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simulation 　research ，　f（）cusing 　on 　the　programming　of 　a　g．　imulation　model ，　analyzing 　the　results　and 　sharing 　thc

results　with 　others ．　Replicating　ether 　people
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s　simulations 　gets　special 　cmphasis ，　with 　examples 　ofthe 　procedures
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社会科学にお けるシ ミ ュ レ ー
シ ョ ン 技術の 発展

ロ バ ー ト・アク セ ル ロ ッ ド ミシ ガン大学公 共政策学部

　社会科学における シ ミュ レ
ー

シ ョ ン の 技術水準を高め るため には、シ ミュ レーシ ョ ン 手 法は 第三 の

科学的方法論である とい うユ ニ
ー

クな観点 を認 め る ことが必要で ある。シ ミュ レー
シ ョ ン が第三 の 方

法論で ある とい うの は 、 こ れ が、従来の 科学の 帰納的方法論 と演繹的方法 と対照的だか らで あ る。シ

ミ ュ レ ーシ ョ ン は 、 簡単な仮定 の もとで 驚異的な結果 を発見す るための 有効な手段 とな り うるn 本論

文では 、以 下 の 3 つ の観点 か ら、シ ミュ レーシ ョ ン 研 究を実践す るための ア ドバ イ ス を提示 する ：（D
シ ミ ュ レーシ ョ ン モ デ ル 0）プ ロ グラ ミ ン グ ；（2）シ ミ ュ レーシ ョ ン 結果の 分析方法 ；（3）シ ミュ レ

ー
シ

ョ ン 結果 を他 の 人 々 と共有する方法。 特 に、 3 つ め の 問題を重視す る 。 再 現 の プ ロ セ ス に 存在す曷

f”続き とそれ を実行 す る難 し さとを例示 する こ と で 、他の 人 々 の シ ミュ レ
ー

シ ョ ン を再現する こ との

重 要性 を強調す る。最後に 、本論文で は 、シ ミ ュ レーシ ョ ン 研 究を推進 する社会科学者 の コ ミ ュ ニ テ

ィ を育て る必 要性 に つ い て 論ずる。
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                           i1. SimlllationasaYollngFietd

Simulation is a  young  and  rapidly  growing tleld in the

social sciences.2 As  in most  young fields, the

promise is greatcr than the proven accomplishments.

The purpose of  this paper is to suggest  what  it will

take fbr the field to become  mature  so  that thc

potential eontribution  of  simulation  to the social

sciences  can  be realized.

One  indication ofthe  youth ofthe  field is th¢  extent  to

which  published work  in simulation  is very  widely

dispersed. Censider these observations  t'rom the

Sociat Sltienee Citation index for the year 2e02.

l, There  were  77 anicles  with  
"simuLation"

 in the

title.3 Clearly simulation  is an  important field.

However, these 77 articles  were  scattered  among  55

different journals. Moreover,  only  two  of  the 55

journals had more  than two  ofthese  articles. Thc fu11
set ofjQurnals  that published art{cles with  

"simulation"

in the title came  from virtually  all disciplines of  the

sociaE  sciences,  including anthropology,  busincss,

economics,  human  evolutio",  environmental  planning,
law, erganization  theory, political science,  and  public

policy, Searching by a kcy word  in the titlc is bound

to locate only  a fraction ofthe articles using  simulatien,

but thc dispersion of  these articles does dcmonstrate

one  of  the great strengths  as well  as  one  of  tihe grcat
weaknesses  of  this young field. 

'rhe

 strength  of

il
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Michigan LS&A  College Enrichment  Fund. Several

paragraphs of  this paper have been adapted  from

Axelrod  (l997b), and  are  reprinted  with  permission of

Princeton Uniyersity Press.
2
 While simulation  in th¢  social  sciences  began over

four decades ago  (e.g., Cyert and  March. 1963), only

in thc last fi fteen years has the field begun to grow at  a

fat;t pace.
3
 This excludes  artieles on  gaming  and  education,  the

psychological process o'f  mental  simulation,  and  the

use  of-  simulation  with  human subjects  or  as a strictly

statistical  technique.

r4

simulatien  is applicability  in virtually  all  ofthe  social

sciences.  
'['he

 weakness  of  simulation  is that {t has

little identity as a ficld in its own  right.

2. To  take another  example,  consider  the  articles

pub]ished by the 26 authors  of  a colloquium  on

agent-based  modeling  sponsored  the National
Academy  of  Sciences (USA) and  held Octobcr 4-6,

2001." In 2002 these 26 authors  puhlished 17

anicies  that were  indexed by the Sociat Seience

Citation index. These 17 articlcs  wcre  in 13 difT} rent

journals. [n fact, ofthe  26 authors,  only  two  published
in the same  journal. Whilc this dispersion show's

how  divcrse the field really  is, it also  reinforces  the

earlier observation  that simulation  in the secial

sciences  has no  natural  home.

3. As a  tlnal way  of  looking at the issue, consider

citations  to one  of  the classics  of  social  science

simulation,  Thomas  Schelling's Micromotives and

Addcrobehavior (1978). This book was  cited  in 21

articles  in 2002, but these articles were  maximal]y

dispersed among  21 differentjournals,

In surn,  werks  using  social science  sirnulation,  works

by social scientists  interested in simulation,  and  works

citing social science  simulation  are all very  wldely

dispersed throughout the journals. There is not  yct
much  concentration  of  articles in specialist  journals, as

there is in other  interdisciplinary fields such  as  the

theory ofgames  or the study  ofChina.S

'lhis
 essay  is organized  as  follows. The next  section

discusses the variety  of  purposes that simulatien  can

serve,  giving special  emphasis  to the discovery ofnew

principles and  relationships.  After this, advice  is

offered  for how  to do research  with  simulation.

`
 The colLoquium  was  publishcd in the Proceedings

ofthe MS,  vol. 99 (supl 3), 2002, [t is ayailable  at

htt :1!www.  nas.or  contentlvo199/{ssue900031index.

shtml.5

 A  potential exception  is the Journal ofArtij7cial
Societies and  Sociai Simutation. This is an  on-line

journal available  at

!tl!!wiasss.sgg.su[[tt11  k/JASSShtml.

Unfortunatcly, it is not  yet indexed by thc  Sociat

Science Citation 1ndex. Additional social  science

journals sympathetic  to simulat{on  are listed bclow.
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Topics include programming a  simulation  model,

analyzing  the results, and  sharing  the results with

others. Next, the neglected  topic of  replication  is

considered,  with  detailed descriptions of  two

replication  pTejects. The final section  suggests  how

to advance  the art of  simulatien  by fostering a

community  of  social scientists (and others)  who  use

computer  simulation  in their research,

2. TheValueofSimulation

Let us  begin with  a  definition of  simulation.

