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Abstract 
In this paper, co-evolution is used to examine the 
long-term evolution of business models in an industry. 
Two types of co-evolution are used: synchronous, 
whereby the entire population of business models is 
replaced with a new population at each generation, and 
asynchronous, whereby only one individual is 
replaced.. 
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1. Introduction 
It may be useful, for strategic planning purposes [19], 
to be able to generate possible future trajectories for an 
industry. Industrial Organization (IO) and Game 
Theory (GT) [7] are often used to predict the outcome 
of rather simple economic situations. One problem is 
that exact results are out of reach as soon as the 
modeled situation becomes realistic. Oligopolistic 
behavior continues to be a challenge to economic 
theorists, even in cases restricted to competition in 
price alone. Another problem is the difficulty of 
integrating innovation into such calculations, as the 
space of possibles has to be predefined. We have used 
simulated co-evolutionary dynamics to examine the 
long-term dynamics of business models in the Internet 
Service Provider (ISP) industry. Evolutionary ideas 
have been present in economics for some time in 
connection with game theory [2,20]. More recently, 
following the pioneering work of Holland [10], 
numerous researchers have applied evolutionary 
algorithms [10, 9,18] directly to the adaptive behavior 
of economic agents [1,5,6,11,13,14,15,16].  

The work of Marks and colleagues [13,14,15,16] 
is particularly relevant to this paper as it describes how 
genetic algorithms can be used to breed brand 
strategies (for example, store strategies such as 
frequency and duration of promotions) for brands of 
coffee in a US regional market; using a simple market-
response model, they co-evolved strategies. Some of 
their work uses a multi-population GA where each 

population corresponds to a particular firm that has a 
specific cost structure, brand recognition, etc. In this 
article, we are concerned with the long-term trajectory 
of an industry, not necessarily with optimizing a 
specific strategy for a particular firm; as a result all the 
components of a business model are variable, 
including the cost structure (although the cost structure 
may impact, say, quality of service) and a single 
population is used. One remarkable feature of the 
work of Marks and colleagues is the use of an 
empirically-grounded fitness function calculated using 
econometric techniques; in other words, how the 
market is going to respond to a particular change in 
strategy is quantitatively plausible. The work 
presented here has a similar grounding in market 
research data on the ISP industry (1995-2001). The 
major advance of this paper is our extensive analysis 
of the results of the co-evolutionary dynamics. Other 
co-evolutionary work in economics include the works 
of Curzon Price [4] and Miller [17].  

2. Agent-Based Model 

2.1. Customer agents 
The order book matches orders in a continuous. A 

customer is in one of 6 categories (Small Budget: SB, 
Email Addict: EA, Family User: FU, Night User: NU, 
Always Connected: AC, Timid User: TU). While in 
reality the makeup of a marketplace changes in time it 
is static in our simulation. The makeup of the agent 
population could be described as mature. A large 
fraction of the consumers, 35%, have broadband while 
most of the remaining, also 35%, are limited only by 
their small budgets. New users of the internet 
represent only 7% of the total population. Smaller 
specialty clusters make up the remaining 23% consists 
of specialty classes. In simulations we use 100 agents, 
with 50 SB agents, 10 EA agents, 10 FU agents, 10 
NU agents, 50 AC agents and 10 TU agents. Customer 
agents are described by 9 parameters that describe how 
an agent chooses an offering and/or switches offerings. 
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There are 4 variables describing the relative 
importance of (a) modem speed, (b) monthly price, (c) 
service level, (d) being subjected to advertising; and 4 
variables describing desired (a) price per month, (b) 
modem speed, (c) service level, (d) hours of internet 
usage during each of three 8 hour blocks of the day. 
Desired internet usage is the same for each of the 28 
days of the month. The desired service level is a 
measure of what fraction of login attempts the user 
hopes will be successful. In the early days of ISPs all 
of the access lines would sometimes be busy. The 
desired service level parameter range is 0 to 100%. 
Once created, none of the above properties may 
change during the course of the simulation. Each 
customer category is characterized by a mean value for 
each of the parameters; the population of customer 
agents is created by generating agents that have 
parameters values drawn from a uniform distribution 
in the interval mean value +/- 20%. Each customer 
agent evaluates each ISP offering option and then 
either chooses the one with the highest rating or makes 
a stochastic roulette-wheel style choice. When 
evaluating the offerings each agent examines every 
offering by computing a score which takes into 
account the characteristics of the offering. Once an 
agent chooses an offering it cannot cancel for any 
reason until their contract expires. An agent cannot be 
subscribed to more than one offering at a time. 

