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Agent-based modeling,
a rich platform

for studying complex
evolving systems,

is used to model

a market where
ambidextrous and
nonambidextrous
organizations compete

for buyers.
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urbulence, uncertainty, dynamic processes, and networks increasingly charac-

terize competitive markets and business strategies. Consequently, there’s a need

to model such markets and strategies as dynamic, evolutionary processes—that is, as

complex adaptive systems.

There are three common approaches to investi-
gating competitive markets and strategies: cross-sec-
tional or longitudinal empirical studies with rela-
tively short-term data; analytical modeling based on
neoclassical economic foundations and profit max-
imization or game theoretic paradigms; and eco-
nomic experiments with real subjects. None of these
methods lets us adequately model and investigate
how things unfold over long periods of time. Com-
petitive strategy, like all evolutionary processes, oc-
curs relatively slowly over long periods of time. So,
even a time-series analysis of 20 or 30 years might
not reveal the true dynamics underlying a competi-
tive marketplace, especially if the data is coarse
grained and includes only ending quarters or years.

However, with agent-based modeling (ABM), you
can construct a virtual competitive market that gives
business strategists a Petri dish for investigating com-
petitive strategy. To accomplish this task, we built a
basic virtual marketplace that others could refine to
introduce more realism. Our purposes were twofold:

¢ to illustrate ABM’s value for studying competi-
tive-market processes and strategies and how the
complexities evolve over time and space, and

¢ touse ABM to assess the extent to which an orga-
nization should develop ambidexterity.!

Ambidextrous organizations have a dual focus:
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* exploitation, or making small, incremental
changes to what they’re good at and what they
know, and

e exploration, or making revolutionary changes that
characterize innovation.'-

Balancing exploitation and exploration is important
to the study of product innovation. This is an issue of
national concern as more countries try to become
globally competitive via innovation.

Strategy modeling:
ABM vs. traditional methods

One characteristic distinguishes ABM from virtu-
ally all other current methods for modeling compet-
itive strategies. Most traditional research and statis-
tical methods focus on the relationship between
constructs or variables.? Perusing contemporary re-
search in economics, management, and marketing
science reveals that scientists are trying to model how
construct A influences, causes, or relates to construct
B. On the other hand, ABM models the microscopic
actions and interactions of agents or actors (in our
case, sellers and buyers).

Viewing competitive market and business pro-
cesses not as the interaction of variables but as inter-
actions among agents who mutually influence each
other reduces economics to its most microscopic
level. In doing so, it tries to get below the surface of
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what’s often observed—the macroscopic
outcome of microscopic actions.

For instance, in economics, an analyst
could estimate demand models as the respon-
siveness of sales to price, advertising, or
product quality. The analyst would fit the or-
ganization or industry data to an equation
(linear or nonlinear) described by a set of
parameters that relate independent variables
to dependent variables.

On the other hand, with ABM, we would
model how organizations set their decision
variables in relation to competing sellers’
actions and how customers react to offers
from the organization and its competitors.
From these actions and interactions among
the organization, competitors, and customers,
a relationship or pattern would emerge be-
tween the organization’s decision variables
and sales. However, because the agents’ inter-
actions would comprise continuing processes,
the relationships or patterns between the vari-
ables would regularly change as the agents
themselves changed. This is the evolutionary,
complex adaptive-systems feature of many
agent-based models.

The ambidextrous organization
Researchers have written about ambidex-
trous organizations. James March suggested
that exploitation focuses on efficiency, pro-
duction, refinement, implementation, and
execution, while exploration focuses on dis-
covery, innovation, play, experimentation,
risk taking, search, and flexibility.2
Michael Tushman and Charles O’Reilly
compared corporate survival to evolutionary
biology, where adaptation to change occurs
slowly as a result of environmental change.!
This is consistent with evolutionary biology’s
view of species change—that species gradu-
ally adapt over time via variation, selection,
and retention. However, Tushman and O’Reilly
noted that Darwinian theory was altered to
reflect the occurrence of punctuated equilib-
ria, which is when long periods of gradual
change are interrupted by dramatic environ-
mental shifts. When this occurs, and the species
continues to change gradually, the species is
often subject to extinction. Consequently, when
organizations meet periods of rapid environ-
mental change, they must do more than exploit
what they know or do best. They must innovate
and explore new ways of coping and surviv-
ing. You never know when a major environ-
mental discontinuity will occur, so organiza-
tions should become ambidextrous.'
Because evolutionary biology has been a
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theoretical framework for speculating about
ambidextrous organizations and how they use
resources to enhance their survival, we have
an excellent setting for demonstrating ABM.
Exploitation and exploration strategies are
both learning strategies. Using a biological
analogy, learning via exploitation is like
learning via crossover, where the entity com-
bines its knowledge in different ways to
improve what it’s doing (that is, it recombines
existing genes in novel ways). It applies selec-
tion and reproduction to imitate or reproduce
what works and then discards what doesn’t
work. On the other hand, learning via explo-
ration can be accomplished with mutation,
where the entity does something different (for
example, obtains new genetic material by

