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Abstract
As changes in modern agribusiness markets have placed increasing emphasis to the
study of structural change processes, this research advances an agent based model
to examine transitions from a spot market exchange to a vertically coordinated
arrangement in a supply chain system. This agent base simulation model draws
from the subjective theme of Austrian entrepreneurship, behavioral theories of the
firm and social networks. The results of this agent based simulation model indicate
that structural change occurs with market structures that facilitate information
transmission rather than from incentive based contractual arrangements.
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Structural Change in a Food Supply Chain
Advances in genomic development and the increasing sensitivities of consumer
choices to the social, ethical and health aspects of food production have prompted a
rising interest to understanding and predicting the changing face of agriculture
(Boehlje 1996, 1999; Just 2001). Such change has often been termed the
“industrialization” or “structural change” of agriculture (Boehlje 1995, 1996, 1999;
Cook and Chaddad, 2000; Just 2001). Although there are numerous dimensions that
characterize structural change, the transition towards vertically coordinated
relationships has been a prominent feature of the U.S. food market system (Boehlje
1995, 1999; Lazzarini et al. 2001; Omta et al. 2001; Poray et al. 2003; Purcell and
Hudson, 2004).
Traditionally, agricultural markets have been coordinated by open / spot market
exchanges, whereby market prices coordinate the supply and demand of commodity
industries, such as grain. However, in recent history, the broiler, beef, and hog
industries have witnessed periods of structural change towards tighter vertical
coordination (Barkema and Cook, 1993; Boehlje, 1995, 1996, 1999; Cook and
Chaddad, 2000; Drabenstott, 1994; Hurt, 1994; Purcell and Hudson, 2004;
Sporleder, 1992). For instance, in the broiler industry, production contracts had
risen from 10% in 1950 to 90% in 1955 and remained fairly constant at 80%
(Martinez, 1999). Similarly, in the hog industry, contracts and related vertical
integrated arrangements had increased from 2% in 1970 to 59% in 1999 (Martinez,
1999).
According to principal-agent reasoning, such transitions toward vertical
coordination is a response to improving the “efficiency” of buyer and supplier
relationships (e.g. Cook and Barry, 2004; Cook and Chaddad, 2000; Halldorsson et
al., 2007; Hornibrook and Fearne, 2001; Purcell and Hudson, 2004; Sporleder,
1992). A central tenet of principal agent reasoning is that an agent, such as a
supplier, can act in ways that are contrary to the interests of its principal, its buyer.
The primary concern is, therefore, to design an “efficient” contract to influence the
agent to act in ways that serve the interests of the principal (Cook and Chaddad,
2000). To align such interests, outcome based incentives are often employed. For
instance, in beef supply chains, price premiums are used to align the economic
interests of the feedlot producers with the beef packers to develop specific product
quality traits, such as beef tenderness (e.g. Purcell and Hudson, 2004). By “getting
the contract right”, the design of an “efficient” contract tightens the coordination of
agricultural supply chain activities to which increase the overall efficiency of the
supply chain (e.g. Cook and Chaddad, 2000; Halldorsson et al., 2007; Hornibrook
and Fearne, 2001; Purcell and Hudson, 2004).
However, structural change can also arise from the discovery and innovative efforts
of entrepreneurs. Most notably, the Austrian economist, J. Schumpeter (1934)
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contends the innovative efforts of the subjective “entrepreneur” can be instrumental
to the “creation” of new markets to which can lead to the “destruction” of existing
market arrangements (Kirzner, 2000). With subjectivity, entrepreneurs possess
heterogeneous knowledge to which requires leveraging the experiences of others to
exploit new found opportunities in the market (Kirzner, 1979, 2000). By leveraging
such social or collective knowledge experiences, these social interactions can lead to
revolutionary market processes that yields the “creative destruction” (Schumpeter,
1934) of existing market arrangements (Kirzner, 2000).
For instance, in the biotechnology industry, the subjective entrepreneur can be
viewed as a biotech start up that has unique experiences and perceptions in their
development and commercialization of specific genomic technologies. As subjectivity
suggests that individuals have incomplete knowledge, individuals can benefit from
learning the experiences of others. As a result, start-up companies are often
involved in many joint ventures, R&D collaborations and other related crosslicensing arrangements (e.g. Rothaermel and Deeds, 2004). By learning from such
social arrangements, biotech start-ups build upon the collective achievements of
other biotech startups. This can lead to the “creation” of new “agriceutical” products
whose traits can displace or “destroy” the conventional traits of commodity based
agricultural products (e.g. Goldberg, 1999).
Yet, despite a recent revival of Austrian economics in management research (Shane,
2000), empirical methods to examine such complex market processes remain limited
(see O’Driscoll and Rizzo, 1985). Some researchers (e.g. Vriend, 1999), however,
have suggested the Austrian market process can be modeled by agent-based
simulation methods. This is because like Austrian economics, agent based
simulations attribute complex macro processes to the interactions of heterogeneous
(i.e. subjective) behaving agents (see Vriend, 1999). These agents are governed by
simple rules or heuristics that enable the agent to interact and adapt to the
decisions of other agents (Lane, 1993; Fagiolo et al. 2006; Windrum et al., 2007).
Through such interactions, complex adaptive systems can yield revolutionary
system behaviors (Lane 1993; McKelvey 1998, 1999; Vriend 1999; Windrum et al.,
2007).
The objective of this study is, therefore, to draw on agent based simulations to
introduce an Austrian economic explanation of the structural change of agricultural
markets. Specifically, as the transition towards vertical coordinated markets – hogs,
broiler, cattle - have been attributed to increased price premiums, an agent based
model that is based on the discovery processes of the Austrian entrepreneur is
developed to examine the impact of price premiums to the structural change of an
agricultural supply chain.
This Austrian economic / agent based approach offers three contributions /
implications to the management of food supply chains. First, unlike the “efficiency”
© 2008 International Food and Agribusiness Management Association (IAMA). All rights reserved.
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explanations of principal-agent reasoning, structural change can also be explained
by the Austrian entrepreneurial discovery process. Second and subsequently, our
simulation results show supply chain entrepreneurs do not favor markets that offer
higher price premiums. Rather, entrepreneurs favor markets with greater
information transparency. This suggests that the dissemination of end user or
customer data to upstream suppliers may be more “effective” in improving the
performance of an entire supply chain than through contractual arrangements.
Third, since greater information transparency is favored over contractual
exchanges, fewer supplier contracts are needed to which can reduce costs in
drafting, monitoring and enforcing contractual obligations.
To develop this agent based approach, this research is organized into four sections.
First, a brief discussion of agent based models is presented. Then in drawing from
the subjective theme of Austrian entrepreneurship (Kirzner 1979, 1997, 2000) and
related behavioral theories of the firm (Cyert and March 1963; Simon 1976), a
behavioral model of rent seeking entrepreneurial agents is developed within an
agent based simulation setting. This analytical model is then used to examine the
structural change of a generic food supply chain. Its results are discussed. The
conclusions and managerial implications of this agent-based model follow.