 

2.2. ISP agents 
ISP agents provide the offerings that customer agents 
choose. Each ISP has number of ports (modems) each 
of which can provide a single user internet access. 
ISPs collect money from customer agents, gather and 
provide some statistics, update the number of ports 
they desire, adjust the actual number of ports they 
have, and make some payments to sustain their 
business. They do not kick agents out for non-
payment, fine tune their offerings dynamically, or 
adjust the shape of their response function. Each ISP 
has a desired maximum level of usage as a fraction of 
possible usage. That is, if an ISP can accommodate 
100 users with 56KB/s ports they may aim to have, at 
most, 75 users online during peak times. The 
reasoning for this is that on a week to week basis an 
ISP may get a sudden influx of customers. If at any 
point there are less ports available than requested by 
customers then customers service level perception will 
decrease. As service level is typically one of the 
important characteristics customers use to make their 
internet provider choices ISPs are interested in 
maintaining a positive image. On the other hand, ports 
cost money to purchase and upkeep, due to 

depreciation. To remain competitive in a net revenue 
sense, ISPs also have the ability to adjust down the 
number of ports. By usage we mean the number of 
hours ports are accessed by agents. A single port can 
support 24 hours/day of usage. As the day is broken 
into three blocks, (early; middle; evening), each port 
has a maximum usage of 8 hours in this period. If an 
ISP has a single port and four users each want two 
hours of access during the evening, they will all 
succeed. The ISP will note a desired utilization for this 
port type and time of day of 8 hours and an actual 
utilization rate of 100%. If suddenly an additional user 
joins the party each subscriber will be said to have 
accessed the port with an actual utilization rate of 
80%. The ISP will then note a desired utilization for 
this port and time of day of 10 hours. At the end of 
each week, each ISP is given information on the 
desired usage experienced by their customers broken 
down by service type and time of day. 

2.3. Simulation specifications 
One simulation runs for 100 weeks. Initially, no agents 
are signed up for an offering. All agents begin their 
interaction with ISPs from the first week. ISPs all 
begin with 5 ports of each type. Our experiment 
included a market of 10 ISPs each with a single 
offering. 

3. Co-Evolution 

3.1. Synchronous co-evolution 
In synchronous co-evolution, the entire population 

is replaced with a new generation at the end of the 
simulation, following traditional GA mechanisms. 
ISPs are assigned a fitness value which is net income 
at the end of the simulation. Each individual is 
mutated and mates with a partner drawn from biased 
roulette wheel sampling based on fitness. This is 
repeated for 1000 generations. 
 

3.2. Asynchronous co-evolution 
In asynchronous co-evolution, a randomly 

selected individual in the population is replaced at the 
end of one simulation. It is replaced by mutating it and 
crossing over with an individual selected by biased 
roulette-wheel sampling in a manner similar to the one 
described in 3.1. The new individual is then tested 
against its competitors; if its fitness is lower than the 
fitness of the individual it replaced, the new individual 
is discarded and the population remains unchanged. 
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This process is iterated for 10,000 generations. Clearly 
in the asynchronous case many generations may pass 
with little to no change in the population makeup. 
New individuals may not be competitive and therefore 
not lead to a change in the population. 
 

3.3. Encoding and operators 
The chromosome is formally made up of a mixture of 
real, integer, and Boolean variables. Table 1 shows the 
fields included in chromosome used.  

 

Table 1: Parameters modified in the course of evolution. 
 
For mutation, Gaussian noise is added to each real 

and integer valued gene with a zero mean and a 
variance equal to 3% of the permissible gene value 
range. For example, if a gene can take a value from 0 
to 100, our variance for this gene is 3. Furthermore, 
we require the new gene value to be within the 
permissible range. 

The crossover operator used in this study is a 
simple, uniform random one-point crossover. 
 

4. Experiment and Results 
In order to analyze the results of the synchronous and 
asynchronous co-evolutionary runs, a k-means 
clustering algorithm was used and tested with various 
values of k for each co-evolutionary run [12]. In both 
the synchronous and asynchronous co-evolutionary 
experiments, we found that the ISPs could be best 
described by six clusters.  
 
Tables 2 and 3 show the values of the various co-
evolved parameters typical of each of the six clusters. 
Table 2 is for synchronous runs, while Table 3 is for 
asynchronous runs.  
 

 
Table 2: Clusters obtained with synchronous co-evolution. 

 

 
Table 3: Clusters obtained with asynchronous co-evolution. 

 
Fig. 1: Market shares of clusters obtained with synchronous 
co-evolution. 

 
Fig. 2: Market shares of clusters obtained with 
asynchronous co-evolution. 
 
Figures 1 and 2 show the respective market shares of 
the various identified clusters. It is apparent from 
those graphs that the synchronous is much more 
irregular than the asynchronous one, as one would 
expect. In addition, market shares are more evenly 
distributed among clusters with the synchronous co-
evolutionary dynamics than with the asynchronous 
one where there is some degree of market 
concentration. One of the interesting results of the 
experiments is the existence of a dominant cluster 
across all marketplace asynchronous co-evolutionary 
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runs. In other words, as shown on Figure 3, certain 
clusters have a 40% probability of being present in the 
ISP ecosystem, suggesting that such clusters represent 
structurally dominant offerings or business models. 
There is no such emergence of dominant clusters in 
the synchronous case. 
 

Fig. 3: Percentage of co-evolutionary runs where each 
cluster is present. 

5. Conclusion 
This article introduces a simple co-evolutionary model 
for describing the potential future trajectories of the 
ISP industry. Synchronous and asynchronous forms of 
co-evolution are used. The asynchronous dynamics, 
which arguably more closely reflects the actual 
dynamics of the industry, reproduces stylized features 
of the real marketplace, such as some degree of market 
concentration, and generates dominant offerings that 
seem to be present in a large fraction of future 
scenarios.   