Viewing compefifive market
and business processes as
inferactions among agenls

Wwho mutually influence each
other reduces economics
to its most microscopic level.

adopting a new technology), then uses selec-
tion and reproduction to keep and replicate
what works and discards what doesn’t work.
So, both exploitation and exploration use
selection and reproduction, but they differ in
how they obtain variation.

Testing competitive strategies
in a virtual market

We created a virtual world for testing var-
ious competitive strategies. Our theory of
ambidextrous organizations would suggest
adopting a different competitive strategy in a
stable environment than in an unstable envi-
ronment. We tested these hypotheses:

e In a stable environment, organizations
with high exploitation and low exploration
will perform best over time.

* In a turbulent environment, organizations
with high exploitation and moderate or high
exploration will perform the best over time.

Essentially, these hypotheses suggest that
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the environment’s turbulence moderates the
effect between learning strategies and the
organization’s performance.

Basic model structure

To make the agents in our model as life-
like as possible, we made them autonomous
and interdependent. That is, each agent can
make his or her own decisions, and there’s
no central authority or institution to coordi-
nate the system. However, the agents are
interdependent. Each agent influences and is
influenced by other agents. Together, the
agents help create a dynamic environment
that they must adapt to. The agents’ decision
making is driven by a set of “if A, then B”
rules. These are not static rules; these rules
can evolve on the basis of how well they have
helped the agent performed in the past. The
agents learn by studying what worked in the
past and constantly update their rules accord-
ing to their experience. But while they rely
on past experience for guidance, there’s a for-
ward-looking element in how they adapt.
They modify old rules to create new ones to
test in the marketplace. Therefore, they have
the ability not only to learn but also to create
new knowledge based on their past experi-
ence and information. They move into the
future by induction, not deduction.

In addition, we made our agents even more
realistic by making them heterogeneous,
with memory and bounded rationality but
lacking complete information about the
issues they confront. The agents don’t have
the superhuman abilities common to such
analytical models as those from the neoclas-
sical microeconomic paradigm.

In developing the virtual competitive
world, the key was not to model all the
details. Instead, we explored the simplest
set of assumptions to allow the virtual world
to generate the pattern of explanatory inter-
est (that is, the appropriate strategy to adopt
in a stable versus turbulent environment).>*

Our competitive market consists of Ny,
(80) buyers and Ny (4) sellers. The sellers
compete for customers. Each seller adjusts
price (P), product attribute (PA), and produc-
tion level (L) to improve profits. Each buyer
buys one unit per period, and all buyers have
the same preferred product attribute. However,
sellers don’t know the buyer’s preference or
that the buyers all have the same preference.
Each seller can set the price from $0 to $10
[P = (0, 10)], the product attribute from O to 10
[PA = (0, 10)], and the production level from
0to 80 [L = (0, 80)]. Furthermore, each seller
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has fixed costs (Fc) of $10 and variable costs
(Ve) of $0.50. The seller can’t hold the unsold
units in each period for future sale. Each buyer
will purchase from the seller that offers the
lowest score value (S), defined as S =P + oD,
where D is the absolute distance between a
buyer’s preferred attribute and the actual
attribute a seller offers. D measures the extent
of disagreement between the product attribute
the seller offers and the attribute the buyer
wants. ¢ controls D’s importance relative to
P in determining S. In the simulation, we set
o as 2. When more than one seller offers the
same S, they split the units sold evenly.

We also needed to model the environ-
ment’s turbulence as a market characteristic.
In a stable environment, the 80 buyers have
the same preferred product attribute through-
out the simulation. In a turbulent environ-
ment, the buyers’ preferred product attribute
varies randomly every 1,500 periods.

Modeling decision making
and learning

In determining P, PA, and L, each seller
must forecast what the other sellers will offer
and how the buyers will respond. To do well,
the sellers must learn to outguess each other.