"Simulation
 means  driving a  model  of  a  system  with

suitahle  inputs and  observing  the  corresponding

outputs."  (Bratley, Fox &  Schrage 1987, ix).

While this definition is usefuI,  it does not  suggest  the

diverse purposes to which  simulation  cari be put.
These purposes include: prediction, performance,
tTainlng, entertainmeng  education,  proef and

discovery,

1. Prediction. Simulation is able to take               '

complicated  inputs, pTocess them by taking
hypothesized mechan{sms  into account,  and  then

generate their consequences  as  predictions. For
exarnple,  if the goal is to predict interest rates  in the
econorny  three months  into the future, s{mutation  can

be the best availabte  technique.

2. Perforrnance. Simutation can  also  be used  to

perform certain  tasks, This is typically thc domain of

artificial intelligence. Tasks to be perfbrmed include

medical  diagnosis, speech  recognition,  and  function

optimization.  To the extent  that the artificiat

intelligence techniques mimic  the way  humans deal

with  these sarne  tasks, the artific{al intelligence

method  can  be thought of  as sirnulation  of  human

perception, decision-making or social interaction. To
the extent  that the artificial  intelligence techniques
exploit  the special  strengths  of  digital computers,

simulations  oftask  environments  can  also  he]p design
new  techniques.

3. Training. Many  of  the earliest and  most

successfu1  simulation  systems  were  designed to train

people by providing a reasonably  accurate  and

dynamic interactive represcntation  of  a  given
environmenL  FIight simulators  for pilots are an

Vol.12 No.3, Dec. 2003
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important example  of  the use  of  simulation  for

training,

4. Entertainment. From  training, it is oniy  a  smal1

step  to entertainment.  Flight simulations  on  personal
computers  are fun. So are simulations  ofcompletely

imaginary worlds.

5. Education. From training and  entertainmeng  it is
only  another  small  step  to the use  of  simulation  for
education.  A  good example  is the computer  game
SimCity. SimCity is an  interactivc simulation  allowing

the user  to experiment  with  a  hypothetical city by

changing  many  variables,  such  as tax rates  and  zoning

policy. For educational  purposes, a  simulation  need

not  be rich  enough  to suggest  a complete  real or

imaginary world.  The main  use  bf simulation  in
education  is to allow  the users  to learn relationships

and  principles for themselves.

6. Proofi Simulation can  be used  tQ psovide an

existence  proo£  For example,  Conway's Game of

Life (Poundstone 1985) demonstrates that extremely

complex  behavior can  result from very  simple  rules.

7. Discovery. As a  scientific methodology,

simulation's  value  lies principally in prediction, prooC
and  discovery. Using simulation  for prediction can

help validate  or improve the model  upon  which  the
simulation  is based. Prediction is the use  that most

people think of  when  they consider  simulation  as  a

scientific technique. But the use  ofsimulation  for the
discovery of  new  relationships  and  pTinciples is at

least as important as proofor prediction. In the social
sciences,  in particular, even  highly complicated

simulation  models  can  rarely  prove cornpletely

accurate.  Physicists have accurate simulations ofthe
motion  of  electrons  and  planets, but social  scientists

are  not  as successfu1  in accurately  simulating  the
movementofworkersorarmies.  Nevertheless,social
scientists have been quite successfu1  in using

simulation  to discover important relationships  and

principles ffom very  sirnple  models.  Indeed, as

discussed below, the more  simple  the model,  the easier
it may  be to discover and  understand  the subtle  effects

of  its hypothesized mechanisms.

Schelling's (1974; 1978) simulation  of  residential

tipping provides a  good example  of  a  simple  model

5-
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that provides an  important insight into a  general

proccss. The model  assumes  that a  family will  movc

only  ifmore than one  th{rd of  its immediate neighbors

are  ol' a  ditfercnt type (e.g., race  or  ethn{city).  The

Tesult'is  that very  segregated  neighborhoods  form even

though  everyone  is initially placed at  random,  and

everyone  is somewhat  tolerant.

To appreciate  thc value  of  simulation  as a  research

methodology,  it pays to think of{t  as a new  way  of

conducting  sc{entific research.  Simulation as a way

of  doing science  can  be contrasted  with  the two

standard  methods  of  induction and  deduction.

Induction is the discovcry of  patterns in empirical

data.6 For example,  in the social  scienccs  induction

is widely  used  in the analysis  of  opinion  surveys  and

the rnacro-cconornic  data, Deduction, on  the other

hand, involves speci  fying a set of  axioms  and  proving
consequences  that can  be derived from those

assumptlons.  The discovery ofequilibrium  rcsults in

garne thoory using  rational  choice  axioms  is a  good
exampleofdeduction.

Simutation is a third way  of  doing science.  Like

deduction, it starts with  a  set of  explicit  assumptions.

But unlike  deduction, it does not  proye theorems.

Instead, a  simulation  generates data that can  be

analyzed  inductivcly. Unlike  typical induction,

however, the simulated  data comes  frorn a  rigorously

specified  set of  rules  rather  than direct measurement  ef

the real werld.  While induction can  be used  to tind

patterns in data, and  deduction can  be used  to iind

consequences  of  assumptions.  simulatien  modeling

can  be used  as an  aid  in intuition.

Simulation is a  way  of  doing thought experirnents.

Wh{le  the  assumptions  may  be simple,  the

consequences  may  net  bc at  a]1 obvious.  The

1argc-scale efl'ects of  locally interacting agents  are

calLcd  
"emergent

 properties" of  the system.

Emergent properties are often  surprising  because it can
be hard to anticipate  the full consequences  of  even

6
 Induction as  a  search  for pattcrns in data should  not

be confused  with  mathematical  induction, which  is a

technique for proving theorems.

                                       .6

simple  ft)rms ofinteraction.7

There are  some  mode]s,  howevcr, in which  emergent

propcnies can  be formally deduced. Good examples

include the neo-classical  eeonomic  models  in which

rational  agents  operating  under  powerfu] assumptions

about  the availability  oC  information and  the capability

to optimize  can  achieve  an  ecacient  reallocation  of

resources  among  thcmselves through costless  trading,

But when  the agents  use  adaptive  rathcr  than

optimizing  strategies,  deducing the consequcnces  is
often  imposs{ble; simulation  becomes ncccssary.

