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ABSTRACT
To ensure long-term security of energy supply and to mit-
igate climate change, sustainable low-carbon alternatives
to fossil fuels are needed. Second generation biomass-
to-liquid biofuels provide such an alternative and are
widely considered a promising technology that may over-
come the environmental and economic problems associ-
ated with first generation biofuels. In Austria, a research
group at the Vienna University of Technology is devel-
oping such a biofuel based on Fischer-Tropsch synthesis.
While the remaining technical challenges are expected to
be overcome in due time, the market introduction also
requires substantial investments. In this work, we intro-
duce an agent-based simulation model that can provide
potential investors with forecasts for the biofuel’s market
diffusion. The model considers initial and repeat pur-
chases, multiple competing products, and the spatial dis-
persion of both consumers and potential points of sale.
Given limited production capacity, the latter feature sup-
ports decision makers in choosing (initial) points of sale
with respect to rich sources of biomass as well as the ge-
ographic concentration of consumers.

INTRODUCTION
Concerns over price and long-term supply of oil as
well as the considerable environmental impact of fos-
sil fuel use have led to surging interest in alternatives
to petroleum-based transportation fuels. This issue has
become particularly pressing because carbone dioxide
(CO2) emissions have to be drastically reduced in order
to mitigate climate change (O’Neill et al., 2010). Note
that currently the combustion of transportation fuels ac-
counts for more than 20% of net CO2 emissions in the
EU, with strong upward emission trends (European En-
vironment Agency, 2008).

In the long run, hydrogen-powered, plug-in hybrid
and electric cars may provide a low-carbon alternative
given that production of hydrogen and electricity is de-
carbonised. In the short run, however, substitutes for fos-
sil fuels have to ensure full compatibility with the ex-

isting petrol infrastructure in order to become adopted
by a considerable share of consumers. Second genera-
tion biofuels gained from biomass-to-liquid (BTL) pro-
cesses based on the Fischer-Tropsch (FT) synthesis, such
as the biofuel “BioFiT” that is currently under develop-
ment at the Institute of Chemical Engineering at the Vi-
enna University of Technology (Fürnsinn, 2007), consti-
tute a particularly interesting alternative since they are
not only fully compatible with the existing infrastructure
(thus eliminating technical barriers to their adoption), but
they can also use a wide range of inputs such as wood,
sawdust, switchgrass, and agricultural residues and by-
products. Thereby, they overcome many issues associ-
ated with the agricultural production of first generation
biofuels, including reservations concerning their overall
carbon advantage (Fargione et al., 2008), negative impact
on water resources (Logan, 2008) and biodiversity (In-
derwildi and King, 2009), unfavorable net energy return
(Pimentel and Patzek, 2005), and the increased competi-
tion for land, which may exacerbate food security issues
in the developing world (Inderwildi and King, 2009). At
present, the application case biofuel is produced on a lab-
oratory scale (Hofbauer et al., 2005). Industrial scale
up and market introduction are expected within the next
three to five years. This paper addresses the question
whether or not and how fast the novel BTL-FT biofuel
would be adopted by consumers.

So far, innovation diffusion research has investigated
various factors that determine the speed and degree
with which new products, practices, and ideas propagate
through a society (Rogers, 2003). In his seminal con-
tribution, Bass (1969) introduced a mathematical model
of the innovation diffusion process on an aggregate level
and provided a closed formula describing the effects of
(external) mass communication and (internal) word-of-
mouth communication on the diffusion process. The
Bass model has been extended in several respects later
on (cf., e.g., Robinson and Lakhani, 1975; Easingwood
et al., 1983; Norton and Bass, 1987; Jain and Rao, 1990;
Bass et al., 1994). However, none of these approaches
takes the individual characteristics of consumers into ac-
count and they thus widely neglect consumers’ hetero-
geneity with regard to preferences and behavior.

By contrast, agent-based models (ABMs) account for
the consumer’s individual decision-making and model
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the diffusion as an aggregate process of individual adop-
tion decisions. The main merit of such an approach
lies in its capability to capture the complex structures
and dynamics of diffusion processes without knowing
the exact global interdependencies (Borshchev and Fil-
ippov, 2004). Moreover, an agent-based approach makes
it possible to account for micro-level drivers of innova-
tion adoption by modeling how consumers’ attitudes and
behaviors are affected by, for instance, the perception of
product characteristics or information exchanged in a so-
cial network.

