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Abstract
Simulationhasa long and chequeredhistory in areasof substantive interestto
sociology, from beforeForrester’s (1973)modelof over-populationto up-to-the-
minute approachesbasedon complexity theory or Distributed Artificial Intelli-
gence. While in somerespectsit hasfailed to live up to its inflatedpromise,it
offersnonethelessa very usefulparadigm.Moreover, advancingsimulationtech-
nology offers someadvantages,particularlythe modellingof macro–microlink-
agestoo complex to dealwith linguisticallyor mathematically. This paperbriefly
reviews the history of simulationin sociology, andgoeson to considerin more
detail specificareassuchas systemdynamics,cellular automata,iteratedgame
theory, distributedartificial intelligence,neuralnetworks, multi-level simulation,
simulationof socialnetworks andorganisations,andpolicy-orientedtax–benefit
micro-simulation.It concludeswith aconsiderationof theroleof statisticsin sim-
ulation,andtheverygoodpotentialfor expandeduseof simulationin sociology.

1 Introduction

Computersimulationhasplayeda significant, thoughsecondary, role in sociology
almostas long as sociologistshave had accessto computers. As a methodologyit
hasoffered,and continuesto offer, a set of fruitful approaches:it is with justifica-
tion that someclaim it to representa third domain,complementingboth naturallan-
guangeandmathematical/statisticalsociology(Schnell,1990;Hanneman,Collinsand
Mordt, 1995). However, simulationhaswaxedandwanedin prominenceandhasal-
waysstoodapartfrom themainstreamof sociology, whichhasnot fully appreciatedits
contribution.

In this paperI review therole simulationhasplayedin sociology, thesortsof con-
tributionsit is currentlymaking,andits futurepotential.Thescopeof thereview is the
disciplineof sociology, but becauseweareconcernedwith asetof methodsin nosense
specificto thediscipline,it is not usefulto imposehardterritorialboundaries.Indeed,
researchusingsimulationtendsnot to respectconventionaldisciplinaryor publishing
‘geography’. Thereforethe scopeof the review is researchon simulationof social
processes,andsocialphenomena,in general.This includesresearchoneconomicpro-
cesses,viewedsocially(but excludesresearchclearlywithin aneconomicstradition),
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someaspectsof socialpsychology, of organisationtheory, aspectsof demography, an-
thropologyandarchaeologyandsoonwherethesubstanceis of sociologicalinterest.It
includesa brief considerationof thetax–benefitmicro-simulationtradition. However,
becauseof work presentedin parallelpapersin this issue,researchon innovationand
diffusion (Windrum,1999),on businessprocesses(Paul, Gliaglis andHlupic, 1999)
andonpurepolitical-scienceissues(Johnson,1999)will notbecovered.

2 A brief history

Computersimulationin sociologyhasa history that stretchesbackalmost40 years1

andhasgonethrougha numberof phasesof vigour andretrenchment.Its literature
is pepperedwith papersandbookssummarisingits influence,advocatingits useand
pulling togetherexamplesin orderto demonstrateits utility (Guetzkow, 1962;Gremy,
1971;Guetzkow, KotlerandSchultz,1972;Hummon,1990a;Troitzsch,1990;Schnell,
1990;Gilbert andDoran,1994;Hanneman,1995;Gilbert andConte,1995;Troitzsch,
Mueller, GilbertandDoran,1996;HannemanandPatrick,1997).

Therearetwo importanttraditionsassociatedwith theearlydaysof simulationin
thesocialsciences.Thefirst, temporally, is simulationgaming,especiallyin thefields
of internationalrelationsandorganisationtheory. This wasan approach,with roots
in social psychology, which attemptedto model phenomenasuchas diverseas the
outbreakof World War I (HermannandHermann,1967)andthestructureof organisa-
tions(e.g., Guetzkow andBowes,1957).In duecourseit becameclearthatcomputers
allowedmoreextensive, if lessflexible, simulationsto becarriedout, andat lessex-
pense.2 This traditionaccountsfor someof the popularityof simulationin cognitive
andsocialpsychology, andin political scienceandinternationalrelations.

The secondtradition is known as the ‘world dynamics’or system-dynamicsap-
proach: this grew out of work doneat MIT and becamequite well-known in the
early 1970swhenJayW. Forresterpublishedhis modelof world-wide growth, pop-
ulationandpollution (Forrester, 1973),andwhich wasincorporatedin thefamousre-
port to the Club of Rome,TheLimits to Growth (Meadows, Meadows, Randersand
Behrens,1972). However, thoughthesemodelswerefascinatingin their depictionof
thecomplex interactionsof theelementsof theworld system,they performedpoorly
dueto extremelyhigh levels of aggregation,somearbitraryassumptionsanda weak
empiricalbase. In someways, the popularityof the systemsdynamicsapproachin
theearly1970shinderedasmuchasit helpedthemedium-termgrowth of simulation.
Nonetheless,it is still animportantmodeof simulation:seesection3.1below.

Thoughthesetwo traditionswereinfluentialtherewasa lot goingonelsewhere,as
thepotentialof computersbecameevident.Coleman’searlypaper(1962)demonstrates
how a simplesimulationcananswersometheoreticalquestionsaboutreferencegroup
effects(andavoid theindividualisticerrorof analysing‘not thesocialsystem,but the
IBM cards’:p.61). Onefield thattookupsimulationenthusiasticallywasdemography,
wheretherelative simplicity of theunderlyingprocesses(birth rates,deathrates,etc.)
coupledwith therelatively chaoticobservedpopulationdynamicsmadesimulationan

1The earliestreferenceI can find is Guetzkow and Bowes (1957), exactly forty yearsold at time of
writing, representingthetraditionof simulationgaming(with role-playingparticipantsratherthancomputers
doingthework) theimmediatepredecessorof muchcomputersimulationresearch.However, asearlyas1962
Colemanwas makingprogrammaticstatementsaboutthe importanceof computersimulation(Coleman,
1962),anda yearpreviously Orcutt,Greenberg, KorbelandRivlin publishedtheir seminalwork on socio-
economicsimulation.

