales. For example, increased visitation to a
specific village may generate positive regional
economic impacts, but simultaneously degrade the
wider natural environment by depleting limited
freshwater stocks. This rise in visitation has linked
effects at other scales, such as increasing vehicle
traffic, creating patterns of tension and resentment
between local and tourist. Similarly, government
policies and planning decision making occur at the
local, regional, provincial, and national scale, and
may possibly promote conflicting objectives (Pe-
terson, 2000; Zellner, 2007). These patterns of im-
pact are variable over scale and interconnected in
multiple ways. A similar, nearby village that is
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Figure 1. An individual-based model of tourism.

less visited by tourists still may benefit in a re-
gional sense from tourism related infrastructure
development, but without experiencing the local-
ized ecological and social problems.

Feedback processes play an important role in
driving development and change by influencing
the interactions between tourists, industry, and
landscape (Jamal, et al., 2004; Walker, Greiner,
McDonald, & Lyne, 1999). Examples of feedback
effects include evolving product trends, interdesti-
nation competition, global and regional economic
shifts, and changes in destination desirability.
These processes can be both positive, in that they
amplify a particular effect, or negative, in that they
serve to stabilize an interaction, possibly resulting
in an equilibrium state. Feedback thus creates a
cyclical process of tourism development and
change that alters microlevel interactions, macro-
level patterns, and the landscape upon which these
are constructed. For example, increasing environ-
mental degradation at the destination level may re-

duce the desirability of a particular tourism prod-
uct for some tourists. With less desirability, this
would cause an individual tourist or subset of tour-
ists to modify their travel plans to avoid that par-
ticular destination. In turn, nearby accommoda-
tions may lower their prices or develop an amenity
tailored to a particular type of tourist in an attempt
to attract more visitors, an action that further feeds
the cycle of reduced environmental quality.

Operationalizing an Individual-Based Model

Despite a broad interest in applying complexity
principles in tourism (Baggio, 2008; McKercher,
1999), there has been little “on the ground” work
done to operationalize these ideas. Current studies
sketch out descriptive models, showing linkages
between components, but do not further explicate
these models in terms of providing empirical data
or case studies that would demonstrate the func-
tioning of tourism components in a complex man-
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ner. Notable exceptions (Jamal et al., 2004;
Walker et al., 1999) use system dynamics models
to conduct empirical work on the functioning of
various dynamic components of the tourism
system, including the presence of feedbacks. How-
ever, like all system dynamics models, these ex-
amples contain no spatial attributes or heteroge-
neous characteristics, instead modeling tourist
behavior as a rate-based flow from a holding con-
tainer, or stock, such as destination occupancy.
This approach to modeling tourism does not ad-
dress the influence of individual characteristics on
destination choice, instead considering all tourists
as possessing equal preferences, and all destina-
tions equally as being undifferentiated.

One comparably recent modeling approach
with tourism research potential is ABM (Baggio,
2008). ABM represents a phenomenon based on
the interactions of constituent parts. These individ-
uals, or “agents,” are placed within a computer
environment where they interact according to rule-
based behaviors, effectively growing system struc-
ture from individual actions (Grimm & Railsback,
2005; Lempert, 2002). In a tourism context, these
agents can represent a heterogeneous group of
tourists, each with unique goals, preferences, and
characteristics (Wooldridge & Jennings, 1995).
Tourist agents interact upon a landscape that con-
sists of industry components, such as destinations,
transportation networks, or communities, as speci-
fied by the model developer. An ABM unfolds
over simulated time, with potentially thousands of
interactions such as unique or repeating events,
adaptation using if–then rules, and feedback loops
between agents and landscape occurring every
time increment.

As with any type of model, developing an
ABM focuses on creating a simplification of a
real-world system, aiming to delineate or explain
in simpler terms a complex phenomenon, using
imperfect data and incomplete knowledge (Bankes,
2002). This is a process of defining simple rules
to replicate or explain macrolevel patterns and
phenomena. The goals of model development, the
current level of system knowledge, and data avail-
ability set the boundaries on the level of detail to
be included in an ABM, all must be balanced by
the model developer to varying degrees (Gilbert &
Troitzsch, 2005). For example, in building a pre-

liminary proof-of-concept model for exploratory
purposes, there are few limits to what can be in-
cluded in a model. Alternately, in the case of a
predictive or policy-related model, greater care
must be taken to use reliable sources of data, such
as visitor counts, origin/destination, destination
supply, and tourist choice preferences as a founda-
tion for model building (Zellner, 2008). Modern
advances in computing power and the availability
of large datasets have created opportunities for
modeling systems in this type of detailed manner.
ABMs have recently been used in this manner to
create scenarios that show variety of options and
outcomes, effectively allowing the ABM to func-
tion as a type of planning support system (Batty,
2004; Ligmann-Zielinska & Jankowski, 2007).