In this paper, we discuss the design and implementa-
tion of an ABM for simulating the diffusion of a second
generation biofuel on the Austrian market. Our paper’s
contribution with respect to methodological advances is
threefold. First, in contrast to other innovation diffusion
models that are typically concerned with initial adoption
only, our model explicitly considers both initial and re-
peat purchases. This expanded focus becomes particu-
larly relevant when modeling the diffusion of frequently
purchased products such as fuel.

Second, our model considers multiple competing
products and, thus, is not limited to applications in which
no preexisting substitutes are available. This innovative
feature is essential when simulating the diffusion of a
second generation biofuel.

Third, space is modeled explicitly, which is a distin-
guishing feature compared to many other ABMs of in-
novation diffusion, including a previous version of our
model (Kiesling et al., 2009). An explicit spatial model
enables us to model a geographically dispersed social
network and to explicitly consider multiple points of sale
(POS) and their locations.

From an application point of view, we provide deci-
sion makers with insights into the marketability of an in-
novative biofuel, enable them to assess the effectiveness
of various pricing strategies, and provide them with a tool
for selecting the points of sale at which the biofuel should
be made available.

The remainder of the paper is structured as follows.
The next section introduces our agent-based model.
Then, we discuss the design of the simulation study and
present results of selected simulation experiments. Fi-
nally, we summarize key findings and provide sugges-
tions for further research.

AGENT-BASED MODEL

Agent-based modeling has been used widely in innova-
tion diffusion research (Garcia, 2005). Typically, ABMs
proposed in the literature (Delre et al., 2007a,b; Schenk
et al., 2007; Schwoon, 2006) divide time into periods
(i.e., they follow a discrete time approach). Our model,
by contrast, conceptually treats time as continuous and is
thus based on a discrete event approach. Accordingly,
we use continuous interarrival time distributions (e.g.,
Poisson processes) for events and thus avoid the prob-
lem of determining the sequence of events scheduled for

the same time period. Furhtermore, the approach allows
for more general models without a loss in computational
efficiency.

In the following section, we outline the major model
elements, describe the spatial model, and discuss our
modeling of agent behavior before concluding this sec-
tion with comments on implementation issues.

Model elements
Products Each product is characterized in terms of
multiple attributes such as price, quality, or environ-
mental friendliness. We assume that consumers do
not generally know the “true” product attribute values
with certainty, but rather estimate product characteristics
based on the limited local information that they possess.
This information may stem from two separate sources,
namely (i) the estimations of other consumers as ob-
tained through word-of-mouth and (ii) personal experi-
ence. The degree to which consumers can draw upon
the latter source may, however, be limited for certain at-
tributes due to the fact that not all of a product’s char-
acteristics can be easily evaluated by using it. For in-
stance, a consumer is unlikely to be able to precisely
assess a fuel’s combustion properties or environmental
impact. In order to incorporate these limitations, we in-
troduce an attribute-specific observability parameter that
controls the influence of personal experience on the for-
mation of product attribute estimates.

Points of sale We focus on the diffusion of innovations
that belong to the category of frequently purchased goods
being distributed by means of physical POS. Each POS
is characterized by a location and a product range.

Consumer agents Consumers form the pivotal ele-
ments of the model. In contrast to aggregate models of
innovation diffusion, ABMs recognize consumers as in-
dependent entities with heterogeneous preferences that
are capable of learning and adapting their behavior. In
our model, each consumer agent is characterized by a
number of individual parameters, most importantly par-
tial utility functions for each product attribute and an “in-
novativeness threshold”. The latter parameter is used
to incorporate individualized adoption behavior based
on the concept of innovativeness (Rogers, 2003): some
agents are willing to adopt the innovation once its utility
exceeds that of existing alternatives, whereas others will
not purchase the new product before they are completely
convinced that it offers considerable advantages. For the
application case presented in this paper, additional pa-
rameters that characterize the agent’s mobility behavior
are also taken into account.