'I'hroughout
 the social  scicnccs  today,  the  dominant

form ef  modeling  is based upon  the ratiQnal  choice

paradigm, Game thoory, in particular, is typically
based upon  the assumption  ofrational  choice.  In my

view,  thc reason  for the dominance of  the rational

choice  approach  is not  that scholars  think it is realistic.

Nor  is game  theory used  solely  because it offers  geod
advice  to a decision maker,  s{nce  its unrealistic

assumptions  may  undermine  much  of  its value  as a

basis for advice.  
'rhe

 real advantage  of  the rational

choicc  assumption  is that it often  allows  deduction.

The  main  altemative  to the assumption  of  rational

choice  {s some  form of  adaptive  behavior. Thc

adaptation  may  be at  the individual level through

learning, or  it may  be at the population level thTough

differential survival  and  reproduction  ef  the more

successfu1  {nd{vidtrals. Either way,  the conscquences

of  adaptive  processes are often  very  hard to deduce

when  thcre arc many  intcracting agents  fo11owing rules

that have non-linear  efTects. Thus. simulation  ls

often  the only  viable  way  to study  populations of

agents  who  are adaptive  rather  than fu11y rational.

While people may  try to be rational, they can  rareiy

meet  the requirement  of  information, er  fbresight that

rational  models  impose  <Simon, 1955; March,  197g).

One  of  the main  advantages  of  simulation  is that it

allows  the analysis  of  adaptive  as well  as rational

agents,

An  important type of  simulation  in the social sciences

is "agent-based  modeling."  
'l'his

 type ofsimulation  is

 
7
 Sorne complexity  theorists consider  surprise  to be

part ofthe  definition ofemergence,  but this raises  the

 question ofsurprising  to whom?

                          fi EM  rc \a  
ttmv
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characterizcd  by the existence of  many  agents  who

interact with  each  other  with  little or  no  central

direction. The emergent  propertics ofan  agent-based

model  are then thc result  of  
"bottom-up"

 processes,
rather  than "top-down"

 direction.

 Although agent-based  modeling  employs  simulation,  it

 does not  necessarily  aim  to provide an accuratc

 repreSentation  of  a  particular empirical  application.

 Instead, the goal of  agent-based  mode]ing  is to enrich

 our  understanding  of  fundamcntal processes that may

 appear  in a  variety  of  applications.  This requires

 adhering  to the KISS principle, which  stands  fbr the

 army  slogan  
"keep

 it simple,  stupid."  The KISS

 principle is vital  because of  the character  of  the

 research  cemmunity.  Both the researcher  and  the

 audience  have limited cognitive  abilit.v, When  a

 surprising  result  occurs,  it is very  helpfu1 to be

 confident  that one  can  understahd  everything  that went

 into the model.  Simplicity is also  he]pfu1 in g{ving
other  researchers  a realistic chance  ofreplicating  one's

model,  and  extending  the  work  in new  directions.
The point is that while  the topic being investigated
may  be complicated,  the assumptions  underlying  the
agent-based  model  should  be simple.  The
complexity  of  agent-based  modeling  should  be in the
simulated  rcsults, not  in the assumptions  of  the model.

As pointed out  earlier,  there are  other  uses  ofcomputer

simulation  in which  the faithfu1 reproduction  of  a

particu]ar setting is important. A  simulation  ef  the
eoonomy  a{med  at predicting interest rates  three
months  into the  future needs  to be as accurate  as

possible. For this purpose, the assumptions  that go into
the modcl  may  need  to be quite complicated.

Likewise, ifa simulation  is used  to train the crew  of  a

supertanker,  or  to develop tactics for a new  fighter
aircraft, accuracy  is important and  sirnplicity of  the
model  is net.  But if the goal is to deepen our

understandiRg  of  sofne  fundam6ntal process, then
simplicity  ofthe  assumptions  is important and  realistic

representation  ofall  the details of  a particular setting  is
not,

3. DoingSimulationResearch

In order  to advance  the art of  simulation  in the social
sc{ences,  it is necessar}r,  to do more  than consider  the

purpose ofsimulation.  It is also nccessary  to be more

Vol.12 No.3, Dec. 2003
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selflconscious  about  the precess of  doing the research
itselfi To do so  requires  Iooking at three specific

aspects  of  the research  process which  take place once
the conceptual  model  is developed: the programming
of  the model,  the analysis  ofthe  data, and  the sharing

ofthe  results.

3.1. ProgrammingaSimulationMode]

The first question people usually  ask  about

programming a simulatien  model  is, "What
 languagc

shou]d  I use?"  For experienced  programmers,  I
recornmend  Java fbr two  reasons.  First, it can  be
run  on  almost  any  computer.  Second, software

packages are  available  in Javeg which  are designcd to.
assist simulation.8  For beginning prograrnmers, I

recommend  Visual Basic, which  is' incruded in the
Excel sPreadsheet  application  of  Microsoft's Othce
softwarepackage9.

The programming of  a  simulation  model  should

achieve  three goals: validity, usability,  and

extendibility.

The goal of  validity  is for the program to correctly.implement
 the model.  This kind ofvalidity is called

"internal

 yalidity." Whether or not the model  itself is
an  accurate  reprcsentation  of  the real world  is another
kind of  validity  that is not  considered  here. Achieying
interna] validity  is harder than it might  seem.  The
problem is knowing whether  an  unexpected  result is a
reflection  of  a  mistake  in the programming, or  a
surprising  consequence  of  the model  itselfi For
exarnple,  in one  of  my  own  models,  a  result was  so

counterintuitiye  that I had to spend  sevcral  weeks  to

determine whether  this result was  a  consequence  of  the
model,

 or due to a  bug in the program (Axelrod,
1997a). As fs often  the case,  confirming  that the model
was  correctly  programmed was  substantially  more

work  than programming the model  in the first place.

The goal of  usability  is to allow the researcher  and

those who  follow to run  the'progiam, interpret its

8
 A  good example  ofsuch  a  package is Ascape
developed at  the Brookings Institution.
9

 An  inexpensive selfitutoring  guide is available  from
htt :lfbarcharts.comlchartDetaits.  h ?skut-374-X
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output,  and  undcrstand  how  it works.  Modeling

typically generates a  whole  series of  programs, each

version  difTering from the others  in a variety  of  ways.

Versions  can  differ, for cxainple,  in which  data is

produced, which  parameters are adjustable,  and  even

the rules  governing agent  behavior. Keeping track of

all this is not  trivial, especially  when  one  tries to

cornpare  new  results with  output  of  an  earlier version

of  thc program to deterrnine exactly  what  might

account  for thc diflerences.