Challenges in Developing an ABM

A range of limitations exist both conceptually
and methodologically to fully operationalizing an
individual-based approach to tourism. Conceptu-
ally, by choosing an individual-based approach,
the ecological, social, cultural, as well a wide
range of non-tourism-specific economic aspects
would each be candidates for inclusion in a given
model. However, the actual inclusion of these as-
pects into an ABM is mediated by the computa-
tional limitations of current approaches to repre-
sent a high degree of detail and still remain
analytically tractable (Grimm & Railsback, 2005).
As the complexity of a model increases, so do the
requirements for data and information on which
to base agent interaction and landscape structure
(Batty, 2008; Parker et al., 2003).

The availability of data plays a major role in
parameterizing the actions of agents within an
ABM and thus sourcing data with which to vali-
date and empirically inform the details of the
model is required, as is some understanding of
how system components actually behave in real
life. In many cases, the target system itself is
poorly understood, and this can make the process
of assigning agent behaviors very difficult (Jans-
sen & Ostrom, 2006). This translation of data into
model parameters can create limitations, as data
may not match up with the desired agent behav-
iors, or be comparable across different measures
within the same system (Gilbert & Troitzsch,
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2005; Robinson, Brown, & Parker, 2007). This
challenge underscores the fact that model develop-
ment is an iterative process of negotiation between
the desire to represent a system with as much de-
tail as possible, but also that the data required to
do so is imperfectly suited to the task, and that
computational limitations demand a model that is
parsimonious. Validation is a process that is regu-
larly used in ABM development as a way to bal-
ance these competing objectives.

Validation is a term used broadly in computa-
tional modeling literature to describe an evaluative
process that compares model output to indepen-
dent data, with the goal of measuring model ac-
ceptability for a given purpose (Rykiel, 1996).
This process is important to build confidence that
model components and the output they generate
are representative of the target system. Validation
is a major challenge in any model development,
particularly in cases where the goals involve pre-
diction, explanation, or a high degree of detail in
representation, compared to more theoretical, ex-
ploratory models (Parker et al., 2003). Our tourism
ABM falls in between these two types; it is not
completely exploratory, as it incorporates real-
world data to parameterize agent and landscape,
yet it is not highly detailed or predictive. In vali-
dating the ABM, we consider the use of the CTS
and ITS datasets to function as a type of input
validation (Grimm & Railsback, 2005; Rykiel,
1996). These model outputs can also be backcast,
to see if models of past years replicate real-world
patterns. This level of validation is preliminary,
but still gives some initial confidence that the be-
haviors and processes represented in the model ap-
proximate those found in reality.

Case Study: Tourist Dynamics
in Nova Scotia, Canada

To operationalize a component of the individ-
ual-based framework, specifically a selection of
interactions that occur between tourists, industry
and communities (Fig. 1), we develop an ABM of
tourism dynamics. This model is set in Nova Sco-
tia, a largely rural province on the east coast of
Canada (Fig. 2). Nova Scotia has a population of
approximately 950,000, with nearly one third of
that located in the capital region of Halifax. Simi-

lar to many resource-dependent areas of North
American, the economy of Nova Scotia experi-
enced a difficult period following the collapse of
the North Atlantic cod fishery in the 1990s, as
well as the closure of several coal mines. As a
result, many areas, particularly rural ones, turned
to tourism to provide economic development and
the province now welcomes over 2 million tourists
a year. This use of tourism as a response to eco-
nomic change and deindustrialization is found in
many areas of both Canada and throughout the
world (Gill & Reed, 1997).

Despite continued efforts to develop tourism in
rural areas, the Nova Scotia tourism landscape is
largely dominated by major tourism destinations
within a short drive of Halifax as well as the island
region of Cape Breton (Fig. 2). This has led to a
concentration of the economic benefits of tourism
within a few clusters of well-visited destinations,
while more distant destinations remain marginal
players. Attracting tourists from the main tourism
clusters could better spread economic benefits to
the rural regions of the province. One way to
achieve this would be to increase tourist awareness
of these destinations. This could take the form of
advertising campaigns that promote rural locations
and travel to regions outside of the established
Halifax/Cape Breton areas. Increasing rural tour-
ism requires more than advertising, as even a very
well advertised location can still struggle to attract
tourists, simply because of its location.