Conceptual Foundations
Origination from Complexity science, agent based models challenges the
reductionist tenet of the modern scientific method (Jantsch 1980; Prigogine and
Stengers 1984; Stacey 1992; Windrum et al., 2007). Reductionism is ‘…defined as
the view that all aspects of a complex phenomenon must be explained in terms of
one level, or type or unit’ (Hodgson 1997, 401). That is, in accordance to economics,
market level behaviors are deduced by the aggregation of ‘representative’ firm
behaviors (Hodgson 1997; Windrum et al., 2007). Reductionism requires that
‘representative’ firms are homogeneous and atomistic; firm heterogeneity and social
relationships are often regarded as a nuisance to economic analysis (Kirzner 1979,
1997; Shane 2000; Windrum et al., 2007).
Agent based simulations depart from this reductionist tenet in which macro system
behaviors are the result of the interactions of heterogeneous and adaptive agents
(Axelrod 1997; Goldspink 2002; Lane 19931; Windrum et al., 2007). In particular,
although there are various representations of agent based simulations, such as
cellular automata (used in traffic models) and neural networks, the most basic
element of an agent based approach is the decentralized nature of the system in
which it focuses on the interactions of heterogeneous and rule based behaviors of
agent (Lane, 1993 2 ). Furthermore, an agent’s adaptive behavior is unlike the
1
2

For readers interested in a general introduction to the method of agent based models, please refer to Lane (1993).
For a broader introduction to agent based methodology, interested readers are directed to Lane (1993).
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unlimited cognitive powers of economic agents (Windrum et al., 2007). Rather, an
agent’s knowledge is heterogeneous in which agents are subjected to cognitive limits
commonly associated with ‘bounded rationality’ (Simon 1976; Windrum et al., 2007).
With limits on rationality, an agent draws on heuristics or “rules of thumb” that
enable the agent to adapt to other boundedly rational agents (Kirzner, 2000;
O’Driscoll and Rizzo, 1985; Windrum et al., 2007).

Austrian Entrepreneur: Subjectivity
Such a view of agent behavior closely follows the Austrian economic
characterization of the ‘subjective entrepreneur’ (Kirzner, 2000; O’Driscoll and
Rizzo, 1985; Vriend, 1999). According to the subjective theme of Austrian economics,
entrepreneurs are heterogeneous in their perceptions of rents (Kirzner, 1979). With
subjectivity, entrepreneurs hold different perceptions on the productivity of their
assets or inputs (Lachmann, 1977). To operationalize this subjectivity, an agent /
entrepreneur’s subjectivity is reflected by a vector, At ,i , that denotes an agent, i’s,
subjective perceptions of the marginal productivity for a vector of eight inputs, X t ,i ,
at a given time, t. Since subjective perceptions has been commonly modeled as a
uniform probability distribution (e.g. Fox and Clemen, 2005), this subjectivity, At ,i ,
is determined by a random number generating process which depicts an agent’s
stochastic perceptions of the marginal productivities for this vector of inputs, X t ,i .
This subjective marginal productivity is then used within a Cobb-Douglas
production function shown by equation 1 3 . As a result, given each agent’s subjective
marginal productivities, At ,i , equation 1 shows that each agent has a unique
perception of the productive contributions for any given set of inputs, X t ,i . These
inputs subsequently constitute a given plan or technological choice, Γt ,i (Lachmann,
1977).
(1)

F

t ,i

( X t ,i | At ,i ) = At ,i ⋅ X t ,i

α

Behavioral Rules
Yet, since an entrepreneur’s subjective knowledge is incomplete, an entrepreneur
does not have complete knowledge of all possible input combinations 4 and thus plan
/ technological choices. This provides opportunities for entrepreneurs to develop new
plan / technological choices. Entrepreneurs discover new plans by drawing on
heuristics or rules, Rt ,i , that draw upon the subjective input / plan choices of others
3

As production functions are commonly depicted by diminishing returns, this Cobb-Douglas function also exhibits

diminishing return behaviors, α < 1 .
Technically, speaking, for any given product-market (three in total), and given eight inputs, there are 2^8=256
possible binary combinations of inputs.
4
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(Kirzner, 1997, 2000; Lachmann, 1977). Namely, by drawing on the collective
input/plan choices of others, an agent’s interaction with its social network serves to
improve upon the agent’s own subjective knowledge of its input choices. As a result
of such heuristics or rules, these interactions, therefore, lead to the discovery of new
inputs plans / technologies. These behaviors are described by behavioral and
interaction rules shown in table 1.
Specifically, from table 1, each of these behavioral and corresponding interaction
rules enable an agent to learn from the successes of its neighbors so as to develop an
agent’s choice of inputs, X t ,i , and subsequent plan, Γt ,i . For instance, the
competitive imitation rule (rule 1) is a common heuristic found in organizational
research (see Scott, 1995) in which firms replicate the successful practices of leading
rivals. For instance, in the retail sector, K-mart adopted the EDI (electronic data
interchange) practices of Wal-mart in the early 1980’s (Bradley and Ghemawat,
2002). In addition, as plans are subjective and thus are inherently imperfect,
entrepreneurs can build or revise upon the plans of others (Hayek, 1967; Kirzner,
1997; Lachmann, 1977) (see rule 2). For instance, Starbuck’s success of the
premium coffee market has led to the adoption of other forms of “premium” coffee by
food service companies, such as Burger King, Dunkin Donuts, McDonalds. However,
unlike Starbucks, food service companies do not compete on the “service”
dimensions of Starbuck’s “coffee experience”. These rules are termed as rule
following.
An important feature of these rule following behaviors is they can generate negative
feedback effects. According to complexity science, negative feedback is a non-linear
process that “dampens” fluctuations in a system (i.e. heterogeneous behaviors of
agents) toward a system’s equilibrium state (Jantsch, 1980). Such negative feedback
occurs when social interactions occur among agents with similar input / plan
experiences. For instance, Feigenbaum and Thomas’ (1995) study of the insurance
industry finds insurance firms tend to compare and adjust their behaviors to firms
within the same strategic group. This social comparison yields a “dampening”
tendency towards increasingly homogenous behaviors (Feigenbaum and Thomas,
1995; Ng 2004). This is consistent with findings in strategic group research that
find firms have an overall tendency to imitate firms that possess “similar”
competitive traits (Porac and Thomas, 1990; Reger and Huff, 1993). Therefore, since
this negative feedback process requires interactions with “similar” agents, each of
the rule following heuristics is associated with a corresponding interaction rule that
only permits the agent to interact with others that possess similar technologies.
To distinguish interactions with “similar” agents, three distinct product-markets,
designated by M t where =1, 2, or 3, were created. Each product market, M t , is
distinct in the use of a specific combination of inputs to reflect the technologies of
that product-market. For instance, beef quality assurance programs tend to require
specialized assets in the monitoring of beef attributes and superior genetics in the
© 2008 International Food and Agribusiness Management Association (IAMA). All rights reserved.
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herd (51% Angus) that are specialized for improving beef tenderness (Purcell and
Hudson, 2004). Hence, given differences in the production technologies of these
product markets, interactions with agents in the same product market are
associated with the rule-following heuristics.
Table 1: An Agent’s Behavioral Rule Choices, Rt ,i
Rule-following: Behavioral Rules

