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Abstract

Simulationhasa long and chequeredistory in areasof substantie interestto
sociology from beforeForresters (1973) modelof over-populationto up-to-the-
minute approachedasedon compleity theory or Distributed Artificial Intelli-
gence. While in somerespectdt hasfailed to live up to its inflated promise,it
offersnonethelesa very usefulparadigm.Moreover, advancingsimulationtech-
nology offers someadwantagesparticularlythe modelling of macro—micrdink-
agestoo comple to dealwith linguistically or mathematically This paperbriefly
reviews the history of simulationin sociology andgoeson to considerin more
detail specificareassuchas systemdynamics,cellular automata,teratedgame
theory distributedartificial intelligence,neuralnetworks, multi-level simulation,
simulationof social networks and organisationsand policy-orientedtax—benefit
micro-simulation It concludesith a consideratiorof therole of statisticSn sim-
ulation,andthevery goodpotentialfor expandediseof simulationin sociology

1 Introduction

Computersimulationhas played a significant, though secondaryrole in sociology
almostas long as sociologistshave had accesso computers. As a methodologyit
hasoffered, and continuesto offer, a setof fruitful approachesit is with justifica-
tion thatsomeclaim it to represent third domain,complementingoth naturallan-
guangeandmathematical/statisticabciology(Schnell,1990;HannemanCollins and
Mordt, 1995). However, simulationhaswaxed andwanedin prominenceandhasal-
waysstoodapartfrom the mainstreanof sociology which hasnotfully appreciatedts
contrikution.

In this paperl review therole simulationhasplayedin sociology the sortsof con-
tributionsit is currentlymaking,andits future potential. The scopeof thereview is the
disciplineof sociology but becauseve areconcerneavith asetof methodsn nosense
specificto thediscipline,it is not usefulto imposehardterritorial boundariesindeed,
researchusingsimulationtendsnot to respectcorventionaldisciplinaryor publishing
‘geography’. Thereforethe scopeof the review is researchon simulationof social
processesndsocialphenomenan general.This includesresearcton economigro-
cessesyiewed socially (but excludesresearcttlearly within aneconomicdradition),
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someaspect®f socialpsychologyof organisatiortheory aspectof demographyan-
thropologyandarchaeologyndsoonwherethesubstancés of sociologicainterest.It
includesa brief consideratiorof the tax—benefimicro-simulationtradition. However,
becausef work presentedn parallelpaperdn this issue researcton innovationand
diffusion (Windrum, 1999), on businessprocessegPaul, Gliaglis and Hlupic, 1999)
andon purepolitical-sciencassueqJohnson1999)will notbecovered.

2 A brief history

Computersimulationin sociologyhasa history that stretchesack almost40 years
and hasgonethrougha numberof phasef vigour andretrenchment.ts literature
is pepperedvith papersand bookssummarisingts influence,adwcatingits useand
pulling togetherexamplesin orderto demonstratés utility (Guetzlow, 1962;Gremy
1971;Guetzlow, KotlerandSchultz,1972;Hummon,1990a;Troitzsch,1990;Schnell,
1990;GilbertandDoran,1994;Hanneman1995;GilbertandConte,1995; Troitzsch,
Mueller, GilbertandDoran,1996;HannemarandPatrick, 1997).

Therearetwo importanttraditionsassociatedvith the early daysof simulationin
thesocialsciencesThefirst, temporally is simulationgaming,especiallyin thefields
of internationalrelationsand organisatiortheory This was an approachwith roots
in social psychology which attemptedto model phenomenauchas diverseas the
outbreakof World War | (HermannandHermann,1967)andthe structureof organisa-
tions(e.g., Guetzlow andBowes,1957).In duecourseit becameclearthatcomputers
allowed moreextensve, if lessflexible, simulationsto be carriedout, andat lessex-
pensé€ This tradition accountsor someof the popularityof simulationin cognitive
andsocialpsychologyandin political scienceandinternationakelations.