Thc  goal Qf  extendibility  is to allow  a future user  to

adapt  the program for new  uses.  For cxample,  after

wrlting  a paper using  the model,  the researchcr  might

want  to respond  to a  question about  what  would

happen if a new  feature were  added.  In addition,

another  researcher  might  someday  want  to modify  the

program to try out  a  new  variant  of  the model.  A

prograrn is much  more  likely to be extendible  if it is

written  and  documented with this goal in mind.

3.2. AnalyzingtheResu}ts

Simulation typically generates hlige amounts  of  data

ln fact, one  of  the advantages  of  simulation  is that if

thcre is not  enough  data, one  can  aiways run  the

simulat{on  again  and  get some  more!  Moreever,

there are  ne  messy  problems of  missing  data or

uncontrolled  variables  as  there are in experimen{al  or

observatienal  studies.

Despite the purity and  clarity of  simu}ation  data, the

 analysis  poses real challengcs.  Multiple runs  of  thc

 sarne  model  can  differ from each  other  due to

 differences in initial conditions  and  stochastic  events.

 A  major  challenge  is that results are  often

 path-dependent, meaning  that history rnatters. To

 understand  the results often  means  understanding  the

 details of  the history of  a giyen run.  There are  at

 least three  ways  in which  history can  be described.

 1. History can  be told as 
"news,"

 fo11owing a

 chrenological  order.  For example,  a  simulation  of

 international politics might  describe the sequence  of

 key events  such  as al!ianccs  and  wars.  This is the

 most  straiglitforward  type of  storytelling,  but often

 offbTs  little in cxplanatory  power.

 2, History can  be told  from the point of  view  of  a

 single  actor. For examplc,  one  could  select jUst one

                                           -8

ot' the actors,  and  do the equivalent  oftelling  the stor>'

ofthe  
"Rise

 and  Fall ofthe  Rornan Empire." 
'I'his

 is

ofien  the casiest  kind ofhistory  to understand,  and  can

be very  revealing  about  the ways  in which  the model's

mechanisms  have their effects  oyer  time.

3. History can  also  be told  from a  global point ol'

view.  For examplc,  one  would  describe the

distribution of  wealth  over  timc  to analyze  the extent

of  in¢ quality among  the agents.  Although the global

point of  view  is often  the best fbr seeing  largc-scale

pattems, the more  detailed histories are oftcn  needed

to determine the cxplanation  fbr these large pattcrns.

While the description of  data as history is important

for discovering and  explaining  patterns in a particular
simulation  run,  the analysis  ofsimulations  all too  often

stops  there. Since virtually  all soc{al  science

simulations  include some  random  elements  in their

initial conditions  and  in the operation  of  their

mechanisms  for change,  the analysis  of  a single  run

can  be misleading.  In order  to determine whether  the

conclusions  from a given run  are  typical, it is

necessary  to do several  dozen simulation  runs  using

identical pararneters (using different random  number

seeds)  to deterrnine just which  results  are typical and

which  are  unusual.  While it may  be sufficicnt  to

describe detailed history from a  singlc  run,  it is also

necessary  to do statistical  analysis  of  a whole  set  of

runs  to determine whether  the inferences being drawn

 from the Mustrative history are really  well  founded.

 The ability te do this is yct one  more  advantage  of

 simulation:  the  researcher  can  rerun  history to see

 whether  particular patterns ebserved  in a single  history

 are  idiosyncratic or  typical.

 Using simulation,  one  can  do cven  morc  than compare

 multiple  histories generated from identicai parameters.

 One  can  also  systemat{cally  study  the aifects  of

 changing  the parameters. For cxample,  the agents

 can  be given either equal  or  uneqinal  initial

 endowments  of  wealth  to see  what  diffkrence this

 makes  over  time.  Likewise, the ditferences in

 mechanisms  can  be studied  by doing systematic

 comparisons  ofditferent  vcrsions  ofthe  model.  For

 cxample,  in one  version  agents  might  interact at

 random  whcreas  in aJiother  version  the  agents  might

 be selectiye  in whom  {hey interact with.  As in the

 simple  change  in parameters, the effects of  changes  in

                           ff es M  va \  ft es
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the mechanisms  can  bc assessed  by running  controLled

experiments  with  whole  sets of  simulation  runs,

Typically, the statistical method  for studying  the

cti'ects  of  these changes  will  be regression  if the
changes  are quantitative, and  analysis  of  variance  if
the changcs  are qualitativc. As  always  in statistical
analysis,  two  questions need  to bc dist{nguished and

addressed  separately:  arc  the diffbrences statistically

significant  (meaning not  likely to have been caused  by
chance),  and  are the differences substantiyely

significant  (meaning large enough  in magnitude  to be
important)?

3.3. SharingtheResults

After cycling  through several  iterations ofconstructing

the model,  programming the simulation,  and  doing the
data analysis,  the final step  in the research  is sharing

the resu]ts w{th  others.  As in most  fields ofresearch,
the primary method  of  shar{ng  research  rcsults is
through publication, most  often  in refereed  journals or

chapter-length  reports  in edited  collections.  In the
case  of  sociai scienge  simulation,  there are several

limhations with  relying  on  this mode  of  sharing

information. The basic problem is that it is hard to

present a social science  simulation  briefly. There are
at ]east four reasons.

1. Simulation results are  typically quite sensitive  to

the details ofthe  model.  Therefbre, unless  the model
is described ･in great detail, the reader  is unable  to

replicate  or even  fu11y understand  what  was  done.

Auicles and  chapters  are  often  just not  long enough  to

present the fu11 details of  the model.  (The issue of
replication  wi11  be addressed at greater length below.)

2. The analysis  of  the results ofien  includes some

narrative  description of  histories of  one  er  more  runs,

and  such  narrative  often  takes a good  deal of  space.

While statistical  analysis  can  usually  be described

quite briefiy in nurnbers,  tables or  figures, the

presentation of  how  inferences were  drawn  t)orn the
study  of  particular histories usually  can  not  be brie£
This is mainly  due to the amount  of  detail required  to
explain  how  the model's  mechanisms  played out  in a
particular historical context.  In addition,  the pancity
of  well  known concepts  and  techniques for the

prescntation of  historical data in oontext  means  that
the writer  cannot  communicate  this kind of

information very ediciently,  Compare  this lack of

shared  concepts  with  the mature  field of  hypothesis
testing in statistics. 