Corresponding: Interaction Rule

1) Imitate the most profitable plan among one's
product-market group.
2) Copy and revise upon the most profitable
agent among one's product-market group.

Interact only with those agents in the same
product-market yielding negative feedback.
Interact only with those agents in the same
product-market yielding negative feedback.

Rule-generating: Behavioral Rules

Corresponding: Interaction Rules

3) An agent adopts one innovative input from
the most profitable agent in one's social
network.
4) Choose the first innovative input that one has
not used before.

Interact with agents in any product-market
yielding positive feedback.

5) Recombine an agent’s existing input
combinations with the most profitable agent in
one's social network.

Interact with agents in any product-market
yielding positive feedback.

No social interactions

However, in the technology diffusion studies of Abrahamson and Rosenkopf (1997),
Leblebici et al., (1991), and Tushman and Romanelli (1985) find that in conditions
of crisis, firms broaden their search so as to adopt innovations from peripheral
regions of their socio-technological domain (Leblebici et al., 1991). To capture such
innovative and explorative behaviors, table 1, also includes “rule generating”
heuristics.
Unlike rule following, rule generation emphasizes the innovation of new inputs
through broadening an agent’s interactions to agents in other product-markets.
Specifically, as innovations stem from expanding an agent’s search, an agent’s rule
generating heuristic has a corresponding interaction rule that involves interactions
with agents in any of the three product markets. This is because by broadening an
agent’s social interactions, it exposes the agent to a greater diversity of input and
plan choices. This exposure promotes greater possibilities to recombine new inputs
to which facilitate the creation of new innovations (e.g. Schumpeter, 1934). These
innovations can lead to a positive feedback process in which the innovative efforts of
an entrepreneur can be self-amplified to cause a large scale change event (Jantsch
1980; McKelvey 1998, 1999). This is because as new innovations are created, this
increases the overall diversity of inputs / plans in the market to which provide
further possibilities to recombine new inputs and thus creating further innovations.
Through this positive feedback, an agent’s rule generation can, thus, lead to a
“creative destructive” process (Schumpeter, 1934) that displaces the technologies of
an incumbent product-market.
© 2008 International Food and Agribusiness Management Association (IAMA). All rights reserved.
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As a result, through both of these rule following and rule generating heuristics, they
emphasize market processes are driven by a social / sectoral learning process. In
particular, Chattoe (1998) contends that an issue of agent based modeling research
is the choice of agent heuristics should reflect social learning processes rather than
that of an optimization of the model. For instance, although a classifier system has
been suggested to be reflective of human decision processes, the application of
classifier systems has been used for optimization purposes (e.g. Holland, 1995).
Thus, by using a classifier system, structural change could be viewed as an
optimization of the model rather than a result of an agent’s social learning. In this
study, the agent’s heuristics are argued to reflect more closely a process of social
learning rather than an optimization of the model. This is because agent heuristics
are based on social learning behaviors described by the Austrian tradition (see
Hayek, 1978; Kirzner, 1997; Schumpeter, 1934), behavioral school (Cyert and
March, 1963) and Institutional arguments (e.g. DiMaggio and Powell, 1983; see
Scott, 1995).
For instance, rule 1 stems from institutional arguments whereby individuals are
subject to pressures to conform to institutional practices (Scott, 1995). Rule 2
captures Hayek (1978) and Kirzners’ (1997) characterizations of alert
entrepreneurship in which entrepreneurs build upon the experiences of others.
While, rules 3, 4, and 5 are variations to Schumpeter’s (1934) definition of
innovation which involves the development of new resource combinations. In
addition, in drawing on a well accepted heuristic in management decision research
(Argote and Greve, 2007), the behavioral concept of “aspirations” is also used (e.g.
Cyert and March, 1963).

Agent’s Adaptive Behavior
To elaborate, an agent’s selection of rules is dependent on its aspirations. The
concept of aspirations refers to the notion that changes in behavior arises in
conditions of adversity or crisis. This is supported in various studies that have
shown rent seeking behaviors tend to increase in conditions of adversity (Greve,
2003; March and Shapira, 1987). In particular, these studies have found when a
firm’s performance, such as its profits, falls below its’ “aspirations” - reflecting a
threshold level of performance-, firms tend to seek new rent opportunities.
To capture such rent seeking behaviors, equation 2 is used in which an agent selects
a rule (table 1) when its profits, Π t ,i Γ t ,i , from a current plan choice, Γt ,i , falls below

( )

its aspiration, λτ .
( 2) Π t ,i ( Γt ,i ) < λτ

© 2008 International Food and Agribusiness Management Association (IAMA). All rights reserved.
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An agent’s aspiration, λτ , is subsequently modeled by equation 2a, which measures
the cumulative average profits for all plans chosen within a given product market,
M t (see also Greve, 2003).
T −1 Γt

( 2a ) λτ =

∑∑ Π
t =1 i =1

t ,i

( Γt ,i )

T −1 Γt

∑∑ Γ
t =1 i =1

f
t ,i

With equations 2 and 2a, an agent selects one of the five rules shown in table 1,
when its historical plan profits, Π t ,i Γ t ,i , falls below its aspirations, λτ . As the

( )

choice of rule determines an agent’s social interactions, such interactions influence
the onset of the aforementioned non-linear system behaviors.