The secondtradition is known asthe ‘world dynamics’or system-dynamicap-
proach: this grew out of work doneat MIT and becamequite well-known in the
early 1970swhenJayW. Forresterpublishedhis model of world-wide growth, pop-
ulationandpollution (Forrester 1973),andwhich wasincorporatedn the famousre-
port to the Club of Rome, The Limits to Growth (Meadavs, Meadavs, Randersand
Behrens;1972). However, thoughthesemodelswerefascinatingn their depictionof
the comple interactionsof the elementsf the world system they performedpoorly
dueto extremelyhigh levels of aggreyation,somearbitraryassumptionsanda weak
empiricalbase. In someways, the popularity of the systemsdynamicsapproachn
theearly1970shinderedasmuchasit helpedthe medium-terngrowth of simulation.
Nonethelessdt is still animportantmodeof simulation:seesection3.1below.

Thoughthesetwo traditionswereinfluentialtherewasalot goingon elsevhere,as
thepotentialof computerdecamevident. Colemansearlypaper(1962)demonstrates
how a simplesimulationcananswersometheoreticaljuestionsaboutreferencegroup
effects(andavoid the individualisticerror of analysing'not the socialsystem but the
IBM cards’:p. 61). Onefield thattook up simulationenthusiasticallyvasdemography
wheretherelative simplicity of the underlyingprocessegbirth rates,deathrates,etc)
coupledwith therelatively chaoticobsenedpopulationdynamicsmadesimulationan

1The earliestreferencel canfind is Guetzkw and Bowes (1957), exactly forty yearsold at time of
writing, representinghetraditionof simulationgaming(with role-playingparticipantgatherthancomputers
doingthework) theimmediatepredecessaf muchcomputesimulationresearchHowever, asearlyas1962
Colemanwas making programmaticstatementsboutthe importanceof computersimulation(Coleman,
1962),anda yearpreviously Orcutt, Greenbey, KorbelandRivlin publishedtheir seminalwork on socio-
economicsimulation.

2Thejournal Simulationand Gaminghasto a significantextentcomefrom this perspectie.
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attractve proposition.In particular it becamepopularin anthropologicahndhistorical
demographywhereit allowedthereconstructiorof processethatwereonly partially
obsened. Examplesin corventionaldemographynclude Dyke andMacCluer(1975)
and,morerecentlyPenneq1993). Roth (1981)andrecentlyWhitmore (1991)focus
on historicalreconstructiorof populationchangeandDoran(1970)andWobst(1974)
representarly useof simulationin archaeology Anthropologicaldemographyand
anthropologyin generaljalsoprovidedinterestingproblemsfor simulation:the highly
structuredmodelsof kinshiprelations,incesttaboosmarriagerelationshipsandsoon
thatanthropologistsleveloped)entthemselesreadilyto expressiorascomputetpro-
grams(KunstadterBuhler, Stephenand Westof, 1963; Gilbert and Hammel,1966;
MacCluer NeelandChagnon1971;McArthur, Saundersnd Tweedie,1976;Howell
andLehotay 1978;Hammel McDanielandWachter 1979;Fix, 1981). Someusesim-
ulationto make unexpectedinks betweeraspestsf thestudiedsocietiesfor instance,
Dombrowski (1993)usesa simulationto demonstratéhatthe practiceof bridewealth,
usually understoodourely in termsof solidaristicinter-familial exchange,may well
have the importantand unexpectedconsequencef reducingthe risk of cattle herds
dying out, andtherebymakingeconomiahepracticeof small-scalecattiehusbandry
Computingbecameamoreaccessiblecheapeandin mary respecteasierover the
pastfew decadesandsimulationhasgrown with it. In particularthe developmentof
high-level languagesfrom FORTRAN 1V to object-orientedplatform-independenan-
guagedike Java, passinghroughmorespecialise@nedik e Lisp, PrologandSmalltalk
andworkhorsedik e C andC++, hasmadeit easierto write complex simulations.Spe-
cial simulationlanguagedike by NAMO (for systemdynamics)GPSs andSIMSCRIPT
inter alia have removed the requirementhat the simulatorbe competentn a pro-
gramminglanguageaslong asthe type of simulationfits into the packages model)3
ProgrammablstatisticalpackagesuchasSAS (andmorerecentlyStata) andspread-
sheetsmeanthat mary more peoplehave the meango carry out simulationsat their
fingertips. Perhapsnoreimportantly a large body of technicalknowledgeaboutsim-
ulation(in all disciplines)hasbeenbuilt up andis becomingormalised(e.g., Whicker
andSigelman,1991;DaviesandO’K eefe,1988).
But someotherdevelopmentsn computerscienceandrelatedareashave madefor
gualitatve ratherthanquantitatve advancesn simulation:
¢ the object-orientedprogrammingparadigm,mentionedabore, is an approach
whichfacilitatesmodellingreality bothcomputationallyandconceptuallyandis
particularlysuitedto modelling,for instance nestedstructuresuchassocieties
containinggroupsmadeup of individuals(seesection3.4 below);
¢ Connectvist or neuralnetworksallow the creationof systemsr agentswith the
ability to learnfrom their ervironment(section3.3);
e The ‘artificial life’ tradition (sometimesassociatedvith the SantaFe Institute
(SantaFe Institute, n.d.)) hasdevelopedthe ‘cellular automata’model (sec-
tion 3.2; thisis a very usefulparadigmfor modellingindividualsembeddedh a
spatialstructure) andthe ‘distributedartificial intelligence’approach{DAI: see
section3.3) in which systemsomposedf artificially intelligentagentsareset
up andstudied(alsocloselyrelatedareissuesof chaosandcompleity theory
andthe ‘evolutionarycomputing’paradigm).