'lhe
 simple  phrase 

"p
 <  .OS" stands

for the sentence,  
"The

 probab"ity that this result  (or a
more  extreme  result)  would  have happened by chance

is tess than 5%." Perhaps over  time, the community

of  social  science  modelers  will develop a  oollection  of

standard  concepts  that can  become oommon

knowiedge and  then be communicated  briefly, but this
.Is

 not  tme  yet

3. Simulation results  ofien  address  an

interdisciplinary audience.  When  this is the case,  the
unspoken  assumptions  and  shonhand  terrninology that

provide shortcuts  for every  discipline may  .need to be
explicated  at Iength to explain  the motivation  and

premises ofthe  work  to a  wideT  audience.

4. Even if the audience  is a  single  discipline, the

computer  simulations  are  still new  enough  in the social
sciences  that it may  be necessary  to explain  very

carefu11y  both the power and  the limitations of  the
methodology  each  time  a simulation  report  is
published.

Since it is dithcult to provide a completc  description
of  a  simulation  model  in aii article-length  report,  other

forms ofsharing  inforrnation about  a  simulation  have
to be developed. Complete documentation should

include the source  code  for rLmning  the model,  a  full
description ofthe  model,  how  to run  the program, and
the how  to understand  the output  files. An  example

of  such  documentation is available  for a  study  of

ethnocentrism, Axelrod and  Hainmond  (2003). The
documentation is at http:!fwww-personal.umich.edul
--axeL

 Other examples  of  modcls  and  their
documentation are available  at http:!!www.brookings.
edu/dybdocrootiesldynamicslmodelsl.

4. ReplicationofSimulations

Three irnportant stages  ef  the research  process for
doing simulation  in the social  sciences  have been
considered  so  far: namely  the prograinming, analyzing

and  sharing  computer  simulations.  All three ofthese
aspects  are done for virtually  all published simulation
models.  There is, however, another  stage  of  the
research  process that is virtually  never  done, but which

Vol.12 No.3, Dec. 2003
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needs  to bc cens{dered.  
't'his

 is repiication.  The sad

faci is that new  simulations  are  produced  all the time,

but rarely  does any  one  stop  to replicate  thc results of

any  one  else's  simulation  model.  Replication is one

of  the hallmarks of  cumulative  science.  It is nceded

to confirm  whether  the ctaimed  results  of  a given
simuLation  are  reliable  in the sense  that they can  be
reproduced  by someone  starting  from scratch.  Without

this confirmation,  it is possible that some  published
results  ure  simply  mistaken  due to programming errors.

misrepresentation  of'  what  was  actually  simulated,  or

errors  in analyzing  or reporting  thc results.

Replication can  also  bc usefu1  fbr testing thc

robustness  of  inferences from models.  Finally,

replication  is needed  to determine it' one  model  can

subsume  another,  in the sense  that Einstein7s treatment

ofgravity  subsumes  Newton's.

Because  replication  is rarely  done, it may  bc helpfu1 to

describe the procedures and  lessons from  two

replication  prQjects that I have been involved with.

The first rcplication  reimplemented  one  of  my  own

modcls  in a different simulation  environment.  The

second  sought  to repl{cate  a  set  ofcight  diverse models

using  a  cemmon  simulation  system.

The first replicatlon  preject grew out  of  a challenge

posed by Michael Cohen: could  a simulation  model

written  for one  purpose be aligned  or  
"docked"

 with  a

general purpose simulation  system  written  for a

different purpose? The two  of  us  chose  my  own

cultural  change  model  <Axelrod, l997a) as the target

model  for replication.  For thc general-purposc
simulation  system,  wc  chose  the Sugarscape system

dcveloped by Joshua  Epstein alid Rob  Axteli (Epstcin
and  Axtell, 1996). W ¢  inyited Epstcin and  Axtell to

modify  their simulation  system  to replicate  the results

of  my  model.  Along the way,  the four of  us

discovercd a  number  of  interesting lessons, includ{ng

the fbllowing (Axtell, Axelrod. Epstein and  Cohen,

1996):

1. R ¢plication is not  necessarily  as hard as it seemed

in advance.  In fact, under  favorablc conditions  ofa

simple  targct model  and  similar  architecturcs  o(' the

two  systems,  we  were  able  to achieve  docking with  a

reasonable  amount  of  cffbrt. To  design the

replication  experiment,  modify  the Sugarscape  system,

run  the program, analyze  the data, debug the process,

-  10

and  perfbrm the statistical analysis  took about  60

hours ofwork.iO

2. Thcrc are  three levels of  replication  that can  and

should  be distinguished. Wc  defined these levels as

fotlows.

a. The most  dcmanding standard  is ''numerical

identity", in which  the results  are  rcproduced  exactly,

Sinee simulation  medels  typically use  stochastic

elemcnts,  numcrical  equivalence  ean  only  be achieved

if the samc  random  number  generator and  seeds  are

used.

b. For most  purposes, 
"distributiona]

 equivalcnce"  is

sufficient. Distributional equivalence is achieved

when  onc  distribution of  results cannot  be statistically
distinguished from another  distribution of  results.

For examplc,  the two  simulations  might  produce two

sets  of  actors  whose  wealth  aftcr a certain  amount  of

time fit the Pareto distributien with  similar  means  and

staiidard  deviations. If the difi'erences in means  and

standard  deviations could  easily have happened solely

by chance,  then the models  are distibutionally

oquivalent.

c. The w ¢ akest standard  is "relational
 equivalence"

in which  two  models  have the same  intcrnal

relationship  among  their  results.  For example,  beth

models  might  show  a  particular variable  as  a  quadratic
function oftime,  or that some  measure  on  a population
decreases monotonically  with  population size. Since

important simulation  results are  often  qualitative rather

than quant{tative, relational  equivalence  is sometimes

asutficientstandardofreplication.

3. In testing for distributional equiva}ence,  an

interestlng question arises  concerning  the null

hypothesis to use, The  usual  logic formulates the

problem  as  rejection  of  a null hypothesis of

distributional identity. The problem w{th  this

approach  is that it creates  an  incentive tbr {nvestigators

to test equiva]ence  with  small  sample  sizes. 
'rhe

iO
 we  were  able  to identify only  two  cases  in which  a

previous social  science  simulation  was  reprogrammed

ln a  new  language, and  ncither  of  these  compared

different models  nor  systematically  analyzed  the

replication  process itself Sce Axtell et al, (1996).
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 smaller  thc sample,  the higher the threshold for

 rejecting  the null  hypothesis, and  therefore the greater

 the chance  of  establishing  equivalence  by failing to

 find a signiilcant  diflerence. One way  to deal with  this

 problem is to specify  in advance  the magnitude  ofthe

 difference that will be considered  meaningfu1  and  then

 use  sample  sizes  large enough  to reliably  detect this

 amount  of  diflerence if it exists. (For more  details,

 see Axtcll et al., 1996).