Product-Market Choice: M t
Furthermore, as rents can be earned from entering different product-markets, M t ,
an agent’s rent seeking behavior is also influenced by its perception of opportunities
in these product-markets. As agents are more likely to enter a product-market that
exhibits the greatest profits, equation 3 shows an agent’s propensity to change to a
given product market or its optimal product-market choice, M t* , is determined by
the ratio of the cumulative profits of a given product-market to the cumulative
profits earned for all product-markets (first term). The optimal product market
choice (i.e. most profitable market) is, therefore, determined by product-markets
that exhibit the greatest ratio. Furthermore, in Mitchell’s (1989) study of the U.S.
ethical drug industry, he finds entry into a new field increases with the presence of
specialized assets in that field. As a result, an agent with specialized resources is
more likely to enter product-markets that require the use of those specialized
resources. The second term in equation 3 captures this input specific requirement
which is defined by the ratio of the volume of a product-market’s specific input, Xˆ t ,i ,
to all product-market specific inputs. With the aggregation of both terms, equation
3 shows agents are more likely to enter those product-markets that are most
profitable vis. a vis. other markets and / or enter those product-markets in which an
agent has a large share of that product-market’s specific inputs.
⎡ T −1 Γi ,t
⎤
⎢ ∑∑ Π t ,i ( Γt ,i )
ˆ ⎥
X
+ X t ,i ⎥
(3) M t* = Max ⎢ 3t =1T −i1=1Γi ,t
⎢
M ts
ˆ ⎥
⎢ ∑∑∑ Π t ,i ( Γt ,i ) ∑ X t ,i ⎥
ˆ
X
⎣ M t =1t =1 i =1
⎦
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Agent Trade-off Function.
To integrate all the elements discussed so far, an agent’s trade-off function
(equation 4) is presented. The purpose of this trade-off function is to evaluate an
agent’s perception of profits for each rule, Rt ,i , shown in table 1. The optimal choice
of rule – one that yields the greatest subjective profits – subsequently determines
an entrepreneur’s input, X t ,i , and plan, Γt ,i , choice.

( 4)

{

Π ts,,*i (Γts,i,* (Rts,,*i ) | M ts ,* )= Max Pt s (ηts ) F t ,i ( X ts,i ( Rts,i )) − C s ΔX ts,i
s

+ Πτs ,i ( Γτs,i )

}

Rts,i

(1)

F

s
t ,i

( X ts,i ( Rts,i ) | Ats,i ) = Ats,i ⋅ X ts,i ( Rts,i )α
T −1 Γt

( 2) λτs =

∑∑ Π
t =1 i =1

( Γts,i )

s
t ,i

T −1 Γt

∑∑ Γ

s, f
t ,i

t =1 i =1

( 2a ) Π ts,i ( Γts,i ) < λτs
T −1

( 6) Πτ , i ( Γ ) =
s

s
τ ,i

∑Π

t =1
T −1

s
t ,i

( Γts,i )

∑ Γts,i, f

T −1

•

∑Γ

t =1
s
T −1 Γt

s, f
t ,i

∑∑ Γ

s, f
t ,i

t =1

t =1 i =1

Specifically, for an agent i in a supply stage, s, an agent’s selection of an optimal
rule, Rt*,i , arises from maximizing equation 4 with respect to the five rules (table 1)
subject to constraints 1, 2, 2a and 6. For each rule, profits are calculated by the
product of output prices, Pt s (ηts ) and the entrepreneur’s subjective production
function,

F

s
t ,i

( X ts,i ( Rts,i ) | Ats,i ) (equation 1) 5 . Output product-market prices, Pt s (ηts ) ,

are a function of η ts which is based on a linear difference of demand and the
aggregate outputs produced by all agents for a supply stage, s, for a given product
market. The plan costs are derived as the sum of the product of a vector of input
prices, C s , and changes in a vector of inputs between adjacent time periods t and t1, ΔX ts,i . The input price vector, C s , contains fixed input prices for non product
market specific resources, X ts,i . While for product-market specific resources, Xˆ s ,
t ,i

the input price vector, C , contains prices that are determined by the aggregate
supply of its adjacent upstream stage, s’, and the aggregate input demands of its
own supply stage, s. Stated differently, the input prices for an agent in supply stage,
s

5

Readers are reminded that the inputs are now a function of the behavioral rule.
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s, is set to the output prices received by its adjacent upstream supply stage, s’. This

is defined by equation 5.

(5) Pt s (ηts ) = C s
'

'

More over, agents also exhibit adaptive expectations (Windrum et al., 2007). Such
adaptive expectations have been found in management research whereby managers
can be constrained by a “dominant logic” in which beliefs of past successes can
constrain future behavior (e.g. Audia et al., 2000; Prahalad and Bettis, 1986). For
instance, in Audia et al.’s (2000) study, they found that a firm’s cumulative
successes increase managerial confidence in their past experiences which reduce
efforts to seek information contrary to their past experiences. Furthermore,
cognitive studies find managers tend to repeat frequent activities because repeated
activities are more ingrained in managers’ memory and therefore are more likely to
be repeated in use (e.g. Russo and Shoemaker, 1992).
To capture this path dependent behavior, the profitability of an agent’s previous
plan choices are used to develop an agent’s expectations on the profitability of a
currently evaluated plan. Specifically, for a given plan, Γτ ,i , equation 6 shows that

( )

this expectation is based on a plan’s historical average profits, Π τ ,i Γτ ,i , which is

( )

calculated as the ratio of the sum of profits, Π t ,i Γ t ,i over the frequency, Γt ,fi , at
which this plan has been used for the elapsed time period, τ , , where τ =T-1 periods
of entrepreneurial experience. This historical average profit is also adjusted by the
ratio of the frequency of this chosen plan to the frequency of all plans –the sum of
the frequency of plans, Γt ,fi -chosen by the entrepreneur for the elapsed time period,

τ . By substituting equation 6 into an agent’s trade-off function, equation 4, the
agent favors rules that reinforce previously successful plan choices.
T −1