So, how do sellers make decisions in such
an environment? Psychologists observe that
when people must make decisions and learn
in complex, ill-defined environments, they
rely on their innate ability to reason induc-
tively and analyze in fuzzy terms. Fuzzy
logic lets us efficiently process an immense
amount of complex information. We gain
efficiency from compressing the information
into a few fuzzy notions that we can handle
more economically using fuzzy logic. By
being less precise in our description, we can
be more relevant in our decision making.
Doing so improves our likelihood of survival
in a complex, ever-changing environment.

Furthermore, we must rely on inductive
reasoning because the lack of information
causes gaps in our reasoning and makes our
logical deductions fail.>® So, we sensibly fill
those gaps with tentative hypotheses. Specif-
ically, induction comprises two steps:

 Possibility elaboration uses our experi-
ence and available information to create a
spectrum of plausible alternatives or rules
of thumb.

* Possibility reduction tests those alternatives
to see how well they connect our incom-
plete premises to explain the data observed.
We then accept the best fit connection as a

viable explanation for the data observed.
Subsequently, when new information be-
comes available or when the underlying
premises change, the current connection
might not be a good fit anymore. When this
happens, a new alternative will take over.

To model inductive reasoning, we let each
seller continually create multiple “market
hypotheses” or rule bases (possibility elab-
oration). Each hypothesis is a collection of
fuzzy if-then rules that determines the action
to take under all contingencies. These hy-
potheses represent the seller’s subjective ex-
pectation model of why customers purchase
from a particular seller. The seller uses a
fuzzy inference system to model how these

When people must make
decisions and learn in complex,
ill-defined environments,

they rely on their innate abilify
fo reason inductively
and analyze in fuzzy terms.

hypotheses interact with the data observed in
each period to determine the actions to take.
The seller continually tests these hypotheses
in the market and tracks their effectiveness
using the fitness function, a mathematical
function of profits. In the end, sellers will
retain and act on hypotheses that can better
predict market behavior, and they’ll drop
poorly performing hypotheses (possibility
reduction). They’ll then replace the dropped
hypotheses with new ones.

To make our agents more realistic and hu-
man, we employed a fuzzy logic inference sys-
tem that can evolve and learn using a genetic
algorithm. The GA generates the new hypothe-
ses, tests the existing hypotheses in the mar-
ketplace, and weeds out the bad hypotheses.

Additionally, the system’s design lets us
capture some aspects of the associative-rea-
soning system identified by psychologists.
The associative system can help us understand
new information by associating it with the
knowledge already in our minds. The asso-
ciative system processes information in the
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same way that police officers compose a
sketch of a suspect by combining different
facial features from eyewitness accounts. This
process lets police officers create a picture that
closely resembles a suspect even though the
officers haven’t seen that suspect. Likewise, a
similar process helps us interpret new infor-
mation that we’ve never encountered before.

Our genetic fuzzy system uses decision
rules that are coded as strings of numbers. In
our system, there are two levels of association
at play. At a macro level, agents in the model
attempt to associate the rules to the market
states they’ve observed by matching the con-
ditions in the fuzzy rules with the current mar-
ket state. However, more important is the next
association level, which occurs in the back-
ground (agents don’t even notice it). Here, the
GA performs schema-level association.

A schema is a similarity template that we
can generalize from a collection of strings
representing the rules. For instance, a possi-
ble schema for the strings {00110, 00111,
01110} is (0*11%*), where * represents a wild
card. Schemas are useful because they let a
GA quickly find general patterns that lead to
better decision making. Furthermore, in a
GA, the searches occur in parallel among all
existing schemas. This phenomenon is
known as implicit parallelism. (Holland’s
Schema theorem shows that a GA’s implicit
parallelism lets it process on the order of A3
schemata per generation, where N is the
number of strings in the population. So, if we
have 100 strings, a GA will process on the
order of one million schemata.)

Our mind also appears to order and reorder
concepts in a successively more abstract form,
like a GA’s schema representations. Such sub-
conceptual representations have two advan-
tages. Like a GA’s schemata, these subcon-
ceptual representations in our mind allow more
efficient storage and processing of new infor-
mation. Instead of having to store every piece
of new information as is, our mind can instead
represent the new (perhaps complex) infor-
mation as subconceptual models. These sub-
conceptual models serve as building blocks for
bigger, more complex notions. In addition,
such subconceptual models not only symbol-
ize a concept but also represent some of its
internal structure. They constitute an analysis
of a concept. The advantage of including such
analyses in a representation is to permit sim-
pler, faster processing of reasoning.