We develop two ABM experiments to explore
this dynamic. First, the rural destination of Canso
is subjected to “advertising,” which is modeled as
an increase in destination awareness. We compare
the effect this change has on tourist visitation lev-
els to both Canso and other select destinations.
The second experiment increases the possible
travel range of tourists, to investigate the effect
that removing distance as a barrier to travel has
on visitation. These two experiments are used to
examine the nature of tourism dynamics from both
an awareness and location perspective.

Developing an ABM

In developing an ABM, we chose to represent
tourism as a relationship between the destination
landscape (supply) and tourist agent (demand).
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Figure 2. Map of select tourist destinations within Nova Scotia.

This relationship is based on amenity (accommo-
dation and activity) preference matching between
the individual tourist agent and the supply found
in a selection of tourist destinations in the prov-
ince of Nova Scotia. Other important variables in-
cluded the distance between the tourist agent and
a desired destination, the total length of stay of the
tourist in the province, and the probability that a
tourist agent would be aware of a given destina-
tion. Deciding how to represent these different
processes and structures was a process directed by
the availability of empirical data with which to in-
form each component, computational restrictions
imposed by the ABM development software, and

a desire to create a model that was parsimoni-
ous—or no more complicated than was necessary,
but that would still generate emergent patterns.
This model was programmed using the AnyLogic
platform (www.xjtek.com). AnyLogic is commer-
cially produced software that provides a more
user-friendly graphic user interface for model de-
velopment and debugging, though advanced fea-
tures can be accessed via the JAVA programming
language. AnyLogic is used in a wide variety of
application areas, including ecology, health care,
manufacturing supply chain analysis, and urban
planning.

We now outline the general functioning of the
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ABM, presented step-by-step in the order that the
model operates. Tourist agents make their visita-
tion decisions according to a heuristic decision
flowchart consisting of states and transitions, con-
trolled by conditional logic (Fig. 3). Tourist agents
are first introduced to the destination landscape at
a per-day amount that varies monthly, following
the seasonal fluctuations of tourism arrivals. Tour-
ist agents enter the landscape through one of seven
road, airport, or ferry access points. Once a tourist
agent is introduced, he/she is assigned one of the

Figure 3. Tourist agent decision-making flowchart.

35 destinations to evaluate at random. This ran-
dom allocation of destinations does not mean that
end tourist agent visitation is random, but that the
order in which destinations are considered for a
match is random. Before determining if the desti-
nation meets their accommodation and activity
preferences, the tourist agent must first be “aware”
of the destination to which they have been as-
signed. Each destination has an awareness value,
which controls if a tourist agent will continue to
evaluate a trip. This awareness value is based on
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the proportion of tourists who have visited that
destination, as recorded in a 2004 Visitor Exit Sur-
vey, provided by the NSDTCH. For example, the
provincial capital of Halifax, as a major tourist
destination, has a much higher awareness value
than the remote destination of Canso, and is thus
evaluated more often.

Once a tourist agent has successfully passed
through the awareness check, it then evaluates the
destination for a match between accommodation
and activity preferences and the destination supply
of tourist amenities. For example, a tourist agent
may have the preferences that he/she prefers a des-
tination with hotel style accommodations, and ei-
ther cultural or live theatre attractions. If a match
under both preference categories is found, the
tourist agent then evaluates the distance required
to travel from their current location to the selected
destination. If this distance is less than a daily dis-
tance threshold, then the tourist makes a success-
ful trip to the selected destination. This decision-
making process continues within a loop, with each
of the thousands of tourists making one or more
decisions every day of model time. As model time
progresses, a tourist agent will accumulate a pre-
determined number of successful matches, spread
out over a number of simulated days. When this
number of visits is reached, the tourist is removed
from the model, representing the completion of
his/her trip. All active tourists evaluate the tourism
landscape simultaneously according to these sets
of rules, generating emergent patterns of visitation
across the destination landscape. This creates a
baseline simulation of tourist movement and visi-
tation where specific parameters, such as prefer-
ences, movement threshold, destination supply, or
length of stay can then be altered in an experimen-
tal fashion.