(6) Πτ ,i ( Γτ ,i ) =

∑ Π t ,i ( Γt ,i )
t =1

T −1

∑Γ
t =1

f
t ,i

T −1

⋅

∑Γ

f
t ,i

t =1
T −1 Γt

∑∑ Γ

f
t ,i

t =1 i =1

Given an agent’s optimal rule, Rt*,i , plan, Γτs,,*i , and product-market, M ts ,* , choice, an
agent’s realized rents are then computed. These realized rents are calculated by a
profit function that is based on ‘real’ or objective marginal productivities which
exclude an agent’s heterogeneous knowledge constraints. The computation of these
realized rents, then, becomes market feedback that ‘updates’ an agent's profit
experiences with its plan and product-market choices. This market feedback is then
iterated for t periods to which shape the heterogeneous knowledge of the agent over
time.
© 2008 International Food and Agribusiness Management Association (IAMA). All rights reserved.
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Overview of an Agent’s Adaptive Behavior
Figure 1 summarizes the agent’s adaptive behavior. For a given supply stage, s, an
entrepreneur’s rent-seeking behavior arises from its choice of a rule, Rts,i,* (table 1).
This rule corresponds to a specific social network involving either local (i.e. within
the agent’s product-market) or non-local (i.e. all product-markets) social
interactions. These social interactions draw upon the input, X ts,,*j , and plan, Γts, ,*j ,
choices of its network members to which determine an agent’s optimal inputs, , and
thus optimal plan, X ts,,*i . Each rule in table 1 and their associated inputs are then
evaluated by the agent’s trade-off function (equation 4). This trade-off function, then
selects the rule that maximizes its perceived profits. As this optimal rule choice,
Rts,i,* , determines the agent’s optimal input, X ts,i,* , it also impacts an agent’s optimal
product market choice, M ts ,* .
However, as these decisions are based on an entrepreneur’s subjectivity, the
realized profits of these decision choices are then calculated. These realized profits n
agent’s plan choices. This process is then repeated iteratively for t periods. In this
iterative fashion, the agent continually acquires new and idiosyncratic knowledge
experiences. These serve as market feedback that ‘update’ the profitability of a
profit experiences are also utilized to assess the profitability of other product
markets to which aid in the agent’s discovery of rents in these product-markets.
Outcome Variable
Decision Variables
Plan
Choice

Agent’s
Rent

Product-Market
Choice

Agent’s Heterogeneous Knowledge

Social Network
And Plan
Choice

RuleFollowing/ Rule
-Generating
Behavior

Subjectivity
(Plan)
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of Agent
Rents (Trade
off Function)

Propensity
for Product-Market
Change

Choice of
Behavioral
Rule

Market
Feedback

Plan
Experiences
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(Rent-Seeking)

Adaptive Behavior

Figure 1: Adaptive and Heterogeneous Agent Behavior
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Figure 2: Information Structure of Supply Chain

Agricultural Supply Chain Market
The adaptive behavior of agents described in figure 1 was programmed in the
Mathematica software package (version, 5.1). To simulate these agents, the agents
are populated within one of three supply chains shown in figure 2. Each supply
chain consists of an exogenous end-user market connected to three supply stages processor, farmer / producer and life science. In particular, agribusiness is
traditionally defined by a system consisting of farmer producers that are
interconnected to downstream members of the food and fiber system (e.g. Boehlje,
1996; Cook and Chaddad, 2000; see also Davis and Goldberg, 1957). However, more
recently, Goldberg (1999) contends the agribusiness system should be viewed as an
“agriceutical” system that includes the upstream members of the life science
industry. This is because advances in genomic research provide important agri-food
innovations that can impact the changing face of modern agribusiness systems. To
reflect this “agriceutical” distinction, a supply chain that includes members of the
life science sector was, thus, included. In addition, three supply chains are created
in which each supply chain differed in the manner to which they transmit end-user
values (i.e. prices) to the different stages of the supply chain. Such differences in
supply chain structures are reflected by three different product-market
arrangements –commodity (Comm.), Vertical Coordination 1 (VC1), and Vertical
Coordination 2 (VC2). These three product-markets highlight the potential
structural changes that food markets can undertake.
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In particular, a key distinction of the commodity product-market (Comm.) is that,
market prices for any given supply stage, s, coordinate the demand and supply
conditions of that supply stage. In such a commodity market, the market prices for
each upstream supply stage is based on a linear difference in the input demands of
the adjacent downstream stage and the aggregate supply of outputs of that
supplying sector. As a result, upstream agents are only responsive to prices
determined by the supply and demands conditions of their supply stage and not to
the market conditions of their end user market (i.e. customer). This spot /
commodity market therefore leads to a lack of information transparency because
upstream supply chain agents can choose plans that are not in the direct interests
of its end-users. Furthermore, since upstream agents respond to the input demands
of their adjacent downstream market, the subjective input choices of their
downstream market can distort the price signals sent by the end-user market. As a
result, in a spot / commodity market arrangement, the price signals from the enduser market are not transparent to upstream agents. This leads to a basic
misalignment in the production activities of the upstream agents with that of the
interests of the end user. This is consistent with Ottesen’s (2006) study of the
Norwegian Salmon farming industry in which they found upstream managers had
poor perceptions of their customers’ quality preferences.
However, unlike the spot/commodity market arrangement, the VC1 product market
provides a greater transmission of end-user market information to “all” supply
chain members and thus face fewer of the above agency problems. Specifically, enduser market information is transmitted through a contractual exchange that
specifies a price premium to all upstream agents. These price premiums provide
financial incentives for supply chain members to develop plans that are desired by
the end user. For instance, quality assurance beef programs (e.g. Certified Angus
Beef) typically offer price premiums to develop specific beef quality attributes that
are desired by the end consumer (e.g. consistent tenderness) (Purcell and Hudson,
2004). This is supported by Lusk et al.’s (2001) study where they found customers
are willing to pay premiums of $1.84 for guaranteed tender beef (see also Purcell
and Hudson, 2004).
Price premiums are determined by the end user market (i.e. the processor and enduser price interface) because agricultural market systems are typically driven by
the valuations of its end user (i.e. customers) (Boehlje, 1999; Taylor and Fearne,
2006). Each input purchasing stage is, then, responsible for payment of these
premiums to the adjacent upstream supplying stage. Specifically, price premiums,
s

PPt s , are calculated by equation 7 where the premium allocation, β , determines the
proportion of rent sharing for the supplying stage, s. For instance, larger values of
this premium allocation, , indicate a large portion of the price premium is received
by that supplying stage. For the VC1 arrangement, the farmer and life science
agents, respectively, receive a 25% and 15% premium.
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s