 4. Evcn seemingly  minor  differences in two  models

 can  prevent the attainment  of  distributional

 equivalence.  In the model  ofcultural  change  that we

 studied,  the agcnts  were  act{vated  at random.  When
this model  was  implemented in Sugarscape, the agents

 werc  sampled  without  replacemeng  meaning  that each
agent  was  activated  once  before any  agent  was

activated  a  second  time. In the original

implementation of  the model  (Axelrod, 1997a), the
agents  were  sampled  with  replacement.  This
seemingly  minor  difference in the two  versions  ofthe

model  made  a noticeabte  difference in some  very  long
simulation  runs.  Had  the model  not been replicated,
the effect  of  the sampling  decision would  not  have
been appreciated

This systematic  replication  study  demonstrates that
replication  is a feasible, although  rarely  performed,
part of  the process of  advancing  computcr  simulation

in the social  scicnces.  The lessons suggest  that further
replication  would  be worthwhile.  The concepts  and

methods  developed for this part{cular study  suggests

how  further replications  could  be performed. Ihe
observation  that seemingly  sma]1  differences mattered

suggests  that it would  pay to tind out  whether  this

experiencc  was  typicai or not.  In particular, it would

pay to replieate  a diverse sct of  simulation  models  to

see  what  types of  problems arise.

Michael Cohen, Rick Riolo and  I took  up  this

cha]lenge.  We  selected  a  set  efeight  cor ¢  medels  to
replicate.  We  selected  these  models  using  six

criteria: (1) their simplicity  (ft>r ease  of

implementation, explanation  and  understanding),  (2)
their relevancc  to the social sciences,  (3) their diversity
across  discip]ines and  types of  models,  (4) their
reasonably  short  run  times, (5) their established

heuristic yalue  and  (6) their accessibility  through

pubtishcd accounts.  Most ofthe  eight  models  meet  at
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 least five of  these six criteria. To be sure, we

 included some  models  that we  could  completely

 understand;  we  selected  one  model  from each  of  the
 threeofus. Thecoremodelswere:

 1. Conway's Game  ofLife  from 1970 (see Poundstone,

 1985),

                                            '

2. Cohen, March and  Olson's Garbage Can Model of

 Organizations(1972),

3. Schelling's Residential Tipping Model (1974;
 l978),

4. Axelrod's Evolution of  Prisoner's Dilemma
Strategies using  the Genetic Algorithm (1987),

5. March's Organizational Code  Model (1991),

6. Alvin and  Foley's Decentralized Market (l992),

7. Kauffinan, Macready and  Dickenson's NK  Patch
Model (1994, See also  Kauffinan,' 1995.)

8. Riolo's Prisoner's Dilemma  Tag Medel (l997).

Cohen, Nolo  and  I implemented each  ofthese  models

in the Swarrn simulation  system  developed at Santa Fe
Institute under  the direction of  Chris Langton.ii In
each  case,  wc  identified the key results ftom the
original  simulations,  and  deterrnined what

comparisons  would  be needed  to test for equivalence.
After a  good deal more  work  than we  had expected

would  be necessary,  we  were  able  to attain  relational

equivalence  on  all eight  models.  in most  cases,  the

results were  so  close  that we  probably attained

distributional equivalence  as  well,  although we  did not

perfbrm the statistical  tests to confirm  this.

We  hoped to find some  building blocks that were

shared  by several  of  these models  that could  provide
the basis for a  set of  usefu1  simulation  techniques.

Instead, we  found little overlap.  Fortunately, several
other  groups have made  progress in deyeloping
software  packages  designed to help the development

'LTed
 Belding did thc replications  for the models  of

Sehelling, and  Alvin and  Foley. F6r details on  the
Swarm  system,  see  htt :lfwww.swarm.or  .
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of  agent-based  simulations.  These {nclude Ascape

at Brooking, Swarm  at Swarm.org, Repast at the
                           12
Un{vcrsity ofChicago,  and  others.

Thc most  important discovery we  madc  in rcplicating

these eight  modeLs  is jus{ how  many  things can  go
wrong.  Murphy's Law  seemed  to be operating  at fu11
strength:  ifanything can  go wrong  it will. I..isting the

problems  wc  discovered and  overcame  may  help

othcTs  avoid  them  in the future, Or ifthey cannot  be

avoided,  at  least they might  be fbund more  easily

having been clearly  identitied at least once  before.

The list below does not  include thc errors that we

madc  in reimp]ementing  the modeis,  sincc  the

discovery and  el{minatien  of  our  ewn  crrors are just
part of  the normal  process of  dcbugging programs
before they are  regarded  as comptete  and  ready  fbr

publication.i3 Instead, the list below includes the

pToblcms we  found in the published accounts  or  the

prograrns that they describe. It should  be noted  that

while  these problems  made  it more  ditficult for us  to

replicate  the original  results,  in no  case  did they make

a  major  difli rence  in the conclusions  ofthe  published
accounts.

The tlrst category  of  problems was  ambiguity  in the

publishcd descriptiens. Ambiguities occurred  in the

description of  the modei,  and  in the  presentation of  thc

numerical  results.  Ambiguities in the description ofthe

model  included the order  in which  the agents  should

be updated,  and  what  to do when  there was  a tie.

Ambiguities  in the description of  the medel  inctuded

the mcaning  of  a  variable  in a figurc, and  the divisor

used  in a  table. Some  of  these ambiguities  in thc

publishcd descriptions were  resolved  by seeing  which

oftwo  plausible interpretations rcproduced  the original

data. This {s a  dangerous practice. of  course,

especially  if multiple  ambiguities  givc rise to many

combinations  of  possibMties. When the original

source  code  was  available  (as it was  lbr five of  the

models),  we  cou]d  resolve  ambiguities  directly.

i2
 Fora  cornprehensivc  list see

bt!!R!U!!}lc}IL.gpop.ilttll  astateedu/tesfatsil
i3
 A  great deal ofefft)rt  was  sometimes  requiTed  io

determine  whcther  a  given diserepancy was  due to our

error  er  to a probiem in･thc original  work.
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'1'he
 second  catcgory  ofreplication  problems was  gaps

in the published descriptions. In tsN'o cases,  publishcd

data was  not  complete  enough  to provlde a  rigorous

test of  whether  distributional equivalence  was

achieved  or  not. In one  ofthcsc  cases.  the author  was

able  to provide addit{onal  data The other  gap in a

published descriptien occurred  when  a  variable  in the

program could  takc on  values  of+1,e  or -1, but was

d¢ scribed  in a  way  that made  it app ¢ ar to hav¢  only

two  possible values.