2ThejournalSimulationandGaminghasto asignificantextentcomefrom thisperspective.
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attractiveproposition.In particular, it becamepopularin anthropologicalandhistorical
demography, whereit allowedthereconstructionof processesthatwereonly partially
observed. Examplesin conventionaldemographyincludeDyke andMacCluer(1975)
and,morerecentlyPennec(1993). Roth(1981)andrecentlyWhitmore(1991)focus
onhistoricalreconstructionof populationchange,andDoran(1970)andWobst(1974)
representearly useof simulationin archaeology. Anthropologicaldemography(and
anthropologyin general)alsoprovidedinterestingproblemsfor simulation:thehighly
structuredmodelsof kinshiprelations,incesttaboos,marriagerelationshipsandsoon
thatanthropologistsdeveloped,lent themselvesreadilyto expressionascomputerpro-
grams(Kunstadter, Buhler, StephenandWestoff, 1963;Gilbert andHammel,1966;
MacCluer, NeelandChagnon,1971;McArthur, SaundersandTweedie,1976;Howell
andLehotay, 1978;Hammel,McDanielandWachter, 1979;Fix, 1981).Someusesim-
ulationto makeunexpectedlinks betweenaspestsof thestudiedsocieties:for instance,
Dombrowski (1993)usesa simulationto demonstratethatthepracticeof bridewealth,
usuallyunderstoodpurely in termsof solidaristicinter-familial exchange,may well
have the importantandunexpectedconsequenceof reducingthe risk of cattleherds
dyingout,andtherebymakingeconomicthepracticeof small-scalecattlehusbandry.

Computingbecamemoreaccessible,cheaperandin many respectseasierover the
pastfew decades,andsimulationhasgrown with it. In particularthedevelopmentof
high-level languages,from FORTRAN IV to object-oriented,platform-independentlan-
guageslikeJava,passingthroughmorespecialisedoneslikeLisp,PrologandSmalltalk
andworkhorseslikeC andC++,hasmadeit easierto write complex simulations.Spe-
cial simulationlanguageslike DYNAMO (for systemdynamics),GPSS andSIMSCRIPT

inter alia have removed the requirementthat the simulatorbe competentin a pro-
gramminglanguage(aslong asthetypeof simulationfits into thepackage’smodel).3

ProgrammablestatisticalpackagessuchasSAS(andmorerecentlyStata),andspread-
sheets,meanthatmany morepeoplehave themeansto carryout simulationsat their
fingertips.Perhapsmoreimportantly, a largebodyof technicalknowledgeaboutsim-
ulation(in all disciplines)hasbeenbuilt upandis becomingformalised(e.g., Whicker
andSigelman,1991;DaviesandO’Keefe,1988).

But someotherdevelopmentsin computerscienceandrelatedareashavemadefor
qualitativeratherthanquantitativeadvancesin simulation:

� the object-orientedprogrammingparadigm,mentionedabove, is an approach
whichfacilitatesmodellingrealitybothcomputationallyandconceptuallyandis
particularlysuitedto modelling,for instance,nestedstructuressuchassocieties
containinggroupsmadeupof individuals(seesection3.4below);

� Connectivist or neuralnetworksallow thecreationof systemsor agentswith the
ability to learnfrom theirenvironment(section3.3);

� The ‘artificial life’ tradition (sometimesassociatedwith the SantaFe Institute
(SantaFe Institute,n.d.)) hasdevelopedthe ‘cellular automata’model (sec-
tion 3.2; this is a veryusefulparadigmfor modellingindividualsembeddedin a
spatialstructure),andthe‘distributedartificial intelligence’approach(DAI: see
section3.3) in which systemscomposedof artificially intelligentagentsareset
up andstudied(alsocloselyrelatedareissuesof chaosandcomplexity theory,
andthe‘evolutionarycomputing’paradigm).

3Thesepackagescanmake simulationsmuchmoreefficient to write: in Hannemanet al. (1995), for
instance,a sophisticated,if stylised,theoreticalmodelof imperialism(in termsof therelationshipbetween
internalfactorspromotingimperialism,the armsindustry, the legitimacy of the state,the power of enemy
statesandsoon), in thesystems-dynamicstradition,canbewritten in amere34 linesof DYNAMO code.
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3 Overview of existing research

The diversity of work in simulationin sociology(or of phenomenaof sociological
interest)is considerable,andraisesa problemof presentation:whetherto divide by
substantive content,or by the sort of simulationused. Partly becausesociological
simulationswhich arisedirectly out of establishedsubstantiveareasarelesscommon,
andpartly becausethereis anassociation,thoughweak,betweentypesof simulation
andtheissuesthey dealwith, thefollowing overview of currentsociologicalsimulation
is organisedaccordingto simulationmethodratherthanaccordingto substantive or
theoreticalcontent.

3.1 System dynamics

Systemdynamicswasfor a time thesimulationparadigm,anddespitenot living up to
its initial perceivedpromise,it is still in widespreaduseandis still generatinginterest-
ing results.Theessenceof systemdynamicsis that it modelssystems,wheresystems
consistof asetof quantitiesor stocksor ‘levels’ whichcangrow or decline,andwhere
theratesof growth anddeclineareaffectedby ‘feedbackloops’ from eachstockitself
andotherstocks,in potentiallycomplex ways. Oncea systempermitsfeedback,its
pathbecomeshardto predictin advance,makingsimulationa usefulapproach.For-
rester’s famousworld model(Forrester, 1973)consistedof fivesuchstocks:

