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ABSTRACT 

Agent-based simulation is increasingly used to study sys-
tems in many areas of business and science. Using agent-
based simulation for prediction could be very valuable. 
However, these models usually have many parameters 
which are difficult to measure directly leading to uncer-
tainty as to the best values to use. It is very important to 
consider the alternative feasible sets of parameter values, 
otherwise the modeling results could be misleading. A 
method is described to take account of this when making 
predictions and was applied to an agent-based word of 
mouth consumer model. The result was a wide prediction 
range indicating the limitations of using such a model for 
predictions. The method could also be applied in other 
situations. 

1 INTRODUCTION 

In recent years agent-based (or individual-based) simula-
tion has received a lot of attention. Agent-based simulation 
refers to simulations of systems that contain agent entities 
whose behavior depends dynamically on the state of the 
system. This enables the agents to adapt their behavior to 
changing conditions.  

There is no standard definition of an agent. Some defi-
nitions list a set of properties but a better approach is per-
haps simply to say that an agent is an entity for which 
some cognitive process is modeled (Edmonds and Mohring 
2005). The internal rules that represent the cognitive deci-
sion process can vary from a simple function of the inputs 
received to very complex rules incorporating various inter-
nal state parameters including a representation of the 
agent’s worldview of some part of the environment. In 
some cases the rules can change during the simulation to 
represent learning. The number of agents modeled can also 
vary from an individual agent through to a large popula-
tion. Populations are usually heterogeneous with individual 
agents having different parameters or even quite different 

rules (e.g. different trading strategies in a stock market si-
mulation). Interactions between the agents are usually a 
key part of the behavior of the system. A very wide variety 
of applications have been studied using agent-based simu-
lation including stock markets, auctions, the spread of dis-
ease, ecosystems, military battles, crowd dynamics, sports 
games, transport, social behavior, social networks, the de-
velopment of technology, and consumer market behavior 
(such as fads). 

Elements of cognitive processes have often been in-
cluded in discrete event simulation (such as the decisions 
of customers as to which queue they join) and therefore 
agent-based simulation is not a completely new type of 
modeling. Novelty in agent-based simulations can lie in the 
complexity of the rules of behavior, in the size of the popu-
lation, or in the application of simulation to new situations. 
One of the causes of the greater use of agent-based simula-
tion is that increasing computing power now makes such 
simulations feasible. There is also an appreciation that for 
some systems an agent-based approach may be necessary 
in order to capture the dynamics of the system.  

Much of the agent-based simulation work has had the 
aim of increasing the understanding of the type of system 
rather than trying to reproduce a specific situation. Such an 
approach can potentially be valuable in producing impor-
tant new insights and improving understanding. For some 
applications, using agent-based simulation for prediction 
(rather than just better understanding) could be very pow-
erful. For example, a company might wish to use a model 
of the population of their customers with word of mouth 
interactions to predict the sales of their product or the ef-
fect of an advertising campaign. However, the problem is 
that agent-based models typically have a very large number 
of parameters and many of these cannot be measured di-
rectly or estimated with sufficient precision. The only other 
information available may be historical output data from 
the real system. Such data can be used to calibrate the 
model by finding parameter values that produce a good fit 
with the data. This is an inverse problem since it consists 
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of using the outputs to determine the inputs. The problem 
is that there will usually be many solutions because there 
are many parameters and few historical data values and be-
cause any model that produces a good fit should be consid-
ered acceptable. A perfect fit is not expected because any 
simulation is a simplification of the real system and also 
there may be measurement errors in the historical data. The 
result is that a wide range of sets of parameter values may 
give an acceptable fit and are therefore feasible values. 
However, they may give quite different predictions.  

The inverse problem has been studied in other areas of 
science including groundwater modeling (Yeh 1986). 
Brooks et al. (1994) set out an approach to find the range 
of predictions of a groundwater model from alternative 
feasible calibrations that was applied to a model of the 
Birmingham aquifer in the U.K.. The method involves set-
ting a fitness measure, a critical value of the fitness meas-
ure that defines an acceptable fit, and a prediction measure. 
Searches are then made across the parameter space that aim 
to find the highest and lowest predictions for those parame-
ter values giving an acceptable fit. The results for the Bir-
mingham aquifer model were quite a wide range of predic-
tions and since this was a risk assessment exercise the most 
pessimistic results were likely to be the most relevant. The 
groundwater model was a deterministic model and so the 
method needs to be adapted to be applied to stochastic 
agent-based models. 