Social network Social interactions play a crucial role
in the spread of innovations across societies (Alkemade
and Castaldi, 2005; Deffuant et al., 2005). ABM ap-
proaches allow for an explicit micro-level representation



of these interactions. In our model, consumer agents are
embedded in a social network that represents commu-
nication links between individual members of the social
system. The algorithm used for constructing this social
network is covered in the following section. An arrival
process is attached to each link in the network and used
to generate communication events. We applied a Poisson
stream in all our experiments to reflect our assumption of
exponentially distributed interarrival times for communi-
cation events.

Spatial model
In our spatial model, both consumer agents and POS are
embedded in geographic space. Consumer agents are
distributed according to a region’s measured population
density; POS are placed according to their actual geo-
graphical location.

Once consumer agents have been assigned a geograph-
ical location, the next step is to construct links among
them to create a network. The algorithm used to gener-
ate the synthetic network should reproduce characteristic
features of real world social networks, including (i) small
diameter, (ii) high clustering, and (iii) scale-freeness.

Small diameter is the property that the largest num-
ber of links on the shortest path between any two
nodes is small; more specifically, the diameter of small-
diameter networks scales logarithmically with the num-
ber of nodes. This distinct feature of social networks has
been demonstrated in many empirical studies since Mil-
gram’s famous experiment first showed that any two per-
sons in a society are separated by an average distance of
about six steps (Travers and Milgram, 1969).

Next, social networks tend to be highly clustered,
which means that A being linked to B as well as to C
implies a strong likelihood that C is also linked to B.
Networks that are both small in diameter and highly clus-
tered are called ‘small-world’ networks (Watts and Stro-
gatz, 1998).

Finally, a notable characteristic of many real world so-
cial networks is the relatively high number of nodes with
a degree that greatly exceeds the average (where “de-
gree” refers to a node’s number of links). This corre-
sponds to the notion that some people have a much larger
number of acquaintainces than others. More specifi-
cally, many (but not all) social networks show the scale-
freeness property (Sen, 2006), i.e., the probability P (k)
that a node in the network is connected to k other nodes
decays as a power law (Barabási et al., 1999).

Several generative models that mimic these proper-
ties of real networks have been suggested in the liter-
ature. The small-world model proposed by Watts and
Strogatz (1998) generates networks that exhibit small di-
ameter and high clustering. However, they are typically
not scale-free.

Barabási et al. (1999) proposed an evolving model
based on a preferential attachment mechanism. In this
model, one starts with a few nodes linked to each other.
Nodes are then added one by one and attached to existing

nodes with probabilities according to the degree of the
target node. Therefore, the more connected a node is, the
more likely it is to receive new links. The resulting net-
works are scale-free, but typically not highly clustered.

Successful approaches to capture all the desirable fea-
tures in a single model have been proposed later on (e.g.,
Dorogovtsev et al., 2002). Our simulation model uses
a social network model that is defined in geographical
space. Since people in the same locality are typically
more likely to know and influence each other (Latane
et al., 1995), the spatial distance between nodes needs to
be accounted for when constructing links. Therefore, we
use an Euclidean network model (Manna and Sen, 2002;
Yook et al., 2002) in which the usual attachment proba-
bility in the Barabási and Albert model is modulated by
a factor related to the geographical distance of the two
nodes. Each node is added one by one and connected
to its ith predecessor of degree ki with a link of length
` using a probability proportional to kβi `

α. For a limited
range of parameters α and β, this model exhibits all three
characteristic features mentioned above (Sen and Manna,
2003). In our implementation of the model, we do link
each incoming node not only to a single, but to n existing
nodes.

Model behavior
Several micro-level mechanisms determine the emergent
macro-level behavior of our model, namely communica-
tion events, need events, and experience events.

Communication events are generated and scheduled
with respect to the arrival processes attached to each edge
in the social network. Whenever two agents communi-
cate, they may discuss multiple attributes of a single or
multiple products. By doing so, they exchange their re-
spective attribute value estimations, which are based on
both information obtained in prior communications and
personal experience. In the following, we will call each
combination of attribute and product (e.g., “quality of
conventional fuel” or “environmental friendliness of the
second generation biofuel”) a “topic”.

Before actually exchanging information, the two
agents decide on the topics to discuss by randomly
choosing from the sets of products and attributes they
are currently aware of. The selection probability of each
topic corresponds to the agents’ preferences for the re-
spective attribute, since consumers are expected to more
often talk about attributes that are important to them than
about those playing only a minor role in their individual
purchase decisions.