1. population;
2. naturalresources;
3. capitalinvestment;
4. capitalinvestmentin agriculture;and
5. pollution.
Theseare linked togetherby feedbackloops: for instance,the deathrate is af-

fectedby the level of population(crowding increasesmortality), pollution, andmate-
rial wellbeing(in turn a functionof capital investmentandthe consumptionof natu-
ral resources);bothproductionandpopulationincreasepollution, andthe rateof ab-
sorbtionof pollution is a decliningfunction of the level of pollution, andso on (see
Forrester, 1973,Fig. 2.1). Thoughit hasonly five ‘stocks’ therearemany complex
links betweenthem,anda largenumberof parametersto specify, to saynothingof the
functionalform of the feedbackloops. As a result it constitutesa systemwhosebe-
haviour variesdramaticallyover timeandastheparameterschange.Moreover, it does
so in an unpredictableway. With gooddataon parameters,well specifiedfunctional
links, andproperlyspecifiedstocks(for instance,without excessive aggregation: the
birth rateis betterconsiderednot a function of the population,but of the population
of womenof child-bearingage,etc.) sucha simulationmodelcanbea successfuland
enlighteningrepresentationof reality. Unfortunately, Forrester’smodelwastooaggre-
gateandbasedon too many unfoundedassumptionsandwaspublicly seento fail. As
Schnell(1990)pointsout,subsequentmodellingmovedto amoreregionalfocus,paid
moreattentionto specifyingeconomicprocesseswell, andworkedwith a shortertime
frame.4 Nonetheless,theworld-modellingparadigmasaninstanceof systemdynam-
ics is no longersignificant. (In contrast,the tax–benefitmicro-simulationparadigm
hasbecomeincreasinglyimportantfor forecastingandcounter-factualanalyses,but is
entirelynon-aggregate,usuallyworkingat theindividual level: seesection3.6below.)

4Schnell’s papercontainsasystematicoverview of simulationin sociologyanddespitebeingslightly out
of dateis well worth reading.



Simulationin Sociology 19/01/9917.38 Page5

3.1.1 The elaboration of theory

However, despitethe failure of predictive models,the paradigmhasbeenfound to
be useful for otherpurposes,notablythe elaborationof macro-sociologicaltheories.
For instance,Hannemanet al. (1995)(seenote3 above)makesanextensiveargument
thatnaturallanguageis inadequatefor theformulationof complex theories,especially
wherethereis a systemof multiple causationinvolved,or wheredynamicsareimpor-
tant.Wherepossibleamathematicalformulationis preferable,but oftenthemathemat-
ics is intractableor outsidetheskill of the researcherandthensimulationprovidesa
powerful alternative.5 They presentanexampleof thesortof theory-developmentthey
meanby taking ideason imperialisticconflict from Simmel,CoserandWeber, and
settingup a system-dynamicsmodelwith ‘levels’ includingthelegitimacy of thestate
(andtherefore,relative to thedesiredlevel of legitimacy on thepartof thestate,thele-
gitimacy deficit),thesizeof thearmsindustry, thesizeof thestate-dependenteconomy,
the amountof booty derived from imperial exploitation,etc. By startingwith a very
stylisedmodel,andby carefulmanipulationof parameters,they areableto draw out
certaininterestingrelationships,for instancebetweenthesizeof thelegitimacy deficit
andthemilitary powerrelativeto enemystatesandthesystem’s temporalpathin terms
of conflictandstability. They arecarefulto notethatthesesimulationsdonotrepresent
reality: rather, they forcethere-statementof theoryin a rigoroussymbolicform where
morecomplex consequencesof thetheorymaybedrawn out.6

3.1.2 Theorising norms

Anotherexampleof macro-level theorydevelopmentusingsystem-dynamicsis given
by JacobsenandVanki (1996)(seealsoJacobsen,BronsonandVekstein,1990).Here
thesubstantive issueis changein normsbearingon thesuitability of engineeringasa
careerfor womenin Israel. Theperspective on normsis drawn from fairly traditional
streamsin sociology, including structuralfunctionalism(e.g., Berger and Luckman,
1967;Merton,1957),but simulationconfersthe advantageof a dynamicperspective
to theusualstaticnessof functionalism.7 Thequantitiesin their modelaresuchthings
aslevel of deterrence,the legitimacy of violation, thenumbersof violatorsandsoon.
Becauseof the systemperspective, they can deal with the circular (but nonetheless
logical) relationshipwherebythemorecompliedwith a normis, thestrongerit is, and
correspondinglythe moreit is violated, the weaker it becomes.Their modelallows
themto assessthe separateeffectsof internalisationof normsandof externalsocial
control,andthey concludethattheslow rateof growth of femaleengineersis moredue
to theslow rateby which womenareinternalisingpositive views of thecareerthanto
informalsocialcontrol.8

5They areperhapstongue-in-cheekwhenthey claim that theappealof simulationshouldcrossexisting
divisionsin sociology:theoristswill find it ‘offensive to [their] antipositivist meta-theoreticaltenets’while
quantitative sociologistswill considerit ‘a defective form of empiricalanalysiscarriedout with imaginary
data’.

6Elsewhere,HannemanandPatrick (1997)make thesamepoint moregenerally, andmake referenceto
the fact that system-dynamicstend to suit macro-level theories(wherethe entitiesaremacro-level ‘vari-
ables’)but that thegeneralargumentis alsoapplicableto micro-simulationapproaches(wheretheentities
are‘individuals’ suchaspersons,households,or firms). Schnell(1990)alsomakesa strongcasefor theory
developmentthroughmicro-simulation.

7Anothersimulationapproachto thesociologyof norms,but from anentirelydifferentdirection,canbe
seenin ConteandCastelfranchi(1995).

8Themethodthey useto relatetheirsimulationto realworld data– attemptingto recreateobservedtrends
by runningthesimulationwith differentparameters– is potentiallyproblematic.Indeed,thewholeareaof
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3.2 Cellular Automata and Iterated Game Theory

While system-dynamicspersistsas a simulationtradition it is increasinglyjust one
approachamongmany. Of the other popularapproaches,two relatedmethodsare
common,andof particularrelevanceto socialprocessesandphenomena.Gametheory
is in itself a majortraditionin socialscience,perhapsespeciallyeconomicsbut alsoin
sociologyin associationwith thegrowth of rationalchoicetheory, andin recentyears
hasdevelopedinto themorecomplex andoftenmoreinterestingdirectionof iterated
games,wherethe playersmay develop long-termstrategiesbasedon knowledgeor
assumptionsabouttheotherparticipants.TheCellularAutomatatraditionis logically
distinctfrom gametheorybut is oftenassociatedwith it becauseit allowsplayersto be
situatedin a pseudo-spatialstructure.