The aims of the study described here were to develop a 
plausible agent-based model of word of mouth marketing, 
to extend the Brooks et al. (1994) methodology to stochas-
tic models and to apply the methodology to the agent-
based model to investigate the seriousness of the calibra-
tion problem in this case.  

2 METHODOLOGY 

The approach used in the study was to develop an agent-
based model and to treat this model as the real system. 
Output data from this model was then taken as measured 
values from the real world and, in a pseudo-modeling exer-
cise, used to calibrate an agent-based model of the system. 
The advantage of such a pseudo-modeling exercise is that 
the “real system” is completely known. Consequently, the 
models’ predictions can be compared with the “true” future 
values, and the precise differences between the model and 
the real system are also known. In this case, the same mod-
el design was used for the “real system” and the model. In 
other words, the model structure here exactly matches that 
of the real system. This is clearly an idealized situation 
since in a real study the simulation model would be a sim-
plification of the real world and the structure of the real 
world would not be fully known. However, the advantage 
of this approach is that the uncertainty in the predictions is 
then entirely due to the nature of the calibration process ra-
ther than any differences between the way the model and 

the real system work. This allows the study to isolate this 
effect which would not be possible if an actual real world 
system was used. 

3 SIMULATION MODEL DESIGN 

The application chosen for the research was a consumer 
word of mouth model. The type of product we had in mind 
when constructing the model was one with a fairly short 
life cycle, with a high likelihood of the passing of informa-
tion and opinions between consumers by word of mouth, 
and that is purchased as a one-off item (rather than a re-
peated purchase). Examples would include a computer 
game, a music album or a cinema ticket for a particular 
film. The population represented might be school or uni-
versity students.  

Other studies that have investigated word of mouth 
consumer behavior include Baxter et al. (2003), who inves-
tigated the impacts of customer relationship management 
(CRM) strategies, and Kijima and Hirata (2004) who 
looked at the effect of different network structures. The 
agents in the Baxter et al. (2003) model have perception 
values for the price and quality of the product, although de-
tails of the way that perceptions were allocated and how 
they changed during the model run are not provided in the 
paper. In the Kijima and Hirata (2004) model the agents 
have an enthusiasm parameter (which equals the probabil-
ity of making a purchase) being a weighted sum of various 
attributes of the product adjusted by the reliability of the 
information obtained from other agents and the attitude to 
risk of the agent. Agents are only able to pass information 
to other agents for a limited period after finding out about 
the product, based on the SIR (susceptible / infected / re-
moved) approach used in modeling disease transmission.  

The literature therefore provides very limited informa-
tion and no consensus as to the best way to model a con-
sumer market with word of mouth interactions. Instead, the 
attributes of the agents and the interactions between agents 
in our model are based on our subjective views of the im-
portant factors in the real world, whilst trying to keep the 
model structure as simple as possible and the number of 
variables as small as possible.  

In our model, each agent has state variables for both 
knowledge and preference, whose values change during the 
simulation. As explained later, preference is partly a func-
tion of knowledge. The state variables are: 

• Knowledge (K): How much information the agent 
knows about the product (value between 0 and 
100). 

• Preference (P): How much the agent likes or dis-
likes the product (value between -100 and 100 
with positive values indicating like). 

Therefore, the state of the model at any point in time 
during the simulation run is the K and P values of all the 
agents. The agents also have three fixed attributes assigned 
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at the start of the simulation, with the values selected at 
random for each agent from probability distributions (nor-
mal distribution denoted by normal(mean, standard devia-
tion): 

• Influence (I): Represents the agent’s social stand-
ing within the population (normal(10,3) restricted 
to the interval [0, 20]). 

• Unbiased true preference (U): Represents the pre-
ference that the agent would have about the prod-
uct with complete knowledge in the absence of 
peer pressure (U+: 90% probability of selection 
from normal(75,15) restricted to [35, 95], U-: 
10% probability of a negative U selected from 
normal(-75,15), restricted to [-95, -35]). 

• Buying criterion (B): The preference value at 
which the agent buys the product. This represents 
different attitudes regarding purchasing behavior 
from cautious to free spending (normal(65,10), re-
stricted to the interval [0, 100]). 

The general willingness to adopt new products is rep-
resented by the B parameter, whereas U is the inherent at-
tractiveness of this particular product to the agent, and I 
enables agents to have different levels of influence. The 
agent buys the product when its P value is greater than or 
equal to its B value. In modeling knowledge (K) and pref-
erence (both P and U) it was not considered necessary to 
divide up these variables according to separate attributes of 
the product.  