The  third  category  of  repiication  problems was

situations  in which  the publish¢ d description was  clear.

but wrong.  One  example  was  a case  where  thc

criterion  fbr terminating  a  run  of  the model  was  not  the

same  in the tcxt as it was  in the runs  of  the  model  for

which  data were  reported,  In another  case.  the

d¢ scription- in the main  text or  an  article was

inconsistent with  the appendix  of  the same  article,

Finally. there was  a case  in which  the dcscription {n

the text was  a clear, but was  not  an  accurate

description ofthe  model  embodied  in the source  code,

The fourth and  final categery  of  replication  problems
was  difficulties with  the source  codc  itselfi In one

case,  the only  source  code  available  was  from a

printout so old  that  some  of  the  characters  were

smudged  beyond rccognition.  The last case  was

probably the most  interesting and  subtle  ofall.  AftcT

a  good deal of  effbrt we  tracked down  a  d{fTerence

between the original  program and  our

reimplementation  to the difl'erencc in the way  two

computers  represented  numbers.  Whilc both

computcrs  represented  fioating peint numbers  with

considerablc  precision, they could  differ in whether  or

not  two  numbers  were  exactly  the same.  For

example,  is 913 exactly  equal  to 2 +･ ]? ln one

implementation of  the model  it was,  but in another

implementation it was  not.  In models  with  non]inear

¢ tl'ects and  path dependence, a  small  diffbrcnce can

havc a  cascade  ofsubstantive  effects.

5. Cenclusion:FosteringComniunity

'1'his
 paper has discussed how to advance  the state of'

thc  art  of  simulation  in the social sciences.  It

described the uniquc  vaiue  ofsimulation  as  a  third way

of  doing sciencc,  ln contrast  to both induction and

deduction. tt then offercd  advice  for doing
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simulation  research,  fbcusing on  the pTogramming ofa

simulation  model,  analyzing  the results  and  sharing  the

results with  others. It then discussed the importance

of  replicating  other  people's simulations,  and  provided
examples  of  the procedures and  dienculties involved in
the process of  replication.

One  final theme needs  to be addressed,  namely  the

fostering of  a  cornmunity  of  social scientists who  do
simulation.  This paper began with  the observation

that simulation  studies  are  published in very  widely
dispersed outlets. This is an  indication that social

science  simulators  are  only  just beginning to build
strong {nstitutional links across  traditional disciplinar}r

boundaries, even  though  the work  itself is often

interdiscipfifiary in oontent  and  methodology.  The

question now  is what  it would  take to promote further
the growth and  success  of  social  science  simulation?

My  answer  comes  {n three  parts: progress in
methodology,  progress in standardization,  and

progress in institution building.

This paper has already discussed suggestions  for

progress in methodology.  The next  step  is to begin to
develop the internal structure  and  boundaries of  the

field. In particular, converging  on  commonly

,accepted 
terminology  would  be very  helpfu1. A  host

ofterms  is now  used  to describe our field. Examples
are artificial society,  complex  system,  agent-based

model,  multi-agent  model,  individual-based model,

bottom-up rnodel, adaptive  system,  and  the somewhat

broader term  computational  model.  Having
commonly  accepted  distinctions between these terms
could  certainly  help specify  and  communicate  what

simulation  is about.

Harid-in-hand with  developing the terminology, a

shared  sense  of  the internal stmcture  and  boundaries of
the field is needed.  For exarnple,  simulation'in  the

social  sciences  might  continue  to develop primarily
within  the separate  disciplines ofeconomics,  political
science,  sociology  and  so forth. There are  powerfuI
forces supponing  disciplinary research,  including the
estal)lished  pattems of  prefessional education,  hiring,

pubtication, and  promotion. Nevenheless,  if
simulation  is to realize  its full potential there must  be
substantial  interaction acToss  the traditional

disciplines.

Pregress requires  the development of  an

interdisciplinary community  of  social  scientists who

do simulation.  Progress also requires  the development
of  an  even  broader community  of  researchers  fiom al1
fields who  are interested in the simulation  ofany  kind
of  system  wnh  many  agents.  Ccrtainly, ecology  and

evolutionary  biology have a great deal to offer  for the
study  of  decentralized adaptive  systems.  Likewise,
computer  science  has recently  started to pay a great
deal of  attention  to how large systems  ofmore  or less
independent artificial agents  can  work  with  each  other

in vast  networks.  In addition,  mathematics  has
developed some  very  powerfu1 tools for the
mathematical  analysis  ofdynamic  systems.  Even the

playfu1 field of  artificial life oflers  many  insights into
the vast  potential of  complex  adaptive systems.

Conversely, social scientists har,e a  great deal to offer
evolutionary  biologists, computer  scientists  and  others

because of  otir experience  in the analysis  of  social

systems  with  1argc numbers  ofinteracting  agents.

ln the last few years, simulation  in the social  sciences

has made  great progress. Among  the resources  now

available  are:

  1. Journals that take the promot{on of  social

science  simulation  as part of  their mission,  including
the Jburnal of Artij7eial Sbcieties anci  Sbcial
Smutctiion, the Jburnal of Ebonomie Behavior and

thganization, and  the Jburnat clf Compatatioual and
ndlathematical Ot:ganieation Theory.

  2. Institutions that promote simulation  modeling

such  as  the  pioneering Santa Fe institute, and  the
newer  New  England Complex  Systems Institute.

  3. Univcrsity ceriters for interdisciplinary work  on

complexity,  such  as the University of  Michigan's
Center for thc Study ofComplex  Systerns.

  4. The Complexicy Digest providing weekly

on-line  news  of  articles and  events,

h :llwww.oomdi  .or

  5. A  comprehensive  web  site maintained  by Leigh
Tesfirtsion covering  all aspects  ef  computation

modeling  and  complex  adaptive  systems  in the social
sciences,  including introductory material,  information
about  individual researchers  and  research  group,
educational  opportunities,  demonstrations, news  of

upooming  meetings  and  workshops,  and  much  more.i4

]4
  Soon  there wilI  also  be a  handbook covering

agent'based  modeling  in economics  and  related
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!h!gpztt IL-m'wrmw.ccon.iastate,edultesfatsilace.htm.