A cellularautomatonis a cell in a grid (of usuallytwo dimensions,but sometimes
oneor morethantwo) whichobeysasetof rules,basedonthestatesof its neighbours,
andwhich operatesin discretetime. The classicexampleof CA is Conway’s ‘game
of life’, whereeachcell couldbealive or dead,dependingon thestatesof its neigh-
boursin thepreviousperiod: too many live neighboursandit ‘dies’ of overcrowding,
too few it diesof loneliness;if the appropriatenumberof life cells surrounda dead
cell it springsinto life.9 The resultof thesesimplerulesoperatingon automatain a
two-dimensionallattice leadsto the emergenceof unexpectedlycomplex mobileand
sometimespersistentpatterns.Thisconceptof ‘emergence’hasspecialsignificancein
the‘artificial life’ andcomplexity theoryworld,andthegameof life is ofteninvokedas
a exampleof theemergenceof complexity ata higherlevel (i.e., thegrid) from simple
rulesata lower level (i.e., thecells).Sociologically, emergencehasmajorsignificance
for approacheswhichwish to explainmacro-level phenomenain termsof theoutcome
of thebehaviour of micro-level actors.

It is not immediatelyclear that the gameof life servesasa usefulparadigmfor
sociologicalwork, but therearemany morerelevantexamples.An earlycase(which
doesnot identify itself asCA, but which Hegselmann(1996)shows to fall within the
bounds)is Sakoda’s ‘checkerboard’modelof groupinteraction(Sakoda,1971),where
heshowsthatanegativeattitudetomembersof anothergroupis sufficienttoexplainthe
developmentof spatialgroupclustering(i.e., without therebeinga positive attitudeto
membersof samegroup).CA hasbeenusedmany timestodealwith groupsegregation,
oftenwith theissueof racialresidentialsegregationin theUSastheimplicit or explicit
referent(HegselmannalsoquotesSchelling,1969).

The connectionbetweeniteratedgametheoryandCA arisesbecausethe players
in a gamecanbe consideredautomata,andit becomesvery useful in iteratedgames
involving choiceof partnersateachcycle to have theoptionof imposinglocality con-
straints(i.e., thattheautomatonchoosesnot from theentirepopulationof players,but
only thosein its immediateneighborhood).Therearemany instancesof iteratedpris-
oner’s dilemmagamesplayedout in CAs (e.g., Lomborg, 1996;Kirchkamp,1996).
Hegselmann(1996)developsan exampleusinga ‘support’ game(which undercer-
tain conditionsreducesto a form of prisoner’sdilemma;at random,automatabecome
in needof support,which is very beneficialif they get it andwhich coststhe helper
a relatively small amountbut more than refusingto help does),in a CA which al-
lowsmigration,andwherethereareseveraldistinctclassesof automata,with different
probabilitiesof requiringsupport.Migration allows a sortingof theautomata:every-

thevalidationof simulationwith respectto empiricaldatais problematic,andneedswork: seesection3.7.
9TheGameof Life is well known in computerscience,andmany examplesexist ontheWorld WideWeb,

for instanceathttp://alife.fusebox.com/cb/alife.html.
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oneprefersto be nearlow-risk ratherthanhigh-risk automata,andasa result there
is clustering,with membersof thesamerisk groupsclusteringtogether. However, he
canalsodevelopmoreusefulresults: for instance,non-identicalrisk classesmay be
contentto remainadjacentaslong asthey arenot too different,andtheimportanceof
thisdifferenceis markedly lessfor mid-rangerisk classesthaneitherextreme.

Hegselmanngoesonto makesomemoregeneralargumentsabouttheutility of CA
simulationsin socialscience,amongwhich is the issueof locality (i.e., that the au-
tomatahavelocationsandinteractwith othersin theirneighborhood,which,especially
oncemigration is allowed, is very like social interaction). Otherargumentsinclude
the insight the modelgivesover the emergenceof macro-phenomena,andespecially
(almostechoingWeber)theway in which unintendedconsequencesof behaviour can
leadto unexpectedoutcomes.Anotherrelatively formal advocationof CA for social
researchcanbereadin Leydesdorff (1995).BothHegselmannandLeydesdorff, among
others,areworkingonsystematicanalysisof cellularautomatasystems:moreformal-
isationof suchanalysishasthe potentialto addsignificantlyto the leverageof these
models.

3.2.1 Related models

Apparentlyoutsidethedomainof CA, though(asHegselmannpointsout)fitting within
it in principlelies someof thework of Axelrod.10 In work reportedin Axelrod(1995)
andelsewherehedescribesa modelof political actors(in this case,states)residingin
a one-dimensionalspaceandrelatingto their neighboursconflictually(they canfight,
exact tribute andform associationsaccordingto simplerules). His interestis in the
issueof how supra-nationalentitiesmayemerge from rationalmicro-level action. In
repeatrunsof themodel,many interestingfeaturesemerge: clustersof commitment,
surroundingonestrongstate,oftenemerge,andoccasionallythesestrongstatesmay
dramaticallycollapse,asthey getembroiledin disputesinvolvingclientstates(Axelrod
dubsthis ‘imperial overstretch’).

While this modelhasobviously interestingimplicationsfor political scienceand
the sociologyof statesandtheir internationalrelations,it is perhapsmostinteresting
in thepresentcontext for its contrastwith Hannemanet al. (1995). First, theusually
valid associationof CA with micro-level analysisandsystem-dynamicswith macro
level is presentbut in an odd way: in eachcasethe unit of analysis,the state,is the
same.In thesystemsdynamicsmodelthesystemis thestateandwelook to its internal
functioningto understandoutcomes(and,astheauthorsareaware,ignorethedetailof
its environmentwhich consistsof otherstates),whereasin theCA modelwe take the
internalfunctioningof thestatesasgivenandlook at thedynamicsof their interaction.

3.3 DAI and neural networks

A greatdealof work in simulationis drivenby developmentsin computerscience.In
thissectionI briefly considertwo separateapproacheswhichhaverelatedimplications
for simulation:DistributedArtificial Intelligence,andneuralor connectivist networks.
Eachareaholdsspecialpromisefor socialresearch,in that they allow the modelling
of ‘societies’of moreor lesscomplex agents,which canlearnfrom andreactto their
environments.