The population of agents simulated was 500 and 
agents were allocated to social groups of between 2 and 8 
members representing close friends. The probability of 
talking to each other member of the group each day, T, was 
set at 0.1. Agents also lose a percentage of their knowledge 
each day with the value of this parameter, L, being set at 
1%. There were a total of 5 interactions between agents 
each day outside the social groups. 

The interactions simulated in the model are conversa-
tions between agents about the product, interactions be-
tween agents and the environment (with independent 
sources and company sources treated separately) regarding 
the product (representing seeing the product in the shops, 
seeing adverts or reading media articles), and agents buy-
ing the product. The model also has fixed parameters for 
the knowledge, preference and influence of the company 
and independent sources of information as well as prob-
abilities for the agents receiving information from these 
sources. The initial probability of each agent receiving in-
formation from the environment is a random value from 
the uniform(0,E) distribution (with the value of E set at 
0.25), with 80% of these messages being from the com-
pany and 20% from independent sources.  

For simplicity, it is assumed in the model that only 
pairwise interactions between two parties take place. The 
model structure is based on the assumption that exchanges 
regarding the product are a combination of raw information 

(i.e. facts about the product) and an influence on preference 
through peer pressure. 

Fixed equations are used for the interactions (both in-
teractions between agents and between agents and the envi-
ronment), and the forms of the equations for agent a inter-
acting with agent / environment b are as follows: 

Change in knowledge due to the interaction:  
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Effect on preference of peer pressure:  
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where  is a uniform(0.01, 0.15) random variable, and 
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Increase in knowledge when product is bought:  

 ( )1005.0 += old
a

new
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In each of these interactions the agents may increase 

their knowledge K value, representing gaining information 
about the product (Equation 1). The change in knowledge 
depends on the existing knowledge of both parties. The 
gain in knowledge is the proportion of knowledge not 
known by the agent multiplied by the knowledge of the 
other party multiplied by . For example if the agents 
knowledge is 70 then they will gain 0.3  of the other par-
ty’s knowledge. This reflects that even if the other party 
knows less than the agent they will still probably have 
some different knowledge. 

Whenever an agent’s K value changes (whether gain-
ing or losing knowledge) this changes its P value as a func-
tion of the U value (Equation 2). The underlying assump-
tion is that, in the absence of peer pressure, P = U × K/100 
(i.e. a linear relationship between P and K). Therefore, an 
increase in knowledge increases the preference by a pro-
portion of the U value (with an adjustment to take account 
of existing peer pressure). 

The preference P value will also change due to the in-
fluence of the preference of the other agent (peer pressure) 
or the environment (e.g. the opinion in a magazine review) 
(Equation 3). The strength of both of these interactions de-
pends on the relative knowledge and influence (the I val-
ues) of the two parties. 

The agent buys the product when its preference P val-
ue reaches its buying criterion B value. This increases the 
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knowledge of the product by half the current lack of know-
ledge (Equation 4). As is the case with any change in 
knowledge, Equation 2 is then used to change the agent’s 
preference. 

At the start of the simulation all the agents have no 
knowledge and no preference about the product since it is a 
new product. However, the company conducts an initial 
marketing campaign and the agents may also see the prod-
uct in the shops or read about it in the media. These inter-
actions enable the agents to gain knowledge and change 
their preference in the initial stages of the simulation. The 
limited time of the campaign was modeled by the probabil-
ity of receiving outside information being reduced linearly 
down to 25% of the initial value for each agent over a pe-
riod of 75 days. 

The above values for the parameters were set so that 
the model gave plausible results as the “real system”. The 
model was run 1000 times and this was assumed to repre-
sent the total population (e.g. 1000 schools). Figure 1 
shows the product life cycle of average sales per day for 
the 1000 runs. The model behavior was also investigated 
through sensitivity analysis on the parameter values. 
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Figure 1:  Product life cycle for “real system” 

4 CALIBRATION AND PREDICTION 

The scenario investigated in the research was that the cur-
rent time is several weeks after the product was launched. 
Data for the total sales to date have been collected and 
provide the best available data to use for calibration. The 
company wishes to use an agent-based model to predict the 
total sales of the product and so the model should match 
the sales to date and needs to forecast the final sales. The 
sales values are expressed throughout as the mean number 
of items sold per population of 500 agents. The real system 
was assumed to consist of 1000 such populations and so 
the “observed” values were obtained by an average of 1000 
runs of the “real system” model. This gave a true final 
sales value of 124 (i.e. 24.8% of the population). 