6. References 
[1] Alemdar N.M., Özyildirim S. (1998) A genetic 

game of trade, growth and externalities, Journal 
of Economic Dynamics and Control 22(6): 811-
32. 

[2] Axelrod R. (1984) The Evolution of 
Coöperation, N.Y.: Basic Books. 

[3] Cooper, L. G., Nakanishi, M. Market Share 
Analysis: Evaluating Competitive Market 
Effectiveness. Kluwer, Boston, MA, 1988. 

[4] Curzon Price T. (1997) Using co-evolutionary 
programming to simulate strategic behaviour in 
markets, Journal of Evolutionary Economics 
7(3): 219-254. 

[5] Dawid H., Kopel M. (1998) On economic 
applications of the Genetic Algorithm: a model 
of the cobweb type, Journal of Evolutionary 
Economics 8(3): 297-315. 

[6] Dawid H., Mehlmann A. (1996) Genetic learning 
in strategic form games, Complexity 1(5): 51-59. 

[7] Fudenberg D., Tirole J. (1991) Game Theory, 
Cambridge: M.I.T. Press. 

[8] Fujiki, C., Dickinson, J. (1987) Using the genetic 
algorithm to generate Lisp source code to solve 
the Prisoner's Dilemma. In: Grefenstette J.J. (ed.) 
Genetic Algorithms and their Applications, 
Proceedings of the 2nd. International 
Conference on Genetic Algorithms, Hillsdale, 
N.J.: Lawrence Erlbaum. 

[9] Goldberg, D. E. Genetic Algorithms in Search, 
Optimization and Machine Learning. Addison-
Wesley Longman Publishing, 1989. 

[10] Holland, J.H. (1975) Adaptation in Natural and 
Artificial Systems, Ann Arbor: Univ. of 
Michigan Press. (A second edition was published 
in 1992: Cambridge: MIT Press.) 

[11] Holland J.H., Miller J.H. (1991), Artificial 
adaptive agents in economic theory, American 
Economic Review: Papers and Proceedings, 
81(2): 365-370. 

[12] Jain, A. K. & Dubes, R. C. 1988. Algorithms for 
Clustering Data. Prentice Hall, Englewood 
Cliffs, NJ. 

[13] Marks R.E. (1992) Breeding hybrid strategies: 
optimal behaviour for oligopolists, Journal of 
Evolutionary Economics 2: 17-38. 

[14] Marks, R.E. (1998) Evolved perception and 
behaviour in oligopolies, Journal of Economic 
Dynamics and Control 22(8-9): 1209-1233. 

[15] Marks R.E., Midgley D.F., and Cooper L. (1995) 
Adaptive behavior in an oligopoly, in 
Evolutionary Algorithms in Management 
Applications, ed. by J. Biethahn and V. Nissen, 
Berlin: Springer-Verlag, pp.225-239. 

[16] Midgley D.F., Marks R.E., Cooper L.G. (1997) 
Breeding competitive strategies, Management 
Science, 43(3): 257-275. 

[17] Miller, J.H. (1996) The coevolution of automata 
in the repeated Prisoner's Dilemma, Journal of 
Economic Behavior and Organization 29: 87-
112. 

[18] Mitchell M. (1996) An Introduction to Genetic 
Algorithms, Cambridge: MIT Press. 

[19] Ringland, G. Scenario Planning. Managing for 
the Future. John Wiley & Sons, NY, 1998. 

[20] Selten R. (1991) Evolution, learning, and 
economic behavior, Games and Economic 
Behavior 3: 3-24. 

 

1169


	BOOK2.pdf
	BOOK2.pdf
	BOOK2.pdf
	BOOK2.pdf
	BOOK2.pdf
	BOOK2.pdf
	BOOK2.pdf
	final_CBGI-23.pdf
	final_CBGI-23.pdf
	SSP ALGORITHM
	Acknowledgements






	revised_WDM-3.pdf
	Introduction
	Retrieval
	Processing
	Cleansing
	Mining
	Visualization
	Conclusion
	REFERENCES

	final_WDM-27.pdf
	1. Introduction
	2. Sensor networks as databases
	2.1. Similarities
	2.2. Differences

	3. SQL-like query language
	4. Silent messages
	5. Simulator
	5.1. Preparing queries
	5.2. Executing queries
	5.3. Results

	6. Related work
	7. Conclusion and future work
	8. References


	final_ESI-10.pdf
	A Web-based Decision Support System for Linear Bilevel Multi-follower Problems without Shared Variables
	
	Abstract


	1. Introduction
	2. The Extended Kuhn-Tucker Method for linear BLMFP
	3. WLBLDSS Architecture and Implementation
	3.1. WLBLDSS Architecture
	3.2. Client Side Application Design
	3.3. Sever Side Application Design
	3.4 Method Design
	3.5. WLBLDSS Database Design
	3.6. Guide of WLBLDSS

	4. Conclusions and Future Work
	References