These  resources  demonstrate extraordinary  growth in

simulation  in the social sciences,  especially  in the

areas  of  agent-based  modeling,  and  the rclatcd  fi¢ ld of

complex  adaptive  systems.  In the future, new

institutions will  be needed  to help bring simulation
inte the mainstream  of  the social  science  disciplines.
Who  should  be better able  to build new  institutions

than researchers  who  usc  simulat{on  to study  real  and

potential societies?

Appendix: Eight Modeis Used For Reptication

l{ere is a  brief description of  the eight  models  selected

by Michael Cohen, Robcrt Axelrod, and  Rick Riolo

fbr replication.  For a fuIIer description of  thc models

and  the{r results, see  the cited  material.  For more

information about  the replications,  see  our  Web  site  at

http:!lpscs,physics.lsa.umich.edullSoftwarefCAR-repli
cations.html.

1. Conway's Game  of  T.ife, 1970 (See Poundstone,
1985).

       Comment:  A]though  this is not  a  social

science  model,  it is onc  of  the earl{est  and  most

intluential simulations  gfartificial life.

       ,Wlitric  (i.e., interaction neighborhood):  2

dim¢ nsional  cellular  automata

       Rules: An  agent  stays  ative  if 2 or 3 neighbors

are alive, otherwise  it dies. New  agent  is born if

exactly  3 neighbors  are  alive.

       Stimple result:  Complex  dynamic pattems
arise from very  simple  rules  applicd  to simple  initial

conditions  sueh  as a glider or  an  R pcntQmino.

2. Cohen,MarchandOlsen'sGarbagcCan(1972)

       Comment: This is ene  ofthe  most  widely  cited

social science  sjmulations.

       Mletric: Organizat{onalreladons.

       Rules: An  organization  is viewed  as

collections  ofchoices  looking for problems, issues and

t'eelings looking for decision situations  in which  they

rnight  he aired, solutions  looking lbr issues to which

therc  might  be aii answer,  and  decision makers  Eooking

disciplines: Kenneth  Judd  and  Leigh

(eds.>, Hlandboak of  Cbmputatfonal Eb

(North'Holland, fbrthcoming 2005).

Tesfatsion

onomies  ll

-M

forwork,

       Sbmpte resutts: 
'['he

 timing of  issues, and  the

organizational  structure  both matter  for outcomes.

3. Schelling'sTippingModel(1974, l978)

       Comment: This is an  early  and  well-known

simulation  efan  anificial  society.

       Mletric: 2 dimensions. 8 ncighbors.

       Rule: A  discontented agent  moves  to nearest

empty  Iocation wherc  it would  be content.  An  agent

is content  ifmorc than one-third  ofits  neighbors  are  of

the same  color.

       Slample resutt:  Segregated neighborhoods

fbrm cven  thougti everyone  is somewhat  tolerant.

4, Axelrod's Evolution of  Prisoner's Dilemma

Strategies(l987)

       Comment: This study  is widely  cited  in the

genetic algorithms  literature.

       Mletric: Everyone mcets  everyone.

       Rule: A popu}ation of  agcnts  plays the iterated

Prisoner's Dilemma with  each  other,  using

detcrministic strategies based upon  the three previous
outcomes.  (There are  about  270 such  strategies). A

genetic algorithm  is used  to evolve  a  population of

co-adapting  agents.

       Sampie result: From  a  random  start, most

populations of  agents  first eyolvc  to be uncooperative,

and  then evolve  further to cooperate  based upon

reciprocity.

5. March'sOrganizational Code(1991)

       Comment: A  good example  of  iearning in an

organizational  setting.

       Metric: 2 levcl hierarchy.

       Rules: Mutual  learning occurs  between

mcmbers  of  an  organization  and  the organizational

code.  The organizational  code  learns from the

members  who  are  good  at  predicting the environment,

while  all members  learn from the organizational  code.

       5bmpie resutt:  There is a  trade-off between
exploration  and  exploitation.  For example,  there can

be premature eonyergence  of  the organizational  code

and  all the agents  on  incorrect beliefs.

6, Alvin and  Foley's Decentralized Market  (1992)
        Comment:  A  good  cxample  ofsimulatien  used

to study  the robustness  ofrnarkets.

        Metric: 1 dirnensional ring.

                           xx tt E  pt \"  
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       Rutes: Exchange is initiated by agents  who

broadcast oostly  messages  indicating their interest in

trade. Trade is accomplished  by bitateral bargaining

between pairs of  agents.  Agents use  information

from prcvious attempts  at local tradc to calculate  their

search  strategies.

       Slample result:  Limited rationality  with

decentralized adyert{sing  and  trade can  do quite well,

giving a substantial  improvernent in thc allocation  of

resources  and  avcrage  welfare.

7. Kauffman, Macready and  Dickenson's  NK  Patch
Model (l995, See also  Kauffman 1995)

       Comment: A  very  abstract  model  with  an

interesting result.

       iLdetric:2dimensions.

       Rulas: Each agcnt's  energy  depends on  the

state  of  several  agents,  fbrming a  rugged  NK

landscape. The entire 120 x  120 lattice is partitioned
{nto rectangular  patches. For each  patch, all  possible
single  spin  flips within  the patch are examined,  and

one  is randomly  chosen  wh{ch  leads to lower energy
within  the patch. 

'

       Sample result:  Ignoring some  of  the

constraints  (effects on  agcnts  beyond thc current

patch) increases the oyerall  energy  temporarily, but is
an  effective  way  to avoid  being trapped  on  poor local
   'optlma.

8. Rio]o'sPrisoner'sDilemmaTagModel(I997)

       Commeni: A  realizatlon  of  John Holland's
theme  about  the value  of  arbitTary  tags on  agents.

For 1ater developments see  Cohen, Riolo and  Axelrod

(2001).
        Metric: Soup (anyone can  meet  anyone).

       Rules: Pairs of  agents  meet  at  random.  Ifboth
agree,  they play a 4 move  Prisoner's Dilemma.  An
agent  is more  likely to agrce  to play with  someone

with  a similar  
"celoT"

 (tag). Strategies use  2

parameters: probability of  C after C, and  probability of

C after  D. Evolutionary a{gorithm  determines next

generation's population,

      Sample result:  Tags provide a  way  for
reciprocating  agents  to attain  high interaction rates,  but
then their success  is undermined  by 

"mimics"

 with  the
same  tag. Although the meaning  and  success  of  a

particular tag  is temporary,  tags help sustain

cooperation  in the long run.
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