3Thesepackagesan malke simulationsmuch more efficient to write: in Hannemaret al. (1995), for
instancea sophisticatedif stylised,theoreticaimodelof imperialism(in termsof the relationshipbetween
internalfactorspromotingimperialism,the armsindustry the legitimag of the state,the power of enemy
statesandsoon), in the systems-dynamidsadition,canbewrittenin amere34 linesof Dy NAMO code.
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3 Overview of existing research

The diversity of work in simulationin sociology (or of phenomenaf sociological
interest)is considerableandraisesa problemof presentationwhetherto divide by
substantie content,or by the sort of simulationused. Partly becausesociological
simulationswhich arisedirectly out of establishedubstantie areasarelesscommon,
andpartly becausehereis anassociationthoughweak, betweentypesof simulation
andtheissueghey dealwith, thefollowing overview of currentsociologicakimulation
is organisedaccordingto simulationmethodratherthan accordingto substantie or
theoreticacontent.

3.1 System dynamics

Systemdynamicswasfor atime the simulationparadigmanddespitenotliving up to
its initial percevedpromiseijt is still in widespreadiseandis still generatingnterest-
ing results. The essencef systemdynamicsis thatit modelssystemswheresystems
consistof asetof quantitiesor stocksor ‘levels’ which cangrow or decline,andwhere
theratesof growth anddeclineareaffectedby ‘feedbackioops’ from eachstockitself
and other stocks,in potentiallycomplex ways. Oncea systempermitsfeedbackits
pathbecomedardto predictin advance,makingsimulationa usefulapproach.For-
resters famousworld model(Forrester 1973)consistedf five suchstocks:

. population;

. naturalresources;

. capitalinvestment;

. capitalinvestmentn agriculture;and

. pollution.

Theseare linked togetherby feedbackioops: for instance the deathrate is af-
fectedby the level of population(crowding increasesnortality), pollution, andmate-
rial wellbeing(in turn a function of capitalinvestmentandthe consumptiorof natu-
ral resources)both productionand populationincreasepollution, andthe rate of ab-
sorbtionof pollution is a decliningfunction of the level of pollution, andso on (see
Forrestey 1973, Fig. 2.1). Thoughit hasonly five ‘stocks’ thereare mary comple
links betweerthem,anda large numberof parameterto specify to saynothingof the
functionalform of the feedbacKoops. As aresultit constitutesa systemwhosebe-
haviour variesdramaticallyover time andasthe parametershange Moreover, it does
soin anunpredictablevay. With gooddataon parameterswell specifiedfunctional
links, and properly specifiedstocks(for instance without excessie aggreation: the
birth rateis betterconsiderechot a function of the population,but of the population
of womenof child-bearingage,etc) sucha simulationmodelcanbe a successfuand
enlighteningepresentatioof reality. Unfortunately Forresters modelwastoo aggre-
gateandbasedon too mary unfoundedassumptionsindwaspublicly seento fail. As
Schnell(1990)pointsout, subsequennodellingmovedto a moreregionalfocus,paid
moreattentionto specifyingeconomigprocessewvell, andworkedwith a shortertime
frame? Nonethelessthe world-modellingparadigmasaninstanceof systemdynam-
ics is no longer significant. (In contrast,the tax—benefitmicro-simulationparadigm
hasbecomeancreasinglyimportantfor forecastingandcounterfactualanalysesbut is
entirelynon-aggrgate usuallyworking at theindividualllevel: seesection3.6 below.)