Making fuzzy inferences
Our model’s fuzzy rule looks like
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If (P / P)is Al, (Qi/é) is A2,
and (1-Q,/L;) is A3,

then Pis C1, P4/ is C2,

and ¢/ is C3

where P is the maximum price offered in the
last period and Q is the maximum units de-
manded from a seller in the last period. The
input variables [P;, Q;, L;] refer to the price
seller 7 offered, the units buyers demanded
from seller i, and the production level seller i
adopted in the last period, respectively. If
Q; > L;, the seller won’t have enough units to
meet the buyer’s demand; consequently, the
most units the seller can offer is L;. Conversely,
if Q; <L, the seller will have excess inventory
after meeting the buyer’s demand. Because our
model assumes that the product is perishable
and can’t be carried over to the next period, it’s
costly for the seller to carry excess inventory.
However, it’s also costly in terms of lost sales
for the seller to not have sufficient inventory
to meet the buyer’s demand. The output vari-
ables [P;”, PA;, ¢;"] refer to the new price, new
product attribute, and new production para-
meter value for the seller i to set for the next
period. The actual production level is deter-
mined as a product of this parameter value and
the number of buyers in the market, which
we’ve set to 80. For example, if the new pro-
duction parameter’s value is 0.5, the actual pro-
duction level will be 0.5 x 80, or 40 units.

The antecedents Al, A2, and A3 and the
consequences Cl, C2, and C3 are fuzzy
sets™!0 that depict the states of the input and
output variables. We characterize the possible
states that each antecedent can assume as
“low,” “moderately low,” “moderately high,”
and “high,” and we code them as “1,” “2,”“3,”
and “4.” As long as the prevailing state
matches these conditions, the rule’s condi-
tional part will be fulfilled, and the rule will
be activated. However, because these variables
are intrinsically fuzzy, the conditions they
describe will likely match many market states.
So, what really matters is the degree to which
each condition is fulfilled. We set the universe
of discourse (that is, the range) for the input
variables (B/P) and (Q;/Q) to [0, 1]. For the
third input variable (1 — Q;/ L;), we set the uni-
verse of discourse to [-1, 1].

On the other hand, the possible states for
C1, C2, and C3 are represented by seven
fuzzy sets, which are coded as “1,” “2,” “3,”
“4,)“57“6,” and “7.” We set the universe of
discourse for the new price and product
attribute to [0, 10] and the universe of dis-
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Values assumed in the example

Price (P) Demand (@) Prod. Level (L)
Seller 1 1.25 10 22.22
Seller 2 1.00 50 50.00
Seller 3 1.10 15 40.00
Seller 4 5.00 0 30.00
(a)
Seller 1’s inputs to the fuzzy rules
2 1.25 Q 10 Q 10
L= — =025 | = [=—=02, | I-—L |=1—-———=10.55¢
(b) [P J ( ® ) ( Q J 50 ( i ) 22.22

How the input states are transformed to output decisions
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1. Feeding the inputs to the fuzzy inference system creates several lightly shaded truncated fuzzy
sets in the three columns on the left of figure 1C.

2. The inputs are connected with the logical connective AND. We model the effects of AND by
transferring for each row the minimum height of the truncated fuzzy sets in the previous step to
the fuzzy sets for the corresponding row in the three columns on the right. This creates the darker

truncated fuzzy sets.

To obtain a numerical value for each output decision, the darker truncated fuzzy sets in each

column are aggregated and the centroid of the aggregated area is computed. This is depicted by the
picture at the bottom of each of the three columns on the right. The results are [3.28, 4.03, 0.53]

(c)

for the price, product attribute, and production decisions, respectively.

Figure 1. The fuzzy inference system.

course for the new production parameter to
[0, 1]. In our model, the fuzzy inference sys-
tem needs 64 fuzzy rules to guide decision
making under all contingencies. This is
because there are three antecedents that can
assume four possible fuzzy states (low, mod-
erately low, moderately high, and high), giv-
ing rise to 43 or 64 possible states. Collec-
tively, these 64 rules form a rule base, which
we consider to be a seller’s hypothesis about
how consumers and other sellers will respond
to his or her business decisions. Each seller
maintains 10 rule bases at any moment. We
can economically code each fuzzy rule base
as [A1,Ap, A3 | Cq, Cp, C3], whichis a 64 X
6 matrix, where A;,Ap, Az e {1,2,3,4} and
C1,Cp,C3€ {1,2,3,4,5,6,7}.