10Axelrodis of courseverywell known in theworld of gametheory(e.g., Axelrod,1984)
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3.3.1 Distributed Artifical Intelligence

Distributedartificial intelligencerefersto systemsconsistingof several‘artificially in-
telligent’ agentswhich caninteractwith oneanotherandtheir environment(they are
‘distributed’ becausethey may, but neednot, resideon differentcomputers). They
have many applications,not least in roboticsand relatedcomplex control systems,
but arealso beingaplied interestinglyto social phenomena.For instance,the EOS
project(Doran,Palmer, GilbertandMellars,1994;DoranandPalmer, 1995)usesaDAI
testbedconsistingof artificially intelligentagentswhichcanforageandform groupsto
examinecompetingtheoriesof stone-agesocialchangein south-westernFrance.Also
usingDAI techniques(but with moreof a knowledge-representationflavour) Findler
andMalyankar(1995) investigatethe emergenceof moreproperlysocialgroupings
with sharednormative systems.Along with ConteandCastelfranchi(1995)(a work
which to somedegreeformsa bridgebetweenCA/gametheoryandDAI), it is inter-
estingto contrastthis approachwith that of JacobsenandVanki (1996)discussedin
section3.1.2.

In termsof emergenceof complexity, this approachoffers two advantages:one,
more interesting(or realistic)phenomenamay emerge from morecomplex building
blocks,andtwo, it maybeeasiertoaccountfor theemergenceof ‘meso’levelphenenom-
ena,suchasgroupswithin societies.

3.3.2 Networks

Neuralnetworkshaveexciteda lot of interestsincethey werefirst demonstrated,partly
dueto amisdirectedenthusiasmthatby usingthebuilding-blocksof thebrainwecould
soondevelop truly intelligent computers. Their actualusesare more mundanebut
they areneverthelessof real use. Their real benefitin sociologicalsimulationis that
their behaviour includeslearning,the ability to classify basedon experience. This
mimicshumanbehaviour well enoughfor neuralnetworksto beinterestingin avariety
of simulations(e.g., Bainbridge,1995a;Bainbridge,1995b;DuongandReilly, 1995;
Parisi, CecconiandCerini, 1995). In Parisi et al., for instance,the networks arethe
individualsin a populationwhich reproducesacrossthe generations,andpatternsof
altruismbetweenkin emergeandstrengthenoverthegenerations(this is, of course,an
evolutionarysystemwith directbiologicalanalogies).

In a work with somefascinatingimplicationsfor the emergenceof socio-cultural
structures,andwhich is thusprofoundlysociologicaldespiteoriginatingin cognitive
psychology, HutchinsandHazlehurst(1995)take a particulartypeof neuralnetwork
which learnsto classify inputs (by converting them into an internal representation
which is thenconvertedinto a representationto be comparedwith the input; this is
donewith an initially randomset of parameters,or ‘connectionweights’ which are
adjustedin responseto successand failure), andmake their internal representations
‘visible’ to othermembersof the society. The internal representationsthusbecome
inter-personalsymbols,initially randomanddevoid of meaning,but in the courseof
thesimulationastheindividualnetworkslearnto distinguishtheinputs,andseeothers
doingso,theinternalrepresentationsbecomestandardised,andanalogousto symbols.
If a new network (i.e., with randomweights)is exposedto the inputsandthe sym-
bol systemit learnsto discriminatebetweentheinputsmuchmorequickly. This is an
extremelysimplemodelof the emergenceof language,but it mayserve asa starting
point for researchon the emergenceof truly socio-structuralphenomena(ratherthan
justemergentcomplexity).
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3.4 Multi-level models: MIMOSE et al.

Anotherapproachthathasthepotentialfor providing ahandleonmorecomplex emer-
genceof social structuresis the multi-level modelling approach(analogousto, but
distinct from the statisticalapproachof the samename: seesection3.7). This ap-
proachbuilds into the simulationa recognitionof a layeredstructureto societies,
suchasstudentswithin classeswithin schoolswithin a schoolsystem,or individuals
within groupswithin societies.It is associatedwith the MIMOSE simulationlanguage
(Möhring,1996),but canbeimplementedelsewherealso(e.g., Gilbert (n.d.) presents
a Lisp-Statimplementationthatis surprisinglysmall: like MIMOSE it reliesheavily on
objectorientation).Oneof theimportantfeaturesof theapproachis thatprocessesatall
levels,individual, intermediateandmacro,canbearon thedevelopmentof themodel,
andthusit offersthepotentialto improvebothonthesystem-dynamicsstylemacroori-
entation,andthebottom-upmicro orientationseenin CA andDAI approaches.Saam
(1996)usesMIMOSE to exploretheoriesof military interventionin Thai,usingindivid-
uals,groups(suchasthemilitary) andtime-seriesinformationaboutThailand,andcan
explain thesequenceof coupsd’état.Moreover, thenatureof themodelallows herto
applya systematicandformal sensitivity analysis,somethingwhich is likely to bean
increasinglyimportantrequirementof simulationresearch.

3.5 Network and organisations

This sectiondeviatesfrom theorganisationof thepaperin termsof modesof simula-
tion ratherthansociologicalsubstanceor theory, andconsiderstheuseof simulation
in two specialised,related,areaswhereit hasarisenwith its own dynamic.Theseare
socialnetwork analysisand‘computational’organisationtheory. In bothcases,simula-
tion offersawayof dealingwith thehighlevel of complexity thatthesesub-disciplines
encounter, andbothcasesrepresentimportantexceptionsto theusualpaucityof simu-
lationsarisingfrom pre-existingsociologicalconcerns.

Socialnetworkanalysisisanincreasinglyimportantpartof sociology, asresearchers
increasinglyrealisethatmany importantphenomenaarestronglyconditionedby their
beingembeddedin networks. However, it bringswith it a complex methodologybe-
causeof the inherentcomplexity of networks. Thusit is a field characterisedby rela-
tively complex mathematics(or mathematicalproblems),andby sophisticatedstatisti-
cal models(seebelow, section3.7, for discussionof Greve, StrangandTuma,1995).
Thusit ishardlysurprisingthatsocialnetworksimulationsarebecomingcommon(e.g.,
Hummon,1990b;HummonandFararo,1995a;HummonandFararo,1995b;Abraham-
sonandRosenkopf, 1997).