The data sources used to inform, or parameter-
ize, the ABM are drawn from a variety of sources.
Tourist agent preferences for accommodation and
activity are based on individual level data sourced
from the Canadian Travel Survey (CTS) and Inter-
national Travel Survey (ITS). These two datasets
are products of Statistics Canada, the national sta-
tistics agency, and include individual tourist trip
information from 1997 to 2004. When collecting
the CTS and ITS, respondents are asked in exit
surveys at airports, ferry terminals, and posttrip

telephone interviews to describe characteristics of
their trip, including the type of activities and ac-
commodations they chose, distance traveled, trip
expenditures, and length of trip. This produces a
dataset that contains, for example, month by
month, the number of tourists staying in hotel ac-
commodations, and who participated in both heri-
tage tourism activities and visited a national park
during their stay of 4 nights in Nova Scotia. Data
for the 35 destinations represented in the model
are drawn from an inventory provided by the Nova
Scotia Department of Tourism, Culture, and Heri-
tage (NSDTCH) tourism portal (www.novascotia.
com). That is, each destination will possess a
unique mix of accommodation types (e.g., hotel,
motel, or bed and breakfast) and activities (e.g.,
museum, fishing site, or a national park). These
types of accommodation and activity correspond
to the range of possible tourist agent preferences
identified in the CTS and ITS.

Scenario Experiment Results

To operationalize the individual-based frame-
work, we use an ABM to generate two different
scenarios of tourist visitation. The first scenario
investigates the effect of altering destination char-
acteristics by increasing awareness at one rural
destination, the historic fishing village of Canso
(Fig. 2). This increase in awareness serves as a
proxy for advertising or other types of promotion.
Founded in 1604, Canso is one of the oldest Euro-
pean settlements in North America. Currently,
Canso is undergoing a transition from commercial
fishing and fish processing center to a more diver-
sified economic base, of which tourism is a com-
ponent. Challenges to tourism development in
Canso include its remote location and a limited
awareness of the village outside of Nova Scotia.
We address this issue of location with the second
ABM scenario, where we alter tourist behavior
globally within the model, increasing the possible
travel range of all tourists visiting Nova Scotia.
We considered this a proxy for management ac-
tions such as the identification of specific tourist
routes, or improvements to infrastructure. These
scenarios are compared to a base case, to evaluate
possible strategies aimed at increasing visitation to
Canso.
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Each scenario was run with two different pa-
rameter values to observe the relative sensitivity
of the model to changes in awareness and distance.
Understanding parameter sensitivity is important
because it can help to separate the relative influ-
ence of many model factors on the results gener-
ated (Grimm & Railsback, 2005). For the aware-
ness scenario, the level of tourist awareness of
Canso was increased both 50% and 100%. Simi-
larly, for the tourist mobility scenario, the maxi-
mum distance a tourist could potential travel was
increased first 50% and then 100%. Although this
simple one-at-a-time parameter variation should
not be confused with a full sensitivity analysis, it
does provide an initial indicator of the impact of
incremental parameter changes on model output.
Results of these scenarios are presented in Table
1, as the percentage change in total tourist visita-
tion (positive or negative) from the base scenario,
under each parameter value, over a period of 5
years.

Increased Awareness Experiment

For this experiment, we simulated increased ad-
vertising by increasing the awareness value of
Canso by both 50% and 100%, while holding all
other variables stable. This has the effect of in-
creasing the degree to which tourist agents will
consider Canso as a possible destination. For tour-
ist agents to visit they still require a match be-
tween preferences and supply; Canso must have
activities and accommodations compatible with
tourist preferences and the destination must be
within their travel range threshold. Compared to
the base scenario, each level of increase in aware-
ness resulted in an increase in tourist visitation. A

Table 1
Percentage Change in Visitation Between Scenarios and Base Case

50% Increase 100% Increase 50% Increases 100% Increase
Destinationnt in Awareness in Awareness in Mobility in Mobility

Amherst +1% −3% −27% −45%
Baddeck +1% +1% +9% +17%
Canso +40% +75% +5% +13%
Halifax +0% +0% −9% −19%
Tidnish −2% −4% −40% −59%
Wolfville −1% −3% −14% −32%
Yarmouth −2% −3% −3% +9%

50% increase in awareness led to a 40% increase
in visitation and a 100% increase in awareness led
to a 75% increase in visitation, over a period of
5 years (Table 1). This result, of course, ignores
limitations to tourist visitation growth, such as po-
tential supply of accommodation and activity, but
as an initial experiment, this scenario shows that a
rise in awareness may drive visitation to Canso,
even with the existing types of amenity.