Figure 1 uses a simple example to clarify
how the fuzzy inference system evaluates the
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input variables in the rules and transforms
the input values to decisions on a new P,
PA, and L. We assume that the fuzzy rule base
only has 10 fuzzy rules. Using our coding
convention, the fuzzy rule base looks like this:

1 2 3(4 7 5
1 2 4|1 4 2
1 3 1(2 3 2
2 1 2(1 35
2 1 3(3 2 6
2 1 43 31
321141 3
32 3|17 36
32 4|17 31
4 1 2(4 4 1
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Random number = 0.1

Pointer 1 Pointer 2 Pointer 3 Pointer 4 Pointer 5 Pointer 6
1 2 3 4 5 6 7 8 9 10
I | | | |
| | | | | | l T
0.0 T 0.18 0.34 0.49 062 073 0.82 095 1.0

Figure 2. Integers represent objects of interest.

Inductive learning

This section provides the relevant pseudo-
code to illustrate how we model inductive
learning. We constructed our model using
Matlab and its companion Fuzzy Logic Tool-
box. Although we wrote the code for our
model from scratch, it’s not necessary for
anyone interested in implementing ABM to
do so. In recent years, numerous (mostly
free) software packages have become avail-
able that let people implement ABM without
having to code the model from scratch. For a
comprehensive list of software tools for pro-
gramming agent-based models, see www.
econ.iastate.edu/tesfatsi/acecode.htm.

Pseudocode. The pseudocode in figure 3
illustrates how we use a GA to model induc-
tive learning and how this fits in the main
program. We’ve omitted details in the pro-
gram that aren’t directly relevant to our task
at hand. To denote the program’s variables,
we use these notations:

e §=score value

e P =product price

e D =absolute distance between the product
attribute offered and the desired attribute

e Ny =number of sellers

* Np =number of buyers.

We alter the probability of crossover and
mutation to reflect varying degrees of am-
bidexterity. The probability of crossover is
[0.5,0.5, 1.0, 1.0] and the probability of muta-
tionis [0.5,0.25,0.25, 0.05] for sellers 1 to 4,
respectively. Consequently, sellers 1, 2, and
3 are more ambidextrous, and seller 4 is less
ambidextrous.

Stochastic universal sampling. Our model
uses the SUS method. In our experiments, we
desire a random selection of N objects (rule
bases) from a population of size 7. To imple-
ment SUS, we first define a 1 X T vector where

each cell holds an identifier for each object,
from the most fit object to the least fit object.
(In our case, the identifier is the fitness value,
which measures how effective the rule base has
been in the past. T'is 10 because each seller can
have 10 rule bases.) We label this vector T. We
define the identifier for object i as d; and define
S, = Zledi /211';1 d; so that the vector S =
[S1 52 S3 ... 1] contains the accumulations of
the normalized fitness values for the 7 objects
(see figure 2). The SUS method selects the
desired N objects of interest!! in one step, using
N equally spaced pointers separated by the dis-
tance 1/N. As in figure 2, a random number ‘
equal to 0.1 is drawn from U[0, 1/T7, followed
by the computation of the N equally spaced
pointers, which are placed in the vector

é:
P .~ 2
[ oi+— i+—
N
~ 3 ~ N-1
f+— i+
N N

The N desired objects are then chosen by
whether the pointers in p lie within the
intervals defined by the points in S. In figure
2, the objects [1, 2, 3, 4, 6, 8] are selected.

The virtual world of
ambidextrous organizations

‘We simulated our virtual world over 25,000
periods. You could consider a period to be one
day, so 25,000 periods would be approximately
70 years. Because crossover and mutation can
occur every 30 periods, this would equate to
one month. This could coincide with a monthly
meeting where employees and management
share ideas about past and future decisions,
mimicking crossover. At the same time, the
organization could decide to randomly try new
approaches, mimicking mutation.