(7) PPt s = β ⋅ Pt End user (ηtEnd user )
Although the VC1 product-market can overcome the agency problems of the spot /
commodity market, opportunities to improve a supply chain’s “effectiveness” can
also be another factor impacting the structural change of agricultural markets.
Namely, increases in a supply chain’s “effectiveness” can arise through greater
information transmission because it stimulates greater exploration and innovation
of new products. This is also expressed by supply chain researchers (Li et al., 2006;
Ottesen, 2006; Zhang et al., 2006). They find greater information transmission of
consumer preferences to upstream supply chain members increases value chain
flexibility which allows firms to more quickly adapt to changing customer needs and
stimulate greater product innovation.
To examine this “informational” argument of structural change, a VC2 product
market was created. Since information on consumer preferences is transmitted
through price signals, the VC2 product market retains the use of price premiums to
transmit end user information to all supply stage participants. However, unlike the
VC1 product-market, the financial incentives associated with “price premiums” are
either absent or reduced. To explain, in the VC2 product-market, the farmer and life
science agents, receive a premium of 10%. Yet, since premiums are paid by the
adjacent downstream stage, the farmer of a VC2 product market effectively does not
earn a price premium, but still receives information on its end-user market. The life
science agent, however, does receive a 10% price premium, but albeit a smaller rate
than the VC1 product market. This is because studies suggest that increasing
concentrations in the input sectors can lead to greater market power (King, 2001;
IFAP, 2002; Malloy, 1999; Persidis, 1999). As a result, to provide a more realistic
depiction of the competitive structure of this input sector, the life science agents
receive a 10% premium. However, as this premium is lower than the VC1 product
market, it emphasizes the informational features of the VC2 product market.

Results and Discussions
Assumptions and Simulation Setup
With the following simulations, a number of assumptions were first made. First,
structural change is defined by the radical transition in the population of productmarket agents. Since such a change in product market population requires
fundamental alterations to an entrepreneur input, plan and network relations, this
captures the revolutionary features of structural change. Radical changes in
population (i.e. changes exceeding 50% of population) have also been used by other
simulation studies to explain revolutionary changes in markets (e.g. Sastry, 1997;
Tushman and Romanelli, 1985). Each simulation assumes a fixed time horizon of
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300 time steps. Further increases in time steps did not change simulation findings.
Furthermore, 40 agents populate each supply stage with a total of 120 agents
occupying all three supply stages. More over, within each supply stage, the
population is initially distributed with 80% (32 agents), 10% (4 agents) and 10% (4
agents) of Commodity (Comm.), VC1 and VC2 agents, respectively. Specifically, an
80% share in the commodity market was chosen to provide a more stringent test for
structural change. Namely, given the path dependencies associated with this
study’s model, an 80% share can render the system to be highly resilient to
structural change. In that, by using lower shares (e.g. 10%), it would be relatively
easy for the system to experience structural change because it is not subject to the
inertial tendencies of the 80% share scenario. As result, simulating a lower share
scenario would not provide a sufficient or strong enough test for structural change.
In addition, each product-market is confronted by a constant end-user demand of
2000 units and each product market does not have any particular advantages in
production technology nor cost over others. These assumptions were made to avoid
incidences where structural change were caused by market and / or technological
level biases. This enables us to more directly examine the impact of price premiums
and the role of information dissemination on the structural change of markets.
These assumptions, however, can be relaxed in future studies.
Figures 3, 4, and 5 show the population trajectories of agents in each of the three
product-markets for each stage of the supply chain for a single simulation run. The
radical changes in population trajectories for these product-markets are used to
denote the structural change of agricultural markets. All figures are presented in
stacked bar format.
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Figure 3: Processor Population
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Figure 5: Life Science Population
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Complex population behavior, as shown in figures 3 (processor stage), 4 (farmer
stage), and 5 (input/life science stage), all supply stages displayed an initial stability
in the population of the commodity product-market. At least 80% of the population
(32 out of a total 40 entrepreneurs) in each supply stage remained in this
commodity product-market. This stability is attributed to the dominant expression
of rule-following behaviors. Specifically, for the respective processor, farmer and life
science stages, an average of 98%, 85.4% and 96% of these agents chose rule
following behaviors. As rule following largely consists of imitating plans from other
agents in the same product market (i.e. commodity agents), this generated negative
feedback tendencies that resulted in this initial stability of the commodity
population.
A result of this rule following behavior is the formation of increasingly homogenous
plans. This renders increasingly competitive conditions in the commodity market
because agents can no longer derive competitive advantages from asymmetric
knowledge differences. Entrepreneurs therefore have a strong incentive to
differentiate (Jacobson, 1992; Lachmann, 1977). This appears to be borne out in this
simulation. In that, the average profits prior to the structural change in markets
was highly negative (results not shown but are available). This stimulated rentseeking behavior to experiment and seek out alternative plans and product
markets. This change in behavior resulted in a structural change in the commodity
population that occurred in simulation periods 61,117 and 118 (approx.) for the
processor, farmer and life science stages respectively. Table 2 shows this transition
towards differentiated behavior is observed by the marked increases in rule
generation during the structural change period.
Table 2: Proportion of Rule-Generation (Following) 6
Supply Stage (Commodity)
Pre-Structural Change
Processor
Farmer / Producer
Life science

7.01% (92.9%)
[t=1-61]
11% (88.9%)
[t=1-61]
5.6% (94.4)
[t=1-115]

Structural Change
32.6% (67.3%)
[t=62-115]
28.5% (71.5%)
[t=62-180]
21.8% (78.2%)
[t=116-200]

In explaining the onset of this structural change, this product-market structural
change is likely to have originated by a few processor agents in the commodity
product-market. From table 2, rule generation in the processor group during the
pre-structural change period is 7%. Roughly 2 agents among the 32 agents in the
commodity product market actively conducted experimentation of alternative plans
6