Then, a random number of topics is drawn from the
union of the topics chosen individually by each agent to
finally establish a set of topics for the communication
event. For each of these topics, agents exchange their
current estimate (i.e., the expected value based on the in-
formation available) of the respective product attribute
valuation. The information received is weighted with a



credibility parameter that may vary for different commu-
nication partners. This parameter is not necessarily sym-
metric, i.e., it can be set individually for each end of a
bidirectional link connecting acquaintances. Its interpre-
tation is related to the concept of trust, since a receiver
will more likely believe the information obtained from a
highly credible source. In the context of our model, for
example, it is possible to regard a source (e.g., an expert)
as particularly credible with respect to a specific issue
without having a particularly high level of interpersonal
trust. We therefore use the term credibility and define it
broadly in the sense of “influence”, rather than as an at-
tribute describing the “quality” of the relationship. An
exponential factor is applied with the effect that the im-
portance of old information gradually decays as new in-
formation arrives.

Furthermore, consumers learn about new products by
communicating with agents that are already aware of
these products, given that the respective product is cho-
sen as a topic. Finally, when attributes an agent was
previously unaware of occur in the list of topics, agents
widen the set of attributes that they consider when mak-
ing purchasing decisions. This mechanism incorporates
the effect that innovations may change the way products
are evaluated. As an illustrative example, consider the
attribute “reduction in gas consumption” of a novel fuel.
This is not an attribute that was typically considered by
buyers of conventional fuel, but it may become impor-
tant as soon as fuels with varying characteristics in this
respect (such as premium fuels or our application case
biofuel) are available.

Need events arise whenever a consumer agent requires
the supply of a product. Since our diffusion model deals
with products that are consumed on a regular basis, these
events are generated repeatedly according to an arrival
process that is parameterized individually for each con-
sumer agent. In our application case, we use information
on tank size, fuel consumption, and mobility behavior
obtained from real consumers for parameterization of the
agents’ arrival processes.

The purchasing process triggered by a need event can
be divided into four distinct phases, namely (i) point of
sale selection, (ii) evoked set construction (cf. Narayana
and Markin, 1975), (iii) expected utility calculation, and
(iv) final purchase decision.

In the first phase, the consumer agent decides at which
POS it will make the purchase. For frequently purchased
consumable products like fuel, it is reasonable to assume
that the POS is selected first and the decision which prod-
uct to purchase is made at the POS. It is also assumed that
consumers tend to visit only a small number of POS on a
regular basis. Accordingly, a history list is kept for each
agent. Each time a need event arises, it is determined
whether the POS is chosen from the history or, alterna-
tively, from the set of all POS, using a fixed probability
parameter. In the latter case, the probability of being se-
lected is inversely proportional to the distance between

the POS and the agent’s home location to which an expo-
nential weighting factor is applied.

In the biofuel application case, it is assumed that once
a need for fuel arises, it is always satisfied by purchasing
one of the fuels available at the POS. Given the relative
inelasticity of short-term fuel demand, it is also reason-
able to assume that minor variations in price do not cause
immediate changes in an agent’s mobility behavior (for a
discussion cf. Goodwin et al., 2004).

Next, the consumer agent selects a subset of products
that are considered for purchase based on the agent’s lim-
ited information. For a product to be considered by an
agent, it is necessary but not sufficient that the agent is
aware of it at the time of purchase and that it is fur-
thermore available at the POS. Additionally, the expected
utility of the new product may be required to surpass that
of the highest-valued existing alternative product by an
agent-specific threshold. This mechanism integrates the
concept of innovativeness, which is defined as the “de-
gree to which an individual or other unit of adoption is
relatively earlier in adopting new ideas than other mem-
bers of a social system” (cf. Rogers, 2003, p. 22). In
our model, the expected increase in utility required for a
new product to be considered for purchase is heteroge-
neously distributed among the population of agents fol-
lowing Roger’s partitioning into five discrete categories:
innovators, early adopters, early majority, late majority,
and laggards. For innovators, who are characterized as
venturesome, the new product consideration threshold
parameter will be low or even negative (which implies
that innovative products are considered by them even if
they provide a lower utility than existing products). For
laggards, by contrast, who are characterized as traditional
and suspicious of innovations, this parameter is set to a
high value.