a b wNPE

4Schnells papercontainsa systematioverviev of simulationin sociologyanddespitebeingslightly out
of dateis well worthreading.
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3.1.1 The elaboration of theory

However, despitethe failure of predictve models,the paradigmhasbeenfound to
be usefulfor other purposesnotablythe elaborationof macro-sociologicatheories.
For instanceHannemaret al. (1995)(seenote3 abose) makesan extensive algument
thatnaturallanguages inadequatdor theformulationof complex theoriesgspecially
wherethereis a systemof multiple causatiorinvolved,or wheredynamicsareimpor-
tant. Wherepossibleamathematicalormulationis preferableput oftenthemathemat-
ics is intractableor outsidethe skill of the researcheandthensimulationprovidesa
powerful alternatve > They presenanexampleof thesortof theory-deelopmenthey
meanby taking ideason imperialistic conflict from Simmel, Coserand Weber and
settingup a system-dynamicsodelwith ‘levels’ includingthelegitimacy of the state
(andthereforeyelative to thedesiredevel of legitimacy onthepartof thestate thele-
gitimagy deficit), thesizeof thearmsindustry thesizeof thestate-dependertonomy
the amountof booty derived from imperial exploitation, etc By startingwith a very
stylisedmodel,and by carefulmanipulationof parametersthey areableto drav out
certaininterestingrelationshipsfor instancebetweerthe sizeof thelegitimacy deficit
andthemilitary powerrelative to enemystatesandthe systemstemporalpathin terms
of conflictandstability. They arecarefulto notethatthesesimulationsdo notrepresent
reality: rather they forcethere-statemendf theoryin arigoroussymbolicform where
morecomplex consequenceasf thetheorymaybedrawvn out®

3.1.2 Theorising norms

Anotherexampleof macro-level theorydevelopmentusing system-dynamics given
by JacobsemndVanki (1996)(seealsoJacobserBronsonandVekstein,1990). Here
the substantie issueis changein normsbearingon the suitability of engineeringasa
careerfor womenin Israel. The perspectie on normsis drawvn from fairly traditional
streamsin sociology including structuralfunctionalism(e.g., Berger and Luckman,
1967;Merton, 1957), but simulationconfersthe advantageof a dynamicperspectie
to the usualstaticnes®f functionalism’ The quantitiesin their modelaresuchthings
aslevel of deterrencethelegitimacy of violation, the numbersof violatorsandsoon.
Becauseof the systemperspectie, they candeal with the circular (but nonetheless
logical) relationshipvherebythe morecompliedwith anormis, the strongeiit is, and
correspondinglythe moreit is violated, the wealer it becomes.Their modelallows
themto assesshe separateeffectsof internalisationof normsand of external social
control,andthey concludethattheslow rateof growth of femaleengineerss moredue
to the slow rateby which womenareinternalisingpositive views of the careerthanto
informal socialcontrol®

5They areperhapgongue-in-cheekvhenthey claim thatthe appealof simulationshouldcrossexisting
divisionsin sociology:theoristswill find it ‘offensive to [their] antipositvist meta-theoreticaienets'while
quantitatie sociologistswill considerit ‘a defectve form of empiricalanalysiscarriedout with imaginary
data’.

6EIsavhere,Hannemarand Patrick (1997) malke the samepoint moregenerally andmale referenceo
the fact that system-dynamicgendto suit macro-leel theories(wherethe entitiesare macro-leel ‘vari-
ables’)but thatthe generalargumentis alsoapplicableto micro-simulationapproache$wherethe entities
are‘individuals’ suchaspersonshouseholdsor firms). Schnell(1990)alsomakesa strongcasefor theory
developmenthroughmicro-simulation.

7Anothersimulationapproactto the sociologyof norms but from anentirely differentdirection,canbe
seenin ConteandCastelfranch{1995).