Other destinations are also affected by Canso’s
rise in awareness. The small loss in visitation seen
at other destinations is to be expected, represent-
ing a reallocation of tourists from destinations
throughout the province. The results of this sce-
nario show a logical outcome—that if destination
awareness is increased, tourists may be more
likely to visit it. This result in itself is not surpris-
ing, but the manner in which it was generated
represents a method of experimenting with these
variables that provides for different insights. For
example, the rise in awareness of Canso resulted
in a small gain in visitation for nearby Baddeck,
although this did not differ between the 50% and
100% increases. The increase in tourist agents vis-
iting Canso results in a new range of nearby visita-
tion choices being made available to a larger
group of tourists. Now that more tourist agents are
considering destinations within a travel range of
Canso, as opposed to other more centrally located
destinations, a type of spillover effect is generated,
potentially benefiting a destination in a previously
less visited area. This type of dynamic points to
regional benefits of raising awareness at one desti-
nation and is the type of finding that can be gener-
ated by representing the tourist as an individual
with spatial behavior. We expand on the use of
this approach in the second experiment.
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Tourist Routes/Improved
Infrastructure Experiment

In the second ABM scenario, we increase the
possible travel range of each tourist entering the
model. Doing so alters the way in which the tour-
ist agent interacts with the destination landscape
during the decision-making process. After each
tourist agent has found an accommodation and ac-
tivity match with a destination, he/she checks to
see if the destination is within his/her possible
travel range from his/her current location. This
travel range is different for each tourist agent; this
information was chosen from a distribution identi-
fied in the CTS and ITS datasets. For this sce-
nario, we increased the values found in this distri-
bution, from a mean of 178 km, by 50% to a mean
of 267 km, and by 100% to a mean of 356 km.
Changing this variable has the effect of increasing
the possibility (but not the certainty) for tourists
to travel further and could be considered as a
proxy for management actions such as the identifi-
cation and development of specific “routes,” or
improvements to infrastructure. This is a change
that affects all destinations, not specifically Canso,
although as a remote destination, there is the pos-
sibility that Canso will also benefit from this
change. The goal of this scenario is to experiment
with the underlying mechanisms of tourist mobil-
ity and to compare the effects of awareness and
mobility on visitation.

In this tourist mobility scenario, we see that
Halifax, Amherst, and Tidnish, three main entry
points (by air, major highway, and minor highway,
respectively), as well as the centrally located desti-
nation of Wolfville, all suffer significant reduc-
tions in tourist visitation with both parameter val-
ues. This compares to more remote destinations,
such as Canso and Baddeck, that see a consider-
able rise in visitation. Yarmouth demonstrates a
mixed result between the 50% and 100% settings,
showing that perhaps its position in the network
of destinations is highly sensitive to distance. Ac-
cordingly, Canso shows a rise in visitation, al-
though this is substantially less than the effect of
increased advertising from the first scenario. This
difference can be attributed to the fact that adver-
tising was targeted only on Canso, whereas in-
creases in mobility can potentially benefit any re-

mote destination. In effect, advertising represents
an active strategy to draw tourists to Canso, while
increase in mobility is more of a passive strategy,
but one that could benefit multiple destinations.
Overall, this scenario can be said to generate a
diffusion of visitation pattern, where tourists move
further beyond the central tourism clusters and
main entry points.

This finding shows that a tourist with a greater
degree of freedom over travel distance will travel
to more remote areas of the province. Most nota-
bly, Yarmouth, itself an entry point, actually bene-
fits from the increasingly mobile tourist and Wolf-
ville, not an entry point, but rather centrally
located, shows a loss in visitation. These two con-
trary examples challenge assumptions on the role
that changes to tourist mobility plays in visitation,
in a way that only becomes clear when analyzed
upon a landscape with spatial characteristics and
individual tourist decision making. In the case of
Yarmouth, even though it is an entry point, it
could be benefiting from an increase in mobility,
particularly at higher levels, due to its comparative
remoteness. More is to be gained from attracting
a more mobile tourist from other destinations than
what is lost through the same process. Wolfville
shows the inverse relationship, that it clearly bene-
fits from being located in a cluster near tourist en-
try points and when limitations of mobility are re-
laxed; this results in a considerable loss. With both
the advertising and tourist mobility experiments,
we demonstrate how ABM as an operationaliza-
tion of the individual-based model of tourism can
provide an experimental framework in which new
insights and relationships between tourist and des-
tination can be measured and tested, comparing
across scenarios to explore micro effects of macro
policies.

