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Abstract
Agent-Based Modelling and Simulation (ABMS) has increasingly been applied in diffusion of innovation
research. The ABMS method is successfully implemented to different domains in business networks to
study the diffusion of their innovation activities. This research therefore applies such ABMS method to a
case company at Muscat, Oman with the objective to study the diffusion of its innovation activities to the
public. The case company is a famous real-estate company in Oman, where it successfully diffused its
innovative project to the public by using ABMS method. The results from the ABMS method were analyzed
by using a common used platform like MATLAB - MathWorks software. This is an ongoing research and
this paper presents the initial results from the model. Since the acquirement of data took too long for this
specific project, the incorporation of real world data and validation and adaption of the model are tasks for
further research.

Keywords
Agent-Based Modelling and Simulation, Innovation Diffusion, case company, Sultanate of Oman

1. Introduction
Diffusion of innovation is a critical activity that can be used to measure the likelihood that an innovation will be
adopted by members of a given society or culture. It is considered as a theory that seeks to explain how, why and at
what rate an innovation or new idea and technology spread. It examines how ideas are spread among group of people.
Rogers (2003) proposes four main elements to spread innovation: the innovation itself, communication channels, time
and a social system. An innovation activity is diffused in multi-step, where an opinion leader known an as adopter
exerts a large influence on the behavior of individuals.
The adoption of an innovation depends on the relative advantage, its compatibility with the pre-existing system, its
complexity or difficulty to learn, testability, potential for reinvention and its observed effects (Greenhalgh et al., 2005).
The adoption of an innovation also depends on the fuzziness of the boundary of the innovation. An individual known
as agent encourages an opinion leader to adopt or reject an innovation (Infante, 1995). In general, an innovation or
new idea is defused by human interaction through interpersonal networks. If an innovation adopter discusses it with
two individuals of a given social system and these two individuals become adopters of the innovation it then diffuses
in a binomial expansion (Rogers, 1971).
The rate of innovation diffusion can be defined as the relative speed at which participants adopt an innovation. In case
of diffusion process, some people are more apt to adopt innovation than others are. Several studies found that people
who adopt an innovation at early stage have different characteristics that people who adopt a later stage (Valente and
Davis, 1999; Wejnert, 2002; Rogers, 2003; Barker, 2004). It is therefore, important to understand the characteristics
of target audience that will support or adopt of the innovation. The diffusion of an innovation is measured by the time
necessary to adopt a specific percentage of the members of a social system (Choi et al., 2010). As some point in time,
the innovation reaches a critical point or critical mass, when the number of adopters assure that the innovation is self-
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sustaining. According to Rogers (2003), cumulative number of individuals that have adopted an innovation can be
classified into five categories namely, innovators, early adopters, early majority, late majority and laggards.
Within the scope of this research, a special model for innovation diffusion known as Agent-Based Modelling and
Simulation (ABMS) is applied to a case company at Muscat, Oman to analyze its innovation activities. The primary
data is collected from the case company and initial results are highlighted in this research.

2. Literature Review: Available Models for Innovation Diffusion
Innovation diffusion models are generally categorized into two sub-divisions namely, conceptual models and
mathematical models. In conceptual model, various aspects of innovation are considered such as determinants of
diffusion, dissemination and implementations of innovation. This model represents the overall results of individual
level processes of innovation diffusion. The conceptual model does not provide managers and researchers with
quantitative tools to study the diffusion. On the other hand, mathematical modelling of innovation diffusion provides
quantitative tools and has also attracted many researchers since early 1960s. This type of modelling is further divided
into analytical (aggregate) and agent-based models (Kiesling et al., 2012).
The managers use aggregate model of innovation diffusion since 1960s in forecasting sales of new products and
describing the spread of new products in market place (Mahanjan and Muller, 1979). This kind of seminal diffusion
model describes the innovation diffusion by means of simple mathematical formulations, which is based on a
mathematical description of flows between mutually exclusive and collectively exhaustive subgroups in a population.
The concept of Bass model, which is a derivative of aggregate model, conceptualizes the diffusion of consumer by
mass communication and spread by word-of-mouth and describes this process by means of a differential equation
(Bass, 1969). According to Bass model, an individual’s probability of accepting a new product depends linearly on
two factors: one, which is not associated to previous adopters, and one, which is related previous adopters.
Network heterogeneity diffusion model assumes that all individual in a population can have interpersonal
communication with another individual contradicts even casual empirical evidence of diffusion within specific
populations (Rogers, 2003). Another model of innovation diffusion known as disaggregate model is widely used in
the social sciences. This type of diffusion model starts at the micro level has a rich potential in terms of a better
understanding of the diffusion process and a tool for managerial action (Eliashberg et al., 1986). The disaggregate
diffusion model is highly used to forecast the total market response and typically measured by the adopters numbers
(Mahajan et al., 1990). This model is categorized in three broad areas namely, microeconomic models, stochastic
models and agent-based-simulation model.
In case of micro-economic model, which is a derivative of disaggregate model typically characterizes the effect of
risk attitude and learning under uncertainty on the adoption level. It assumes that the uncertainty associated with
understanding of the innovation’s attributes, its price, pressure from other adopters to adopt it and their own budget
(Mahajan et al., 1990). The stochastic model as a branch of disaggregate model of innovation diffusion deals with the
consumer behavior in marketing, including brand choice and purchase incidence model. It provides the diffusion of
innovations that consumers are not already familiar with because they lack of elementary diffusion mechanism
(Manraj, 1995).
The agent-based model is the last category of disaggregate model defines the distribution of individual-level consumer
characteristics and/or limited analysis of aggregate variables. This model deals with the elementary unit of modelling
as a whole rather than individual or agent. It usually limited to the analysis of rational individuals’ decisions on the
micro level and does not incorporate diffusion processes on the macro level.