In the third phase, a utility value is calculated for each
product in the evoked set. Based on the agent’s current
estimation of each product attribute and the individual
preferences regarding the respective attribute, partial util-
ities are obtained for each attribute. While in principle
various types of utility functions may be modeled, in our
experiments we used a simple additive form and relied
on preference data obtained by means of a conjoint anal-
ysis. The partial utility values from the conjoint analysis
are interpolated to form piecewise linear utility functions
for each attribute. Thus, the total utility can be calculated
by summing up partial utilities over all of the attributes
an agent is aware of.

Finally, a random error is added to the utility of each
alternative to model possible mistakes by the consumer,
and the final purchase decision is made by selecting the
alternative that provides the higher total utility.

Experience events reflect that consumers may obtain
information about the characteristics of a product while
consuming it, which may alter their notions of the prod-
uct. In our simulation experiments, a single experience
event is scheduled each time a purchase takes place in



the interval between the time of purchase and the next
refueling stop.

Personal experience yields new information regard-
ing the estimated attribute values of the purchased prod-
uct. The “amount” of information obtained depends
on the observability of the respective attribute, since
some product characteristics can be estimated more eas-
ily and directly than others. Analogously to the cred-
ibility factor used for weighting information obtained
through word-of-mouth communication, observability is
used as a weighting factor for new information obtained
through personal experience. The ratio of these two fac-
tors therefore determines the proportion of influence of
word-of-mouth and personal experience. However, while
credibility is defined for each communication endpoint
irrespective of attributes, observability is defined on a
per-attribute basis.

Implementation issues
A formal definition of the simulation model described in
the previous section was set down in a detailed speci-
fication document, which served as a basis for imple-
mentation in Java. Since a complete description of the
simulation’s software architecture goes beyond the scope
of this paper, we will focus on how we addressed spe-
cific challenges that arised in the implementation of our
agent-based discrete event model described in the previ-
ous section.

First, the modeling approach necessitates efficient
means for maintaining and processing a list of scheduled
events in order for the simulation to be computationally
feasible. We decided to rely on the mechanisms provided
by MASON (Luke et al., 2004), a fast discrete-event mul-
tiagent simulation core written in Java that also provides
a fast Mersenne Twister (Matsumoto and Nishimura,
1998) implementation for pseudo-random number gen-
eration.

Second, probability distributions are used extensively
in our model, e.g., for specifying interarrival times of
events. We relied upon the Cern Jet library (http:
//acs.lbl.gov/˜hoschek/colt/) to incorpo-
rate various types of distributions in our implementation.

Third, recording all simulation events results in the
generation of a considerable amount of data that needs
to be discretized and analyzed across simulation runs.
To this end, we used a flexible logging facility (Apache
log4j, http://logging.apache.org/log4j/)
to produce both comma separated output and optional
human readable textual log files. We then used Gnu R
to analyze and plot the resulting data.

Fourth, verification of micro-level mechanisms is cru-
cial in agent-based simulation, since implementation er-
rors cannot be easily detected in the simulation’s emer-
gent macro-level output. We therefore conducted ex-
tensive unit tests of major mechanisms such as con-
sumer agent class methods using jUnit (http://www.
junit.org/).

Finally, we used geotools GIS toolkit

(http://geotools.codehaus.org/)
for the geographic model implementation and
the Java Universal Network/Graph Framework
(http://jung.sourceforge.net) for repre-
senting, visualizing, and analyzing the social network.

SIMULATION EXPERIMENTS

Data acquisition
Potentially relevant product attributes were identified
during a thorough discussion with our project partner
from the Vienna University of Technology. This tech-
nically oriented perspective was complemented with a
consumer-oriented view obtained from participants of a
focus group. The relevant attributes identified in the fo-
cus group were then tested by means of a pre-study with
a non-representative convenience sample of 1,000 sub-
jects.