Computationalorganisationtheoryis the preferredlabel for the growing body of
work simulatingtheoperationanddevelopmentof organisations.To anextentit over-
lapswith socialnetwork simulation,not leastbecauseorganisationscanusefully be
consideredasnetworks,but alsobecauseof an overlapof the individual sociologists
involved(e.g., Hummon,1990b).In ausefuloverview of thefield Carley (1994)notes
thatit drawsheavily from sociology, psychology, existingorganisationtheoryand,per-
hapsmostimportantlyin termsof thesimulationelement,DAI.

3.6 Micro-simulation: tax and welfare benefits

Whilemicro-simulationis properlydefinedassimulationbasedonpopulationsof ‘low-
level’ unitssuchasindividuals,in thebroadercontext of socialpolicy research(both
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socialandeconomic)thetermis usuallyunderstoodto referto data-driventax–benefit
micro-simulationmodels. Thesemodelsare designedfor forecastingand pseudo-
experimentationon the tax andwelfaresystem,andusuallyexploit survey or census
informationto createsimulatedpopulationswith characteristicsmodellingthoseof the
real population. This is combinedwith extensive expert knowledgeof the tax and
welfaresystems,andtheoreticallyandempiricallyderivedtransitionrateswithin state
spaces(suchasemploymentstatus,family andfertility status,etc.). A typical useof
a tax–benefitmicro-simulation(TBMS) model is to assessthe aggregateanddistri-
butional effectsof a changeto a tax or welfarebenefit: what would be the expected
effect on revenue(or expenditure),andwho would gain or loseout. StaticTBMSs
arerelatively simplein structure,andassesswhatnet incomeeachindividual would,
counterfactually, have hadunderthenew system;dynamicTBMSsaremorecomplex
in that time hasa role: individualsageandstochasticallyundergo transitions,aswell
asbeingsubjectto modified(or unmodified)fiscalregimes.Thedynamiccasecanthus
comparetheexpectedoutcomeoveranumberof yearsunderano-changescenariowith
thatundera modifiedtaxor welfaresystem.

Suchpolicy orientedmicro-simulationscan tracetheir history back to the early
1960s(Orcutt,Greenberg, Korbel andRivlin, 1961),but have developedextensively
sincethe 1980s(Orcutt, Merz and Quinke, 1986;Citro and Hanushek,1991). Ex-
amplesinclude LIFEMOD and its derivatives,developedat the LSE and Cambridge
(FalkinghamandLessof,1991;Hills andLessof,1993;CambridgeMicrosimulation
Unit, n.d.),theDarmstadtPseudo-microSimulatorandMicro–macrosimulator(Heike,
Beckmann,Kaufmann,Ritz andSauerbier, 1996)andasetof modelsof theAustralian
systemdevelopedat Canberra(a very usefulintroductionto thesemodelsandto tax–
benefitmicro-simulationin generalis availableat the websiteof the AustralianNa-
tional Centrefor SocialandEconomicModelling (n.d.); Merz (1996)alsoprovides
a usefuloverview of the field.) Work is alsounderway to integratemodelsof most
EuropeanUnioncountries(CallanandSutherland,1997).

Thesemodelsareundoubtedlyusefulfrom apolicy pointof view in thatthey assess
quitewell theoverall short-termeffectsof policy change,but their ability to forecast
in the mid and longer rangeis lessconvincing. And from the point of view of so-
ciology in generaltheir interestis limited, in that they focus very explicitly on the
boundeddomainof governmenttransferpolicy. That is, they do not speakto wider
issues,andembodymoretechnicalknowledgethantheory. Nevertheless,they answer
somerealquestions,andfurthermorearedevelopinga methodologywhich is applica-
ble to otherissuesof interestto sociologists:thedynamicsimulatedpopulationcanbe
usedto forecastoutcomesin otherdomains(e.g., fertility, residentialmobility, labour
market trends)underdifferentregimes,andthey canserve asa testbedfor comparing
competingtheoriesaboutsocialprocesses,whereverisimilitudeto historicalpopula-
tion distributions is a relevant criterion. However, thereis asyet little work in this
direction.

3.7 Statistics and simulation

Thereis a long tradition of simulationin statisticsthat, at leastby its existence,has
somebearingon simulationin sociology. However, statisticalsimulationtypically
hasthe purposeof investigatingpropertiesof new statisticalmethods,in many cases
estimatingempiricaldistributions,wherethe mathematicalsolutionis intractable,to
constructconfidenceintervalsaroundparameterestimates.This is the ‘Monte Carlo’
method,whereresultsaregeneratedfor largenumbersof randomlydistributedinput
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data,andis clearlynotsociological.11 However, therearethreerespectsin whichstatis-
tics is relevantfor simulationin sociology:

1. statisticalmodelsof dataarein animportantsensea caseof simulation;
2. simulationsrequirestatisticalanalysisfor interpretation;
3. andperhapsmostimportantly, theboundarybetween‘pure’ statisticsandstatis-

tically formulatedsociologicaltheoriesis notsharp.
Statisticsis by its naturea form of simulation,but ratherdifferentfrom that cur-

rently underdiscussion.That is, a statisticalmodelof a setof datais a simulationof
thatdatageneratedaccordingto clearlydefinedrulesembodiedin themodel,andthe
adequacy of thesimulationis to bejudged(in thefirst instance)by thedifferencebe-
tweenthesimulatedandthe real data,usingclearlydefinedrulesandcalculationsin
turn backedup by a clearlydefinedtheoryof probabilityanddistributions. However,
therearedifferentways in which the ‘rules’ of the modelrelateto the dataandthe
processesgeneratingit: very often the analystsimply believesthereareassociations
betweensomeof themeasuredvariablesandappliesamodel‘of f theshelf’ whichwill
pick up theassociationsif they arethere,but which is blind to thenatureof theassoci-
ation(e.g., whethertheassociationis asa resultof a causalrelationshipor a selection
process)andtheform it maytake(e.g., usinga linearform for simplicity of estimation
andinterpretationwhenthetrueform maynotbelinear).But in othercasesthemodel
will addresstheprocessescreatingthedatasetin meticulousdetail,incorporatingtheo-
riesaboutthephenomenonof interestaswell as‘nuisance’informationabouttheeffect
of factorsconsidereduninteresting,andabouttheprocessof collectionof thedata(is-
suesof samplinganddifferentialprobabilityof observation,measurementerrorandso
on). Thelattercaseinvolvesmuchmorehardwork andis oftenmoresatisfactory;the
former, while occasionallya markof badstatistics,canbevery usefulbut is lessakin
to simulation.