3. Agent-Based Modelling and Simulation: Concept and Application
Bonaneau (2002) defines agent-based modelling as a mind-set consisting of describing a system from the perspective
of its constituent units rather than a technology. These units which are the micro level are called ‘agents’ and may
represent all kinds of actors (Bonaneau, 2002). According to Weiss (1999), agent can be described, as “….a
computational entity such as a software program (...) that can be viewed as perceiving and acting upon its environment
and that is autonomous in that its behavior at least partially depends on its own experience”.
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The agent-based modelling and simulation, which is a part of mathematical modelling has been adopted increasingly
in innovation diffusion research since it operates. This modelling approach includes heterogeneity effects and
influence of different types of social network structures. It has been implemented as an aid to building theory, as tool
to analyse real-world scenarios, support decision-making, and obtains policy recommendations (Kiesling et al., 2012).
This kind of modelling is a bottom-up modelling approach that aims to capture emergent phenomena in complex
systems by simulating the behavior and interactions of entities (Kiesling, 2011).
An important advantage of agent-based modelling and simulation is that it has the ability to capture the complex
structures and dynamics of diﬀusion processes without knowing the perfect global interdependencies (Borshchev and
Fillipov, 2004). This approach makes it possible to account for micro-level innovation drivers by modelling the
adopters’ behaviors and attitudes in a social network. The agent-based modelling and simulation differs from other
available models is that it is not limited in its capacity to account for heterogeneity and social structure. This model
has been applied in various fields such as, ecosystems management (Bousquet and Page, 2004), epidemiology
(Auchincloss and Roux, 2008), pedestrian movements (Turner and Penn, 2002), criminology (Malleson, 2010), etc.

3.1 Agent Characteristics
The visitor of the case company is considered as the ‘agent’. The various characteristics of the agent are listed in
Figure 1. From Figure 1 it is seen that the characteristics of the agent are divided into two divisions namely, static and
dynamic. Additionally, according to the position of an agent in the network, agent’s nationality (such as
Omani/Expatriate/Tourist) is also considered in the study. Furthermore, the agents are assigned to age groups
according to the respective percentage shares in their nationality groups. Three age groups are considered: Children
(0-19 years), Adults (20-70 years) and Seniors (70+ years). Particularly striking is the high percentage share of children
of nearly 45 % within the Omani people, whereas, the percentage share of children for expats and tourists is nearly
negligible.

Figure 1. Static and Dynamic Agent characteristics
The last static characteristic is a description of the personal preferences of the agents concerning to the visit of new
shopping malls, which are the projects under the real estate company. The nationalities of the agents are influenced
the decision to visit the malls due to their different percentage shares of the visitor expectation groups. There are three
expectation groups defined based on the innovation adopter categories: the Innovators, early adopters and late adopters
(Rogers, 2003). They differ in the way they respond to the concept, number of shops, promotional activities and the
social influence after the project already gained a certain popularity.

3.2 Spreading Process
The dynamic agent parameters as shown in Figure 1 are the determinants for the innovation spreading process. The
process is spread over the boolean parameter “talking”. Since the spreading should only depend on the network
position and not on the Node ID a second parameter, describing the talking state in the last time step is used. Figure 2
displays the network diagram, where three nodes namely A, B, and C are seen. Each of the connection within a node
or intra nodes represents the interaction or talking between the visitors. From Figure 2 it is seen that node B contains
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the more densely connections, representing the highest interactions or communications between the interested agents
or visitors.

A

B

C
Figure 2. Representation of interactions between the visitors or agents in three different nodes
For each time step, each node who has at least three talking neighbors starts talking himself for two time steps. Each
time an agent starts talking his contact counter is increased by one. As soon as the contact counter reaches a value
higher than 20 a visiting decision is made. In case the agent chooses to visit the current state switches to positive for
one time step, the number of visits is increased by one and the contact counter is reset to zero. If the agent decides not
to go, he/she will proceed as before. For each node, the number of visits is recorded.