Finally, we commissioned a market research firm to
conduct an online survey with 1,000 consumers who
were representative for the Austrian market with respect
to demographic characteristics such as age, gender, and
geographical dispersion. In order to elicit individual con-
sumer preferences, we performed an adaptive conjoint
analysis which involved ten paired comparisons of fu-
els composed from the following attributes and their re-
spective levels: (i) quality (standard or premium), (ii)
environmental friendliness (standard or high), (iii) price
(e 1.0,1.1, 1.2, 1.3 or 1.4 per liter, with a reference price
for the conventional fuel of e 1.0), (iv) fuel brand (no
brand or branded fuel), (v) fuel consumption (equal, 5 %
less, or 10 % less than the conventional fuel), and (vi) raw
material (crude oil or biomass).

Utility functions for each of the six product attributes
were constructed for each individual respondent using
partial utility values obtained via a linear programming
formulation of the choices provided in the conjoint anal-
ysis and interpolating them where needed. In the sur-
vey, we also collected individual-level data on tank size,
mileage, and average range per filling, which was used to
determine the respective parameter values for the simula-
tion. Furthermore, subjects were asked about frequency
and interlocutor of communication about fuels in order
to adequately model interaction in the social network.

The data collected from each respondent was used
to initialize ten identical consumer agents; thus, a total
number of 10,000 agents were initialized and distributed
in geographical space based on Austrian population den-
sity data. More specifically, a 13,997 cell population
raster (based on 2001 census data) with a cell size of
2.5km was used. Agents were assigned to cells with a
probability proportional to the relative share of the total
population in the respective cell and positioned randomly
within the target cells.

Based on information obtained in the pre-study and
thorough discussions with a sociologist involved in the
project, we set social network generation parameters α =
−5, β = 1, and n = 3 for our simulation experiments.



Figure 1: Social network used in the simulation experiments

The resulting network depicted in Figure 1 has an aver-
age shortest path of 6.86 and an average clustering coef-
ficient (Watts and Strogatz, 1998) of 0.446.

The geographical location of 1,183 fuel
stations was obtained from OpenStreetMap
(http://www.openstreetmap.org) and used to
distribute POS in the simulated geography.

In order to establish a frame of reference and facilitate
interpretation of results, all parameters used in the simu-
lation were scaled so that one time unit in the simulation
corresponds to one day.

Reference scenario
In the reference scenario, a single type of conventional
fuel is available at the beginning of the simulation. At
time t = 10, the biofuel is introduced at all points of sale
and its existence is communicated to ten randomly se-
lected “seed agents” (i.e., 0.01 % of the population); each
seed agent receives information about the true attribute
values of the product. The time horizon is set to 350 time
units, which rougly corresponds to 12 months. Further-
more, we assume a price ofe 1.0 per liter for the conven-
tional fuel and conduct experiments with five price levels
for the biofuel, namely e 1.0,1.1,1.2,1.3 and 1.4 per liter.
We performed 50 simulation runs at each price level.

Results
First, it is interesting to look at adoption, i.e., the devel-
opment over time of first purchases of the biofuel in the
population without considering repeat purchases. The
cumulative adoption curves presented in Figure 2 plot
the share of consumers that have adopted the innovation
over time. The curve for each price level was obtained
by discretizing the continuous-time cumulative adoption
in intervals of one and calculating average values over
all simulation runs in each resulting period. Superim-
posed box plots indicate the distribution of realizations
at t = {50, 100, 150, 200, 250, 300, 350}. The curves
exhibit the typical S-shape commonly observed in em-
pirical diffusion studies (cf. Mahajan et al., 1995). As
can be expected, a higher price consistently results in a

slower speed of adoption and a higher delay before take-
off occurs. Moreover, we see that there is a group of
consumers that is largely “immune” to adoption, even at
a price equal to the price of the conventional fuel.

Figure 2: Cumulative adoptions over time at biofuel price
levels p = {1.0, 1.1, 1.2, 1.3, 1.4} (lines indicate aver-
ages, boxplots show results of 50 simulation runs each)

Unlike most diffusion studies, we are not concerned
with the diffusion of a consumer durable good, but rather
a frequently purchased consumable product. Initial adop-
tion alone is therefore not the only aspect worth consid-
ering. Decision makers may be more interested in the
question of how large a market share the innovation may
obtain when taking repeat purchases into account. To
this end, Figure 3 plots revenue market share at each of
the five price levels over time. Points are used to mark
the results of individual simulation runs. Results indicate
that within the first year after market introduction, a con-
siderable share of total revenues could be obtained, even
at a price significantly above that of conventional fuel.
After t = 350, market penetration does not increase sig-
nificantly any further. For the price levels considered, we
find that a higher price leads to a lower revenue market
share (which must not necessarily be the case since we



consider revenue, not units). More interestingly, we find
that the market share curves are remarkably similar to
the adoption curves presented in Figure 2. This implies
that most adopters do not purchase the novel product only
once, but tend to repurchase it on a continuous basis.