The time frame used to calculate these proportions are specified in the [brackets]. The time frames were chosen
where the population started to exhibit stable behaviors.
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and product markets. Due to the utmost downstream position of the processor
agents, these processor agents have the most accurate information of demand
conditions than upstream players. As a result, despite being few in number, these
agents are likely to have been successful in revealing innovative plans. These
innovative plans subsequently become exposed through social interactions to other
processors in the commodity product market to which stimulate further rule
generating behaviors. This leads to further experimentations causing a positive
feedback of further rule generating behaviors. Such positive feedback is consistent
with the marked increase in rule generation / experimentation behaviors (20-33%)
that was observed in the structural change period (table 2). Furthermore, such rule
generating behaviors subsequently impacted the experimental behaviors of
upstream agents. This is consistent with the dynamic behaviors shown in figures 3,
4, 5, in which structural change in the processor stage preceded the structural
changes of the upstream supplying stages. This “ripple” effect has a significant
managerial implication because it suggests that despite a dominant commodity
market structure, a few entrepreneurs in the down stream stage of a supply chain
can radically alter the technology or plan choices of the entire supply chain.
More over to further demonstrate that the structural change dynamics of figures 3,
4, and 5 are attributed to agents’ rule behaviors, table 3 shows the proportion of
rule following and rule generating behaviors across all product markets. The
aggregation of all product-markets was used because rule generating behaviors
involve interactions to all product markets.
In table 3, three periods are shown: pre-structural change, structural change and
post structural change. In comparison to the population dynamics of figures 3, 4,
and 5, table 3 shows an overall pattern in which rule following behaviors tend to
result in a stable population behavior, while rule generating behaviors result in
radical changes in populations. Table 3, therefore, indicates supply chain processes,
in particular, structural change processes are influenced by the underlying rule
behaviors of agents.
Table 3: Proportion of Rule (Following) Generation and Analysis of Bifurcation
Supply Stage
Pre-Structural
Structural Change
Post Structural
(All Product
Change (Stable (Unstable population) Change (Stable
Markets)
population)
population)
Processor
7.1% (92.9%)
29.7% (70.3%)
6.6% (93.4%)
[t=1-61]
[t=62-115]
[t=116-300]
Farmer / Producer
14.5% (85.4%)
51.1% (48.9%)
31.7% (68.3%)
[t=1-61]
[t=62-180]
[t=181-300]
Life science
11.8% (88.2%)
36.3% (63.7%)
24.7% (75.2%)
[t=1-115]
[t=116-200]
[t=201-300]
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Post-Structural Change
During the post-structural change period, figures 3, 4 and 5 show agents
transitioned to the VC2 product-market arrangement. This structural change was
attributed to the greater profitability of this VC2 product-market. For instance,
figure 6 shows the sum of the mean profits 7 of each supply stage for the three
different product markets. The mean profits over the 300 periods are $525,129
(VC2), $86,801 (VC1), and $99,563 (Commodity). Structural change, therefore,
appears to favor the information based VC2 product market over that of the higher
premiums of the VC1 product-market.
However, since agent based model results are sensitive to the subjective (i.e.
stochastic and idiosyncratic) behaviors of agents, the above simulation trial could
have arisen as a matter of chance. Windrum et al. (2007), therefore, suggest the
validity of agent based simulation results can be strengthened by examining the
outcomes of repeated trials. 40 independent simulations with different subjective
marginal probabilities were run and the mean profits for each product-market were
computed. The mean profits from these repeated trials were $43,717 (VC2), $8011
(VC1), and $39,985 (Commodity). Similar to the single trial results, the repeated
trial results show the information based VC2 product market had greater profits
than all other markets. Structural change, therefore, appears to favor market
arrangements that emphasize information transmission.
These result stand in contrast to Purcell and Hudson (2004) and Poray et al.s’
(2003) respective studies on the cattle and pork industries where they contend price
premiums can be an important factor impacting the transition to vertically
coordinated market arrangements. Nevertheless, these results are consistent with
others, such as Boehlje (1996) who predicts modern food systems are transitioning
towards systems that promote greater information transmission. This is also
consistent with Taylor and Fearnes’ (2006) case analysis of food supply chains in
which they point out a greater transparency of consumer information to all supply
chain members is needed to increase the overall effectiveness of the supply chain.
Our profit results for the VC2 product market appear to be consistent with these
arguments. The implications of our results suggest that the adoption of information
technologies such as “point of sale” scanner technology and customer loyalty cards,
as used in the grocery retail sector, can be a source of competitive advantage for the
entire supply chain. However, this is contingent on the condition that information is
shared to all participants (e.g. Boehlje, 1999; Salin, 1998).

7

Mean profits are based on the sum of the mean profits for agents in each supply stage.
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Figure 6: Mean Product Market Profits

Multiple Simulations: Premium Responsiveness and Structural Change
However, one could argue that structural changes to the informational VC2 product
market may be attributed to lack of sufficient premiums in the VC1 product market.
To examine this argument, a sensitivity analysis on the effect of increasing price
premiums on the VC1 population was conducted. In following the sensitivity
analysis described by Windrum et al. (2007), multiple simulation trials were
aggregated to examine the effect of increasing price premiums on the VC1
population. Figure 7 shows the VC1 population over various percentage increases in
the VC1 product market’s premium. The mean population of 35 different simulation
trials – each with different subjective marginal productivities – was reported for
each 10% increase in the VC1 price premiums 8 . As a result, a total of 350 different
simulation trials were conducted to examine the effects of increases in VC1 price
premiums on the population of the VC1 product market.
Figure 7 shows when premiums in the VC1 product group increased from 0% to
100% 9 , the mean population was relatively constant. Therefore, in both the
8

An analysis of higher moments would be preferred but was technically infeasible. There may be benefits for future
research to analyzing higher moments because such structural change processes may have implications for power
regimes in the supply chain structure.

9

As a point of note, the 0% point reflects the base case (i.e. VC1 yields a 25% premium to the farmer and 15% to
the input sector), while 100% denotes 100% increase from this base case in which the VC1 farmer faces a 50%
premium and 30% for the input sector.
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individual and multiple simulations, product-market change is largely unresponsive
to increases in price premiums. This finding suggests that the structural change to
the information based VC2 product market is not likely attributed to a lack of
financial incentives in the VC1 product markets. More over, this finding suggests
that there may be limits in a supply chain manager’s ability to control the activities
of a supply chain system. In that, principal-agent explanations are based on a logic
of control in which an efficient supply chain can be “designed” through outcome
based incentives, such as price premiums. However, the repeated simulation trial
results suggest efforts for a supply chain manager to influence the interests of
supply chain agents through greater price incentives do not appear to impact
changes towards this supply chain structure. As a result, these results suggest they
may be limits on a manager’s control of a supply chain system.