3.3 Decision Making Process
The adopter categories differ in their expectations concerning the characteristics of the case company. The total
expectation of 1 splits up to the aspects concept, number of shops, promotional activities and social influence in the
shopping malls. The values between 0 and 1 for all aspects and all adopter categories build up the visitor expectation
matrix Mex.
The characteristics of the case company build up the characteristics vector vch. As dynamic characteristics, the number
of shops, the current state of promotion and the social influence were identified. In addition, there is the concept of
the case company’s project as a static parameter. For each time step, the adoption vector is evaluated by using the
following Equation 1:
𝐯𝐚𝐝𝐨𝐩𝐭𝐢𝐨𝐧 = 𝐌𝐞𝐱 𝐯𝐜𝐡 …………………………………………………………………………………… (1)
In case an agent is faced with the adoption decision, a random value between 0 and 1 is calculated. If the random value
is smaller than the respective value of the adoption vector adoption takes place. To include the influence of the summer
and winter season for the summer months the probability of a positive decision is decreased by decreasing the values
of the characteristics vector vch.
All of the static characteristics of the agents have an influence on his/her adoption decision in a certain way. The
residence determines the position in the social network, the nationality determines how likely the agent is to belong
to a certain adoption group and the age determines after how many contacts an adoption decision is made. The adopter
category determines the expectation values and has therefore a direct influence on the likeliness of adoption. However,
this ways of influencing the decision can be changed and adapted in multiple ways.
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Figure 3. Flow chart for simulation algorithm
Figure 3 displays the flow chart of simulation algorithm. From Figure 3 it is seen that the first step of the algorithm
is build up where construction of the network is done and parameters (e.g. residence, nationality, age, adopter category,
etc.) of the agents are defined. After building the network for innovation diffusion process it is executed through
running the network for each time step. For each time step, adaptation matrix and adoption decision are defined at
each node. Final step of the algorithm is post processing where the collected data is analyzed to get the results.

4. Results Analysis
After collecting the necessary data from the network, it is processed by using the MATLAB - MathWorks software
following the algorithm as highlighted in Figure 3. The outcomes from the analysis are presented accordingly. To
have an insight in the working mechanism of the simulation the main output in terms of visitor numbers over time is
plotted and presented in Figure 4. The results as highlighted over Figure 4 excludes the influence of the summer and
winter season. The resulting graph in Figure 4 showed a relatively fast increase until a saturation value, around 350
visitors, where it oscillated irregularly. Overall, the behavior looks like expected. However, the time until saturation
is rather short even though it was supposed to be the main topic of this research. The reaching of a saturation value at
a certain point was expected but it is oscillating by a relatively big amplitude.
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Figure 4. Test run results without season
The results are displayed in Figure 5 after including the effect of the summer and winter season. From Figure 5, it is
noticed that the amplitudes increased and the saturation value decreased from 350 to around 250. This indicates the
effect of seasons, when the number of visitors are varied quite substantially.

Figure 5. Test run including seasons
After the variation of some parameters such as nationalities, age group, etc., it is found that a decrease of the number
of contacts until an adaption decision is made smoothed out the big oscillations. The oscillations become smoother
after 600 visitors as displayed in Figure 6. It is also noticed that continuing the variations of more study parameters
the saturation value increases further.
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Figure 6. Test run smoothed after varying some study parameters

5. Discussions
A complex model including for the specific case important data was successfully implemented. The results are mainly
as expected however; the graph indicates a few weaknesses of the model. Firstly, for a still relative small agent
population of about 1000 agents and 100 time steps the execution time is over one hour. An increase of the population
as planed to over a million agents is therefore not possible. Secondly, the rise until the saturation happens within only
few time steps. This is however likely to be an effect of the for this consideration too small agent number. Additionally,
the curve of visitors per time step shows an unsteady behavior which cannot be eliminated by simple parameter
changes. This weakness in addition to the generally high number of parameters indicate how difficult it will be to
adapt the model to the real application.
The model is based on a huge number of parameters. Whereas, some parameters can be detained from statistical data
most of them are not that easily identifiable. Especially, the parameters describing individual decision making and
personal preferences are not objectively quantifiable. This could partly be counteracted by creating customer surveys.
Even though this would include a high effort, it would be not only helpful for this model but for general strategic
decisions concerning the case project.
Therefore, a rather big part of the data has to be estimated, while at the same time the full model is very sensitive to a
change of parameter values. The same is valid for the design of the networks structure. This is a big downside of the
modelling process, which induces both an uncertainty of the validity of the model and a high specification on the
current application.
Finally, there are many other features which could be included depending on how detailed the model should be. For
instance, the chance of visitor number during the seasons or more detailed personal characteristics of the agents such
as income level.

6. Conclusions
This paper describes a possible structure of an agent-based innovation diffusion model, where simulating a process of
visitor development employing an agent-based approach. Interconnected small-world networks are used to describe
the social structure. Furthermore, a complex decision making processes considering the static and dynamic
characteristics of each agent is included. The results from estimated values is promising. However, due to time-related
difficulties in data acquiring the model is not yet adapted to the real world values. This paper covers only the buildingup of an agent-based model for a development in the past. This model was not yet employed for forecasts or marketing
mix analysis. These are possible topics for further research. Overall, despite some downsides the potential for future
research is apparent.
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