8Themethodthey useto relatetheir simulationto realworld data— attemptingo recreatebseredtrends
by runningthe simulationwith differentparameters- is potentiallyproblematic.Indeed the whole areaof
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3.2 Cellular Automata and Iterated Game Theory

While system-dynamicgersistsas a simulationtradition it is increasinglyjust one
approachamongmary. Of the other popularapproachestwo relatedmethodsare
common.andof particularrelevanceto socialprocesseandphenomenaGametheory
is in itself amajortraditionin socialscienceperhapsspeciallyeconomicgut alsoin
sociologyin associatiorwith the growth of rationalchoicetheory andin recentyears
hasdevelopedinto the more complex and often moreinterestingdirectionof iterated
games,wherethe playersmay develop long-termstratgies basedon knowledgeor
assumptionaboutthe otherparticipants.The Cellular Automatatraditionis logically
distinctfrom gametheorybut is oftenassociateavith it becausé allows playersto be
situatedn a pseudo-spatiatructure.

A cellularautomatoris a cell in agrid (of usuallytwo dimensionsput sometimes
oneor morethantwo) which obeys a setof rules,basecnthe statesof its neighbours,
andwhich operatesn discretetime. The classicexampleof CA is Conway’s ‘game
of life’, whereeachcell could be alive or dead,dependingon the statesof its neigh-
boursin the previous period: too mary live neighboursandit ‘dies’ of overcravding,
too few it diesof loneliness;if the appropriatenumberof life cells surrounda dead
cell it springsinto life.® The resultof thesesimplerulesoperatingon automatan a
two-dimensionalattice leadsto the emegenceof unexpectedlycomplex mobile and
sometimegpersistenpatterns.This concepif ‘ememgence’hasspecialsignificancan
the‘artificial life’ andcompleity theoryworld, andthegameof life is ofteninvokedas
a exampleof theemegenceof compleity atahigherlevel (i.e., thegrid) from simple
rulesatalowerlevel (i.e., the cells). Sociologically emegencehasmajorsignificance
for approachewhichwishto explain macro-lerel phenomenin termsof the outcome
of thebehaiour of micro-level actors.

It is not immediatelyclearthat the gameof life senesasa useful paradigmfor
sociologicalwork, but therearemary morerelevantexamples.An early case(which
doesnotidentify itself asCA, but which Hegselmann(1996)shaows to fall within the
bounds)s Saloda’s ‘checkerboard’'modelof groupinteraction(Saloda,1971),where
heshavsthatanegativeattitudeto member®f anothegroupis sufiicientto explainthe
developmentf spatialgroupclustering(i.e., without therebeinga positive attitudeto
member®f samegroup).CA hasbeenusedmary timesto dealwith groupsegregation,
oftenwith theissueof racialresidentiabegregationin the US astheimplicit or explicit
referent(HegselmanralsoquotesSchelling,1969).

The connectionbetweeniteratedgametheoryand CA arisesbecausehe players
in a gamecanbe considerechutomataandit becomewery usefulin iteratedgames
involving choiceof partnersat eachcycle to have the option of imposinglocality con-
straints(i.e., thatthe automatorchoosesot from the entirepopulationof players,but
only thosein its immediateneighborhood) Therearemary instance®f iteratedpris-
oners dilemmagamesplayedout in CAs (e.g., Lombomg, 1996; Kirchkamp, 1996).
Hegselmann(1996) developsan exampleusing a ‘support’ game(which undercer
tain conditionsreducego a form of prisoners dilemma;at random automatéecome
in needof support,which is very beneficialif they getit andwhich coststhe helper
a relatively small amountbut more than refusingto help does),in a CA which al-
lows migration,andwheretherearesereraldistinctclasse®f automatawith different
probabilitiesof requiringsupport. Migration allows a sortingof the automataevery-

thevalidationof simulationwith respecto empiricaldatais problematicandneedsvork: seesection3.7.
9TheGameof Life is well knavn in computeiscienceandmary examplesexist ontheWorld Wide Web,
forinstanceathtt p: //al i f e. fusebox. com cb/alife. htni.
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one prefersto be nearlow-risk ratherthan high-risk automataand as a resultthere
is clustering,with memberof the samerisk groupsclusteringtogether However, he
canalsodevelop more usefulresults: for instance hon-identicalrisk classesnay be
contentto remainadjacentislong asthey arenot too different,andthe importanceof
this differences markedly lessfor mid-rangerisk classeshaneitherextreme.