Conclusions

By taking an individual-based approach to rep-
resent tourism, we can study how individual het-
erogeneous behaviors combine to form emergent
patterns of impact. Implementing this approach us-
ing an ABM shows how changes to these individ-
ual behaviors can produce differing outcomes, al-
lowing for the creation of experimental scenarios.
Both the representation of tourism as individual-
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based and operationalizing it via an ABM serve as
steps towards creating a deeper understanding of
how tourism patterns are formed. For example, the
experiments presented here point to two main
findings: 1) the role that location and clustering
play in the ability of destinations to capitalize on
advertising, and 2) that increasing the distance that
a tourist is willing to travel per day may benefit
rural and remote locations, regardless of any
changes in the amenities at that location. These
emergent patterns are driven by not only by the
interactions of tourists and destinations, but also
by the landscape that they occupy and by the feed-
back effects generated from interactions. We set
out a broadly defined individual-based model of
tourism as a step towards better conceptualizing
how the component parts of tourism interact. We
propose that ABM is a tool that can, at least in
part, make these conceptualizations concrete and
testable.

Two experiments were designed to study modi-
fications to destination awareness and individual
tourist mobility. We use these experiments to ob-
serve the manner in which changes to these vari-
ables generate different patterns of visitation. This
type of experimental approach can be used as a
starting point to shape further studies on tourism
by raising transportation linkages, product devel-
opment and market diversification as points of
tourism policy intervention. By using this ap-
proach to generate patterns of impact, tourist mo-
bility and destination awareness, two of the many
processes that occur between tourists, industry,
and communities that make up tourism develop-
ment and change, are represented. We acknowl-
edge that these examples represent only a narrow
range of the components laid out in the individual-
based model of tourism. Despite this, the tourism
ABM should be seen not as a finished product, but
as a laboratory that can support a wider variety of
experiments and apparatus of increasing complex-
ity with which to further define the benefits of tak-
ing an individual-based approach.

The individual-based approach also holds po-
tential benefits for tourism planners and managers.
The use of ABM to develop “what if?” type sce-
narios can be used from within a community tour-
ism development framework to assist with visual-
ization, communication, and analysis of complex

problems (Couclelis, 2005). This use of ABM by
planners can build off the relative successes of
other technologies, such as Geographic Informa-
tion Systems (GIS). The use of GIS in a planning
support capacity is an area of work that has re-
ceived much attention and the field of planning
support system (PSS) research hold much promise
for tourism (Pettit, 2005). It holds that disciplines
such as tourism research, which advantage of
these current types of PSS, must also look to eval-
uate, and possibly incorporate, new approaches.
The congruence between the individual-based na-
ture of tourism and the ABM method of inquiry
presents a research approach that can be used to
represent the tourism phenomenon as an inter-
linked, dynamic system, and in a way that facili-
tates controlled experimentation with components.

The challenges facing further development of
this approach are many, including a deeper under-
standing of the dynamics of tourist–industry inter-
action, how to transform data on tourist character-
istics and processes into model parameters, but
also identification of the benefits and limitations
of the approach; what are the barriers to the use
of a individual-based approach, where it should be
applied, and when are other methods are more ap-
propriate. ABM as a modeling platform has bene-
fits in representing individual-based phenomenon,
yet if we were to model the entire individual-based
model presented in Figure 1, this would likely to
exceed the computational abilities of most ABM
platforms, unless designed in the most general of
ways. Thus, the technology is clearly in need of
development, in equally amounts to improvements
to our theories of how tourism functions. What is
of value to the broader tourism research and plan-
ning community is the recognition that with an in-
dividual-based approach it is possible to move be-
yond traditional descriptive forms of tourism
modeling, and being able to identify and address
the complex dynamics and processes that underlie
the tourism phenomenon. This individual-based
approach can facilitate a wide variety of models,
from simple proof-of-concept models to explore
hypothetical relationships, to complex models that
can aid decision making and policy development
(Ligmann-Zielinska & Jankowski, 2007; Rupasin-
gha, 2001). It is this flexibility in specification that
we anticipate will be of most interest to the tour-
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ism research and planning community, presenting
an effective way to improve our understanding of
the patterns and processes of tourism, facilitating
the further growth of tourism theory and refine-
ment of planning approaches.
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