Monte Carlo Results for VC1 Populations
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Figure 7: Premiums and Structural Change Tendencies

Discussion and Conclusion
In drawing on Austrian economics, this research advances an agent based model to
examine the structural change of a food marketing system. A central premise of this
agent based model is that subjective entrepreneurs are instrumental to the
structural change of agricultural supply chains. Subjective entrepreneurship
introduces non-linear interactions that impact both the stability and structural
change of a supply chain system. As a result, this Austrian approach offers an
examination of market change processes that are absent in the static orientation of
principal agent models. This is because Austrian economics explicitly deals with
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change processes under Knightian uncertain conditions (see Lachmann, 1977;
Mises, 1949; O’Driscoll and Rizzo, 1985). In that, with subjectivity, entrepreneurs
have incomplete knowledge of all possible technological choices and thus
entrepreneurs engage in an open ended search to uncover new technological
opportunities. Through their social interactions, this open ended search
endogenously introduces genuine novelty to a system whereby new plans are not
only introduced to a supply chain system but as consequence endogenously alter the
payoffs and structure of the system (see O’Driscoll and Rizzo, 1985; Windrum, et al.,
2007). Thus, as subjectivity introduces new system behaviors, it introduces genuine
novelty and thus Knightian uncertainty to the market discovery process (see Mises,
1949; O’Driscoll and Rizzo, 1985). Such novelty yields the emergence of new
behaviors that can revolutionize existing market arrangements. A principal agent
framework does not distinctly recognize this subjective nature of human action and
thus does not accommodate for such Knightian uncertain change processes.
Furthermore, this Austrian approach also contributes to the study of structural
change in three ways.
First, in spite of the recent revival of the Austrian economic tradition (Jacobson,
1992; Shane, 2000), advances in Austrian economics have been limited by the lack
of a methodological approach that embraces the subjective and interdependent
nature of the Austrian entrepreneur. The proposed agent-based model illustrates
the non-equilibrium market processes described by Austrian economics. This study
shows the behavioral and social mechanisms (i.e. rules) that can lead to the onset of
Schumpeterian creative destruction processes in a food supply chain. Such a nonequilibrium framework offers an alternative to “efficiency” explanations of
structural change. “Efficiency” based explanations, such as principal-agent
reasoning, contend that the structural change of agricultural markets is a response
to improving the relationships between buyers and suppliers. However, as this
study shows, structural change is influenced by the innovative (i.e. rule generating)
efforts of the subjective entrepreneur. This has implications to agribusiness
managers because it suggests that predicting the changing face of modern
agriculture may involve more than “getting contracts right” (Cook and Chaddad,
2000), such as setting the right price premiums for its suppliers. But, prediction of
market change may also require monitoring the innovative behaviors of
downstream participants, especially during times of their crisis. During times of
crisis (i.e. food safety recalls), the innovative behaviors of only a few processors or
downstream agents can cause a “ripple effect” to the activities of an entire supply
chain (see figures 3, 4, and 5). As a result, upstream agribusinesses may be better
able to understand the changing face of agriculture by not only paying attention to
the changing needs of its consumers but also by paying closer attention to the
innovative activities of its retailers, especially during times of their crisis.
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Second and subsequently, this Austrian approach has distinct implications to the
management of supply chains. Simulation results show supply chain entrepreneurs
do not favor markets with higher price premiums, but rather favor markets with
more information transparency. This suggests that the dissemination of end user or
customer data to their upstream suppliers may be more “effective” in improving the
performance of an entire supply chain than by setting higher price premiums. This
follows arguments made by Boehlje (1999) and Salin (1998) in which they argue
greater information transmission can lead to competitive advantages that enhance
the performance of the entire supply chain. This study provides a preliminary
confirmation of this argument. The managerial implications of this finding suggests
supply chain systems with IT systems that promote the sharing of consumer data such as Quick Response (QR), Efficient Consumer Response (ECR), Vendor
Managed Inventory (VMI) and Continuous Replacement Program (CRP) not only
contribute to gains in inventory optimizations (Li et al., 2006), but can also lead to
competitive advantages in innovation.
Third, since information transparency (VC2) is favored over contractual exchanges
(VC1), fewer supplier contracts are needed to which economize on transactions
costs. This has obvious implications to management because it would reduce the
need for managers to draft, monitor, and enforce contractual obligations and
thereby reducing transaction costs. Furthermore, information transparency also
reduces principal agent problems. As principal agent problems fundamentally arise
from a problem of asymmetric information – one party knows more than the other.
Information transparency reduces such asymmetric information problems to which
suppliers can produce products that are aligned with the exacting needs of its
consumers. Therefore, information transparency can significantly reduce agency
costs, especially in a supply chain with lengthy vertical interdependencies.
However, managers are reminded that although information transparency reduces
transaction and agency costs, information transparency also alters the basis of
power in modern food market systems. Boehlje (1999) and others (Li et al.; 2006;
Salin, 1998; Zhang et al.; 2006) argue food retailers, being closest to the consumer,
possess the greatest power and control in a supply chain system. With greater
information transparency, such power and control is no longer centralized to
downstream supply agents, but rather distributed across all supply chain members.
Therefore, from a managerial stand point, especially for downstream retailers,
information transmission strategies underlie a basic trade-off between reductions in
transaction and agency costs and the loss of supply chain power and control.
There are however limitations to this study. Although agent based modeling offers a
distinct advantage over neoclassical economics in understanding complex market
phenomena, agent based models, however, face several key methodological issues
(Fagiolo et al., 2006; Windrum et al, 2007). Empirical validation of agents based
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models remains a key research issue (Fagiolo et al, 2006; Windrum et al.; 2007).
Various approaches have been proposed (see Fagiolo et al.; 2006; Goldspink, 2000;
Windrum et al., 2007), yet, each has distinctive limitations. For instance, a
“historical friendly” has been suggested that involves comparing the trace outputs of
the simulation with a detailed trace history of an economic system (Windrum et al.;
2007). Yet, such a “historical” approach faces some deep seated methodological
problems. A historical approach only shows that the underlying model is “capable”
of producing the observed empirical phenomena because multiple combinations of
parameter settings, initial conditions, and structural assumptions can lead to the
same simulated trace output (Windrum et al., 2007). Although there have been
some efforts to confine this search space of parameters and initial conditions, these
efforts are largely preliminary in nature and are yet to be established in agent
based research (Windrum et al., 2007). Furthermore, Windrum et al. (2007)
suggests the validity of a model’s findings can be increased through comparison of
model results with comparable studies. Yet, as also argued by Windrum et al.
(2007), there has been considerable heterogeneity in agent base models in which
models have been built upon different theoretical contexts to which renders
comparisons inappropriate. As agent based models are rather limited in
Agribusiness research, validation of this model’s finding through such comparisons
are difficult. As a result, although an agent based modeling approach offers a novel
approach to modeling agribusiness system behaviors, the further advancement of
such modeling efforts requires not only the development of a methodological basis of
empirical validation, but also a method that reflects the specific features of an
Agribusiness food systems. This is called for in future research.
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