A stable environment
As we predicted, the seller who pursued a
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strategy of high exploitation and low explo-
ration (seller 4) performed better than the
more ambidextrous sellers. In fact, seller 4
was the only highly profitable seller in the
stable environment. Because the buyer pref-
erences were stable, sellers had no incentive
to explore new product offerings at a mod-
erate or high level. So, this level of explo-
ration was often costly. Figure 4 shows the
sellers’ average cumulative profits or losses
over 20 simulations, with each simulation
running for 25,000 periods. Seller 4 had aver-
age cumulative profits of $253,491 (see fig-
ure 4a). The ambidextrous sellers (sellers 1,
2, and 3) experienced average cumulative
losses of $318,995, $224,272 and $74,883,
respectively. These sellers used a strategy
opposite of what you would expect an in-
formed organization to use. Given the stable
environment, they should have heavily ex-
ploited or refined the successful product
offerings and should have avoided explo-
ration. Instead, they explored at a moderate
to high level. Notably, seller 3 lost the least
among the ambidextrous sellers. Seller 3
wisely had high exploitation, but its moder-
ate exploration didn’t serve it well given the
unchanging environment.

A turbulent environment

As we mentioned earlier, we let buyers
randomly change their product preferences
every 1,500 periods (that is, every 50 months
or approximately every four years) to model
a turbulent environment. Figure 4b shows
the four sellers’ average cumulative profits
for a turbulent environment. As we hypoth-
esized, the more ambidextrous sellers per-
formed best. However, much as in the stable
environment, seller 3 performed best among
the ambidextrous organizations. It appears
that in an environment characterized by
major discontinuities, it’s best to have a high
level of exploitation and a moderate level of
exploration. Seller 3 earned $199,667, while
sellers 2 and 4 earned $50,326 and $51,529,
respectively. As we expected, seller 1 did
poorly because the organization innovated
too frequently and failed to adequately
exploit its innovations as it adjusted to the
major environmental discontinuities. So, it
made a meager average cumulative profit of
$12,815—1Iess than one-fifteenth of seller
3’s earnings.

Proper use of ABM for virtual

competitive markets
It’s important to use ABM appropriately
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MAIN PROGRAM
Initialize the model.
WHILE time < 25,000

ENDWHILE

CROSSOVER AND MUTATION ROUTINE
FOR each of the four sellers,

ENDFO

FOR each of the four sellers,
Use data from previous period fo compute the states of the three input variables fo the fuzzy rules.
On the basis of the fitness values of the rule bases, use the stochastic-universal-sampling (SUS) method to select one rule base out of the 10 rule bases
to guide the decision making.
Feed the states of the input variables to the chosen rule hase fo compute the decisions.

On the basis of the seller’s decisions, buyers compute their score values (S = P+ 2D) for this seller and store results in a score matrix (Ns x Ab).
ENDFOR

FOR each of the 80 buyers,
Check the score matrix to determine which seller has the minimum score value and therefore got the sales from this buyer. The seller that got the sales

will have a “1” recorded in a sales matrix (Ns x Ab).
ENDFOR

FOR each of the four sellers,
Aggregate the values in the sales matrix o determine the fotal sales units secured by each seller.
IF sales units > units produced by the seller, THEN set sales = units produced.
Compute Jxrofiis made by each seller and their new wealth (profit; = price; x sales;— 0.5 x production;— 10. The variable cost and fixed cost per unit
is 0.5 and 10, respectively. wealth; ;= wealth; _ ;; + profit;).
Update the fitness value (fit;; ;= (1 - 0.005)fit; 1 ;;+ 0.005 x profit;) of the rule bases that had been used for decision making.
ENDFOR

IF 30 periods have transpired since the lost crossover and/or mutation, THEN execute the crossover and mutation routine.
ENDIF
INCREMENT time by 1.

Save the two rule bases that have the highest fitness values in “bestRB” to avoid being altered.

CROSSOVER SUBROUTINE
IF uniform random number <= crossover probability, THEN
Use the SUS method to identify six of the most fit rule bases for crossover. (Rule bases with higher fitness values are more likely o be selected.)
Extract the fuzzy rules from the selected rule bases and store half in a matrix labeled “Parent1” and half in a matrix labeled “Parent2.”
(reate two new matrices by setting Child1 = Parent] and Child2 = Parent2.
(remﬁ another matrix that has the same size as Parent] and fill this matrix at random with zeros and ones with 50/50 probability. Call this the
“Mask” matrix.
Locate the coordinates of the ones in the Mask matrix.
Use these coordinates fo extract the values in similar positions from Parent] and Parent2.
Insert the values exiracted from Parent2 into similar positions in Child].
Insert the values extracted from Parent] into similar positions in Child2.
Use SUS fo identify six of the least fit rule bases for eriminulion.
Replace the rules in the rule bases identified for elimination with the new rules stored in Child1 and Child2.
ENDIF

MUTATION SUBROUTINE

IF uniform random number <= mutation probability, THEN
Use the SUS method to identify six of the most fit rule bases for mutation.
Extract the fuzzy rules from the selected rule bases and subject these rules to mutation by randomly switching with 50 percent probability each fuzzy
set in the output variables to any of the seven allowed fuzzy seis (1, (2, (3 € {1,2,3,4,5,6,7}).
Use SUS fo identify six of the least fit rule bases for elimination, and replace the rules in these rule bases with the rules that are created from the
mutation process in the previous step.