Futhermore,to the degreethat simulationsattemptto replicatehistoricalor real
world data,it becomesharderto distinguishconceptuallybetweenthemandstatistical
analysis.

Thesecondpoint: simulationsrequirestatistics.This is perhapsobviousbut worth
stressing.Not only do simulationsgeneratelarge amountsof datawhich needto be
interpretedaswell aspossible,but they alsoexposesocialscientiststo theunfamiliar
territoryof theexperimentalmethod.Takingthelatterpoint first, thetypical quantita-
tive sociologistis usedto applyingregression-like techniquesto survey datasets,and
is usuallyunfamiliarwith issuesof experimentaldesignandthelargebodyof statisti-
cal methodsevolvedto dealwith experimentaldata. Efficient testingof a simulation
modelis facilitatedby properdesignandintegrationwith suitablestatisticalmethods.
The former point is in a way a generalisationof the latter: the datathat simulations
generateis potentiallyvery rich, andto get its full benefitit is necessaryto analyse
it usingtools that take its natureinto account,andcananswertherequiredquestions.
Here,becausethe analystknows the generative processes(having written them)it is
perhapsevenmoreimportantthatappropriatestatisticalmethodsbeused.Longitudi-
naldatamaycall for hazardratemodels,or Markov models;theemergingparadigmof
multilevel simulations(seesection3.4)seemsto beextremelywell suitedto exploiting
statisticalmultilevel models(Plewis,1994;Goldstein,1987),independentlydeveloped
but with considerableconceptualoverlap.

11As amethodit longpredatescomputers,with tablesof randomnumbersbeingusedinsteadof computer
pseudo-randomnumbergenerators.



Simulationin Sociology 19/01/9917.38 Page12

The third point: in practicethe boundarybetweenstatisticalandsubstantive the-
ory is not alwaysclear. Certainspecialisedstatisticalmodelsembodya greatdealof
substantive theory, andcertaintheoreticalmodelsareexpressedin termsof the sorts
of outcomesa dataanalystcouldmeasure(or, at least,thereis a systematicinterplay
betweentheoryandstatisticalanalysisof data). Oneareaof sociologythat is widely
perceivedtobequantitativeandtechnicalin its generalorientationis socialmobility re-
search.Over thepasttwentyyearsresearchon inter-generationalmobility hasutilised
anddevelopedabatteryof techniquesfor theanalysisof categoricaldata,andin partic-
ular for analysisof the squareorigin–destination(traditionally ‘f ather–son’)mobility
table(Hauser, 1978;Goldthorpe,1980;Hout, 1989;EriksonandGoldthorpe,1992).
This simplecross-tabulationof classof family of origin by individual’s adultclass,is
treatedasanoutcomemeasureof thesociety’s processesof socialmobility andsome
relatively complex modelsareconstructedto relatethestructuraloutcometo thesorts
of processesandrelationsbetweensocial locationsthat might explain it. In particu-
lar loglinear‘topological’ or ‘levels’ models(Hauser, 1978;Erikson,Goldthorpeand
Portocarero,1979;Goldthorpe,1980)havebeenusedwith somesuccess.Theseallow
thesociologistto build up, from a setof statementsaboutthecharacteristicof thevar-
iousclasslocationsin relationto oneanother(thebarriersbetweenthem,thesortsof
resourcesthey typically imply andhow thesemay be passedacrossgenerations,the
affinity betweenlocationsandsoon), a modelto explain theassociationbetweenthe
categoriesandthus the structureof the table. In otherwords, in a large part of the
lasttwo decades’socialmobility literature,thetheoriesthatareappliedto thedataare
embodiedin andconstrainedby thestatisticaltechniquesused.

Becauseof this closeness,statisticalsimulationsrelatingto theloglinearmodelof
the mobility table take on a theoreticalcomplexion they would not otherwisehave.
ThusLogan(1996)usessimulationsto addressHauser(1978),and in particularhis
requirement‘to separate“rules of access”to socialpositionsfrom “the interplayof
supplyanddemand”’.His simulationssuggestthata differentstatisticalmodelshould
beused,becauseloglinearmodelscannotadequatelyseparatethesetwo aspects.Jones,
Wilson andPittelkow (1990)addressa relatedissueby meansof simulation: when
usingthe loglinearmodelof the origin–destinationtable,many differently specified
modelscanachieve similar goodnessof fit by conventionalcriteria, and it becomes
difficult to justify oneover another. They presenta method,basedon Monte-Carlo
generationof simulatedtablesfrom thefittedmodels,payingparticularattentionto the
distributionof residuals,whichenablesthemtoavoid bothunder-fitting andover-fitting
thedata.

Anotherstatisticalsimulationwith theoreticalrelevanceis reportedin Greve et al.
(1995). They addressa setof statisticalmodelsof diffusionin networks12 in termsof
their ability to discriminatebetweenconceptuallydistinctaspectsof diffusionsuchas
individual susceptibilityandsocialproximity. They generatesimulatedtemporaldata
representingdiffusion accordingto differenttypesof processandusethis to test the
robustnessanddiscriminatingpowerof themodelsthey propose.

Theseexamplesareaddresseddirectly to statisticalissuesbut becauseof theinter-
penetrationof statisticsandtheoryin theseparticularfieldsthey alsohave realsocio-
logical content.This interfacebetweenstatistics,simulationandsociologicaltheoryis
critically importantfor thedevelopmentof a sociologythatis boththeoreticallysound
andempirically founded,particularlywhenit comesto dealwith issueswhich arein-
herentlycomplex.

12Seesection3.5onnetwork analysis,andWindrum(1999)for discussionof diffusionof innovation.
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4 Discussion: Prospects for simulation in sociology

This overview of simulationresearchof sociologicalrelevancehasbeenvery super-
ficial, necessarilyso becauseof the breadthof the field. Certainthreadshave been
overlooked entirely13 andothersonly sketchily represented.However, a numberof
importantfeaturesrelevantto simulationin sociologyhave becomeapparent.Among
thesearethebenefitsof formal statementandmanipulationof theorythat simulation
allows, andtheway in which simulationwork rapidly comesup against(andto some
extent, offers solutionsor new approachesto) centralproblemsof sociologysuchas
theagency–structureduality, andtherelationshipbetweenmacroandmicro levels.