Figure 3: Revenue market share at biofuel price lev-
els p = {1.0, 1.1, 1.2, 1.3, 1.4} (lines indicate averages,
points mark results of single simulation runs)

While these results do not uncover unexpected or non-
intuitive insights, they do enhance confidence in the va-
lidity of the model. Furthermore, they are robust despite
the complexity and the large number of non-deterministic
elements in the simulation. Diffusion curves similar to
those presented in Figure 2 could also be obtained by
estimating parameters for aggregate models such as the
Bass model (Bass, 1969). However, a priori estima-
tion of these parameters is problematic, since they vary
widely across applications (Sultan et al., 1990) and at
least early data points are needed for estimation. Apart
from not relying on single point coefficient estimates, the
uniqueness of the “bottom-up” simulation approach re-
sults from its ability to permit experimentation. Decision
makers can run the simulation with various adaptive pric-
ing strategies while taking potential reaction of competi-
tors into account. Furthermore, they can create scenarios
with varying distribution strategies to account for supply
limitations and forecast development of market share for
each of them, obtaining not only single point estimates,
but a distribution of realizations.

CONCLUSIONS
In this work, we have introduced an agent-based model
for simulating the diffusion of a second generation bio-
fuel. The ABM is spatially explicit, it embeds consumers
and POS in geographic space and accounts for distance in
the generation of social networks. It incorporates social
interactions that typically play a major role in the prop-
agation of innovations among potential consumers and
accounts for individual consumer-related characteristics
(e.g., preferences, mobility behavior). Our approach dis-
tinguishes itself by accounting for several product at-

tributes and – in addition to the initial purchase decision
– also considering repeat purchases. These features are
particularly worthwhile for our application case.

Our findings for the Austrian market suggest that while
a competitive price is unsurprisingly an important driver
for adoption, there exists opportunity even at a price that
lies clearly above that of conventional fuel. The simula-
tion results also indicate that a considerable market share
could be achieved within the first year following the in-
troduction of such a product. Both results should be of
value for investors when planning the market introduc-
tion of a second generation biofuel.

Although a discussion of potential pricing strategies
and their effects on the diffusion process goes beyond
the scope of this work, we would like to point out that
the simulation can support a decision maker also in this
respect. For instance, the pros and cons of a skimming
strategy (i.e., setting a relatively high price first and lower
it over time to capture the consumer surplus) versus a
penetration strategy (i.e., setting a low initial entry price
to accelerate the diffusion process) can be easily assessed
by means of the simulation. Furthermore, various energy
market scenarios and their impact on the competitiveness
of alternative fuels can be simulated. Finally, the simu-
lation enables a decision maker to test the effectiveness
of various approaches towards selecting POS for distri-
bution, while accounting for limited production capac-
ity, availability of rich sources of biomass, and the geo-
graphic concentration of consumers.

Further research will be conducted in four directions.
First, we plan to put additional effort into more thor-
oughly modeling and validating our social network gen-
eration method. To this end, we conducted a sociological
survey and are currently in the process of analyzing the
data obtained. Second, we intend to model various types
of promotional activities, which would enable decision
makers to simulate the effects of various communication
strategies on the diffusion process. Third, to more accu-
rately reflect both the fact that supply is limited as well
as the econmics of fuel distribution, we are currently ex-
tending the model with active point of sale agents that
discontinue a product if it does not fulfill minimum sales
criteria. We expect this extension to result in more inter-
esting diffusion patterns and in a more realistic consider-
ation of the possibility that the diffusion may fail. Fourth,
due to the predictive nature of the problem, validation of
the entire model is inherently difficult. A posteriori vali-
dation with real world data obtained after product launch
may be possible in the future, but would not be partic-
ularly useful after the fact. Alternatively, we can only
resort to historic data on the diffusion process of similar
products and use that information to validate the model.
We plan to investigate feasibility of this approach for our
application case using data on premium fuel adoption.
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