ENDIF

Reinsert the two best rule bases stored in bestRB.

Figure 3. Pseudocode illustrating how a genetic algorithm can model inductive learning.

to grow virtual competitive worlds. As ABM
software becomes more accessible, you’ll be
tempted to build models and draw conclu-
sions that might be misleading unless you
understand ABM’s proper use.
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Don’t use to make precise
quantitative predictions

Although agent-based models can provide
qualitative insights, you shouldn’t use them
to produce highly calibrated quantitative pre-

www.computer.org/intelligent

dictions. If you try to use ABM to forecast
with precision, you’ll be disappointed. ABM
is a highly simplified model of basic pro-
cesses that characterize the microactions of
agents that result in macrostructures. So, you
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Figure 4. The average cumulative profit payout for four sellers in (a) a stable
environment with fixed buyer preferences and (b) a turbulent environment

with varying buyer preferences.

should use ABM to show how and why cer-
tain qualitative patterns emerge.

Do use to test strategies or theory
You can use ABM in many cases to test
strategies or theory. How is it that ABM can’t

make precise, reliable quantitative predictions
but can test theory? Virtually all hypotheses
dealing with competitive strategy are qualita-
tive. They generally take the form “Construct
or variable A is positively (or negatively)
related to construct or variable B.” They don’t

www.computer.org/intelligent

take the form “If A rises by X percent, then B
will rise (or decline) by Y percent.” Most
research in economics, marketing, and man-
agement science is basic and not intended to
provide precise metrics on response functions
or relations between variables or constructs.
In this regard, ABM is capable of validating
qualitative hypotheses. In fact, it can go fur-
ther to help identify the microactions of agents
that would produce the type of qualitative pre-
dictions that most hypotheses make.

Do use for thought experiments

You can use ABM to conduct thought
experiments. If you want to understand fun-
damental processes, you can model those
using simple rules and examine the results
to increase your understanding. Remember
to keep the rules or assumptions simple. If
you try to make the models too realistic, you
might undermine their usefulness in thought
experiments. These models don’t necessarily
“aim to provide an accurate representation
of a particular empirical application. Instead,
ABM'’s goal is to enrich our understanding
of fundamental processes that may appear in
a variety of applications.”*

Alter akey contingency or connection and
watch what happens. Assume your organi-
zation is operating in a turbulent market with
four sellers, and each seller has the same
level of ambidexterity. You find that being
ambidextrous doesn’t offer your organiza-
tion a relative competitive advantage. So, you
engage in a thought experiment and reason
that if you could learn more quickly than the
other organizations, you would perform bet-
ter. To test this idea, you could use the pre-
vious ABM and give all sellers a 100 percent
chance of crossover. Then, have three sellers
experience crossover every 30 periods and
one seller every 24 periods. At the same time,
give each seller a 25 percent chance of muta-
tion. Have three sellers experience mutation
every 30 periods and one seller every 24 peri-
ods. Essentially, one seller can learn, via
exploitation and exploration, 20 percent
faster than the other sellers (that is, every 24
periods versus every 30 periods).

Do use to bridge micro
and macro models

Agent-based models can bridge the gap
between macromodels and micromodels. Al-
though agent-based models begin with auto-
nomous agents’ actions and interactions, they
create macrostructures. So, they can show how
a macrosystem emerges and suggest a focus

IEEE INTELLIGENT SYSTEMS



for understanding microlevel mechanisms. To
see if you can explain a macrostructure, you
might try to grow it in a virtual world. Essen-
tially, you want to uncover what processes
produce a result, pattern, or outcome that you
observe in a macrostructure.

o rganizations can modify our model to
reflect their industry, including the
number of organizations, level of environ-
mental turbulence, and supply and demand
factors. Simulations using the recalibrated
model can help organizations decide what ef-
fort and resources they should devote to ex-
ploitation versus exploration.