Schnell(1990)andHannemanet al. (1995),amongothers,arguethat simulation
bringsbenefitsby wayof formalisationof theory. Theactof translatinga theoryinto a
simulationrequiresmakingeverythingexplicit, andquickly exposesinternalinconsis-
tenciesandgaps.Translatingit into a formal symbolsystemthatcanbemanipulated
(asvalidly mathematicsassimulation)allowsusto seeconsequencesof thetheorynot
visiblein its naturallanguageformulation:thisallowsusto takedynamicsinto account
moreeasily, to seetheunintendedconsequencesof individual action,of ‘emergence’
of complexity from simplercomponents.In many casessimulationis moreeffective
thanmathematicalformulation,wherethemathematicalproblemis intractable,or less
accessibleto practitioners.

However, thereis a downsideto the power of formalisation: researcherscanget
seducedby ever moreabstract,complex simulationswhoserelationto reality or theo-
retical interestsis lessandless.Somethingsimilar is sometimesseenin mathematical
economics,wheresomeresearchis donesimply becausea mathematicalsolution is
tractable,and not becausethe problemis interesting. (Thereis also a downsideto
thetractabilityof simulation,in thedangerof spendinga lot of effort demonstratinga
relationshipeasilyderivableby mathematics.)

Whatismoreexcitingaboutsimulation’spotentialfor sociologyis thewayin which
it comesup againstcoreissuesin thediscipline,andmapsontoexisting polarisations
within it. While it is not necessaryfor a tool to have featuresthatareuniquelysoci-
ological for it to beof useto sociology(i.e., a lot of sociologicallyusefulsimulation
will have no relevanceto the ideasin this paragraph),somesimulationwork hasa
very specialbearingon centralissuesin sociologicaltheory. First, we seea partial
mappingbetweentypesof simulationandbroadapproachesto sociology: asnoted,
system-dynamicsis often usedby peoplewith roots in structuralfunctionalismand
relatedtraditions(themethodmapswell to theconceptualframework, giventhecom-
mon focuson system;the methodmay alsoprotectagainstexcessive functionalism
by allowing moreexplorationof dynamics). Alternatively, many of the ‘bottom-up’
approachesthatstartwith ‘individuals’,bethey automataor artificially intelligent,re-
lateto moremethodologicallyindividualisttraditions(Gilbert,1995).More interesting
is theprospectthatsimulationcanaid theoristsandresearchersto bridgethegapbe-
tweenthesetwo perspectives(bothareextremes:thereis a lot of sociologythatstands
betweenthesystemtheoryof theParsoniantradition,with its completelossof thevol-
untaristicindividual,andtheextrememethodological,or indeedontologicalindividu-
alismwhichseemsto regardmacro-phenomenaasepi-phenomena,of certainformsof
rationalchoicetheory, for instance).

That is to say, while it is an entirely valid exerciseto constructtheoriesat either

13For instance,the Frenchtradition in the sociologyof educationhasrecentlybranchedinto simulation
(Bulle,1996),drawing stronglyonthenon-simulationbut mathematicallyformulatedwork of Boudon(1974;
1981).
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a macroor a micro level, it is alsonecessaryto bridgethe two levels. This is a cen-
tral preoccupationof sociology, going backat leastto Marx andWeber, andfinding
contemporarystatementin work suchasthat of Habermasor Giddens. The latter’s
structurationtheory(Giddens,1984)is probablythebestknownrecenttreatmentof the
phenomenon(at leastin theanglophoneworld): ‘. . .neithersubject(humanagent)nor
object(“society”, or socialinstitutions)shouldberegardedashaving primacy. Each is
constitutedin and throughrecurrentpractices.’ (Giddens,1982,p. 8, his emphasis.)
Whatmakessimulationexciting is its ability, not only to generatemacro-phenomena
from micro-levelunitsin thesenseof ‘emerging’ complexity – whichrunstherisk that
themacro-level phenomenabecomeconsideredasepi-phenomena,thoughalsomak-
ing explicit the causalrelationship– nor to manipulatesystem-level phenomena,but
its ability to model‘everything’ simultaneouslyin a way that is impossiblein natural
languagetheorising. Multilevel simulations(section3.4) areparticularly interesting
in this respect,asthey allow themodellerto focuson micro-, meso-andmacro-level
processesat the sametime. However, they arenot a panacea:they requireinput at
all levels in the form of dataon how eachlevel is supposedto operate,ratherthan
generatingbehaviour at all levels from a singlesetof instructions. That is, they al-
low researchersto bring togetherdifferent levels of phenomenawithout a providing
theoreticalframework to integratethem.

Otherapproachesbearvery centrallyon theseissues:for instance,Hutchinsand
Hazlehurst(1995)(citedabove, section3.3.2),describea processthat is almosta di-
rect representationof the processof structurationas in Giddens’quoteabove. The
populationof networksgeneratesa phenomenonthatstandsoutsideeachindividual (a
lexiconof representationsof theinputsthey areexposedto,aproto-language)bymeans
of aniteratedprocessof interactionbetweentheindividualsandtheirenvironment,and
betweenindividuals.Thephenomenonexistsonly becauseof theindividuals’ interac-
tion but existsoutsidethemandhasa realeffect on them. Of course,in termsof the
complexity andsubtletyof humansocietythis modelis utterly simplistic,but it does
presenta meansto investigatethegenesisof socialstructure,a problemthat is much
lesstractablein naturallanguage.

However, for simulationto addto thedevelopmentof sociologyandtheresolution
of core theoreticalproblems,we needmore than interestingtechniques,or exciting
modellingsystems:we needsociologicallyinformedresearchersto usethem. This is
notmeantasanegativeremarkon thesociologicalqualityof thework reportedabove,
but a reflectionthat it tendsto bewritten by simulationspecialists,andthatrelatively
little of it comesfrom coresociology. A lot is to begainedif mainstreamsociologists,
qualitative,quantitativeandtheoretical,wereto engagewith simulationasa method.
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