As explained in section 2, the model is the same as the 
model used for the real system. However, six of the pa-
rameters were assumed to be unknown and unmeasurable 
and so had to be determined through calibration. These pa-
rameters were the mean values of the normal distributions 

for U+, U-, and B, the upper limit of the uniform distribu-
tion for receiving information from the environment E, and 
the fixed values for T and L (section 3). All other parame-
ter values were the same as for the “real system” model. 

A calibration method similar to that of Brooks et al. 
(1994) was used (section 1). This required setting a fitness 
measure and a critical value that defines an acceptable fit. 
In this case a single data value is available (total sales to 
date) and the measure needs to take account of the stochas-
tic nature of the model. The choice of fitness measure is 
subjective and needs to reflect the desired accuracy of the 
model. The measure chosen here was the difference be-
tween the 95% confidence interval from 100 replications of 
the model for average sales to date per population and the 
actual value, with an acceptable fit being that the distance 
is 0 (i.e. the actual value lies within the interval). Using a 
large number of replications makes this quite a strict meas-
ure since the confidence interval is likely to be quite nar-
row. A fitness function F was defined to implement this 
which takes the value of 0 if the true value is in the interval 
and 10 + the absolute difference between the true value and 
the interval if it is not in the interval. The prediction meas-
ure is simply total sales per population.  

The aim of the calibration process is to find the highest 
and lowest total sales amongst the parameter values that 
meet the fitness criterion. There is no method that guaran-
tees to find a global optimum for a complicated function. 
Instead, the approach followed was to run the model for a 
grid of three values for the six parameters (i.e., 36 = 729 
points in total). 100 replications were done for each point 
and the average sales for the initial period and the average 
total sales calculated. Then several local searches were car-
ried out from different starting points on the grid and the 
extreme values from the local searches gave the prediction 
range. The starting points for the local searches were the 
points with the highest sales, lowest sales, three highest 
sales with fitness 0, three lowest sales with fitness 0 and 
the default parameters. The Nelder-Mead Downhill Sim-
plex (Nelder and Mead 1965) was used as the local search 
method with an objective function to minimize eF + S, or 
eF – S where S is the total sales. The local searches only 
used 10 replications so as to reduce the run time required 
(which was still considerable even on a high performance 
cluster). However, once the search appeared to have con-
verged, the search was continued with 100 replications un-
til a point was found that met the fitness criterion. The final 
prediction range was the extreme values from the 95% 
confidence intervals for total sales from the 100 replica-
tions. 

The calibration method was applied to four scenarios 
that differed only by the length of the initial period with 
the lengths being 70, 105, 140 and 175 days. The total 
sales to date used for calibration for these four initial peri-
ods were 24.4, 63.8, 86.5 and 99.0 respectively. For each 
scenario a contour map of F was plotted by combining U+, 
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U- and B into one variable and E, T and L into another va-
riable. These appeared to indicate that in each case there 
are several disjoint regions of acceptable fit (F = 0) in quite 
different regions of the parameter space. The results of ap-
plying the calibration method were very wide prediction 
ranges for all four scenarios, being [58, 376], [79, 319], 
[91, 277], [109, 187] respectively, and these are shown in 
Figure 2. Therefore, even though the model structure was 
correct, only six parameters were treated as unknown and a 
fairly strict fitness function was used, the prediction range 
is so wide for each scenario that it would provide very little 
useful information. This is due to the uncertainty of the 
values of the parameters obtained by calibration. 
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Figure 2:  Product life cycle for “real system” 

5 CONCLUSIONS 

When some of the parameter values of a simulation model 
are obtained by calibration it is possible for quite different 
sets of parameter values to provide an acceptable model fit. 
However, the predictions of these different sets may vary 
considerably. It is therefore important not to use a single 
set of parameter values as the predictions could be inaccu-
rate and misleading. A methodology for obtaining a predic-
tion range in this situation has been set out and applied to a 
agent-based word of mouth consumer simulation model. 
The result was a very wide prediction range.  

Future experiments could examine many other scenar-
ios. This could include alternative fitness measures such as 
using weekly sales to date rather than total sales (although 
this may not make much difference as the values would be 
correlated). It could also include scenarios where the 
model structure is different to the “real system” model. The 
methodology could also be applied to modeling studies of 
an actual real system  

The issue examined here applies to any simulation 
model in which the parameter values cannot be measured 
directly and have to be determined by calibration. How-
ever, it is particularly relevant for agent-based simulations 
because in many cases they model aspects of human char-
acteristics and behavior on which it is very difficult to ob-
tain data. This may therefore limit the usefulness of such 
models for prediction.  
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