As economics, marketing, and manage-
ment science advances and attempts to bet-
ter capture competitive markets’ processes,
complexities, and evolutionary and adaptive
nature, we believe ABM will become more
popular as a research method. ABM has di-
verse potential applications. For instance,
interactions and actions of buyers and sell-
ers can influence the overall level of price
movements, such as rapid cascades of price
inflation or deflation. This example also illus-
trates ABM’s value to public policy. For in-
stance, changes in tax policy, patent policy,
and advertising regulations could impact how
quickly innovation or changes occur in poli-
cies on price controls (such as rent control) or
taxing of certain goods (such as taxes on
owning or renting a house).

A growing area of investigation in eco-
nomics is networks. Networks inherently in-
volve the interactions of entities, making
them ideal for ABM. Social networks such
as the Internet have attracted much research
attention because of the rise in stock fraud
on the Internet. The emergence of Internet
technology has made it feasible for a market
manipulator to manipulate many investors at
lightning speed with negligible costs, while
remaining anonymous. The dual advantages
of low mass-distribution costs and anonymity
has resulted in hundreds of Internet fraud
cases. This prompted the US Securities and
Exchange Commission to create the Internet
Enforcement Office to deal solely with Inter-
net fraud.

You can also use ABM to investigate how
a social network’s characteristics make stocks
more vulnerable to cyber manipulations.
There’s a growing interest in supply and value
networks and the processes that they manage.
These can range from traditional procurement
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and logistical processes to collaborative
processes focused on product development
or other complex issues.

Finally, the emerging field of service sci-
ence yields other opportunities for appli-
cations, such as in modeling service flows
in a hospital or local police and fire pro-
tection. One area where competitive strat-
egy is always pervasive is military combat.
Here, the agents can be the soldiers and
their equipment, and various interaction
patterns over space and time can be mod-
eled using ABM. ™

References

1. M. Tushman and C.A. O’Reilly, “Ambidex-
trous Organizations: Managing Evolutionary
and Revolutionary Change,” California Man-
agement Rev., vol. 38, no. 4, 1996, pp. 8-30.

2. J.G. March, “Exploration and Exploitation in
Organizational Learning,” Organizational
Science, vol. 2, no. 1, 1991, pp. 71-87.

3. M.W. Macy and R. Willer, “From Factors to
Actors: Computational Sociology and Agent-
Based Modeling,” Ann. Rev. Sociology, vol.
28,2002, pp. 143-166.

4. R. Axelrod, The Complexity of Cooperation,
Princeton Univ. Press, 1997.

5. B.W. Arthur, “Designing Economic Agents

www.computer.org/intelligent

That Act Like Human Agents: A Behavioral
Approach to Bounded Rationality,” American
Economic Rev., vol. 81, no. 2, 1991, pp.
353-359.

6. L.E.Blume and D. Easley, “Evolution of Mar-
ket Behavior,” J. Economic Theory, vol. 58,
no. 1, 1992, pp. 9—40.

7. N. Rescher, Induction: An Essay on the Jus-
tification of Inductive Reasoning, Univ. of
Pittsburgh Press, 1980.

8. H.A. Simon, “On the Concept of Organiza-
tional Goal,” Administrative Science Quar-
terly, vol. 9, June 1964, pp. 1-22.

9. G.J. Klir and B. Yuan, Fuzzy Sets and Fuzzy
Logic: Theory and Applications, Prentice
Hall, 1995.

10. B. Kosko, Fuzzy Thinking: The New Science
of Fuzzy Logic, Hyperion, 1993.

11. H. Pohlheim, “Evolutionary Algorithms:
Selection,” GEATbx: Genetic and Evolution-
ary Algorithm Toolbox for Use with Matlab
Documentation, 2005; www.geatbx.com/docu/
algindex-02.html.

For more information on this or any other com-
puting topic, please visit our Digital Library at
www.computer.org/publications/dlib.

57




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 1.8)
  /CalRGBProfile (Apple RGB)
  /CalCMYKProfile (U.S. Sheetfed Uncoated v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (Color Management Off)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName <FEFF0068007400740070003a002f002f007700770077002e0063006f006c006f0072002e006f00720067ffff>
  /PDFXTrapped /False

  /Description <<
    /ENU <FEFF0049004500450045002000580070006c006f0072006500200073007000650063007300200066006f0072002000440069007300740069006c006c0065007200200036002e0020004d0056>
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