Hegselmanmoesonto make somemoregenerabrgumentsabouttheutility of CA
simulationsin social science.amongwhich is the issueof locality (i.e., thatthe au-
tomatahave locationsandinteractwith othersin theirneighborhoodwhich, especially
oncemigrationis allowed, is very like socialinteraction). Otherargumentsinclude
the insightthe modelgivesover the emegenceof macro-phenomenandespecially
(almostechoingWeber)theway in which unintendedconsequencesf behaiour can
leadto unexpectedoutcomes.Anotherrelatively formal advocationof CA for social
researcltanbereadin Leydesdorf (1995).Both HegselmanrandLeydesdorf, among
others,areworking on systemati@nalysisof cellularautomataystemsmoreformal-
isationof suchanalysishasthe potentialto add significantlyto the leverageof these
models.

3.2.1 Related models

Apparentlyoutsidethedomainof CA, though(asHegselmanrpointsout)fitting within
it in principlelies someof thework of Axelrod? In work reportedn Axelrod (1995)
andelsavherehe describes modelof political actors(in this case statesyesidingin
aone-dimensionapaceandrelatingto their neighboursonflictually (they canfight,
exacttribute andform associationsccordingto simplerules). His interestis in the
issueof how supra-nationaéntitiesmay emege from rationalmicro-level action. In
repeatrunsof the model, mary interestingfeaturesemenge: clustersof commitment,
surroundingone strongstate,often emege, and occasionallythesestrongstatesmay
dramaticallycollapseasthey getembroiledn disputesnvolving clientstateAxelrod
dubsthis ‘imperial overstretch’).

While this modelhasobviously interestingimplicationsfor political scienceand
the sociologyof statesandtheir internationalrelations,it is perhapsnostinteresting
in the presentcontext for its contrastwith Hannemaret al. (1995). First, the usually
valid associatiorof CA with micro-level analysisand system-dynamicsvith macro
level is presentout in anodd way: in eachcasethe unit of analysis the state,is the
same.In thesystemslynamicsamodelthe systemis the stateandwe look to its internal
functioningto understan@utcomegand,astheauthorsareaware,ignorethe detail of
its environmentwhich consistof otherstates)whereasn the CA modelwe take the
internalfunctioningof the statesaasgivenandlook atthedynamicsof theirinteraction.

3.3 DAl and neural networks

A greatdealof work in simulationis drivenby developmentsn computerscience.ln
this sectionl briefly considettwo separat@approachewhich have relatedimplications
for simulation:DistributedAtrtificial Intelligenceandneuralor connectvist networks.
Eachareaholdsspecialpromisefor socialresearchin thatthey allow the modelling
of ‘societies’of moreor lesscomple« agentswhich canlearnfrom andreactto their
ervironments.

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

Distributedartificial intelligencerefersto systemsonsistingof several‘artificially in-
telligent’ agentswhich caninteractwith oneanotherandtheir ervironment(they are
‘distributed’ becauséhey may, but neednot, resideon differentcomputers). They
have mary applications,not leastin roboticsand relatedcomplex control systems,
but are also being aplied interestinglyto social phenomena.For instance the EOS
project(Doran,Palmer, GilbertandMellars,1994;DoranandPalmer 1995)usesa DAI
testbedconsistingof artificially intelligentagentavhich canforageandform groupsto
examinecompetingheoriesof stone-ageocialchangean south-westerfrrance Also
using DAI techniquegbut with more of a knowledge-representatidiavour) Findler
and Malyankar (1995) investigatethe emegenceof more properly social groupings
with sharednormative systems.Along with Conteand Castelfranch{1995) (a work
which to somedegreeforms a bridgebetweenCA/gametheoryand DAI), it is inter
estingto contrastthis approachwith that of JacobserandVanki (1996)discussedn
section3.1.2.

In termsof emegenceof compleity, this approachofferstwo advantages:one,
more interesting(or realistic) phenomenanay emege from more complex building
blocks,andtwo, it maybeeasieto accounfor theemegenceof ‘meso’level phenenom-
ena,suchasgroupswithin societies.

3.3.2 Networks

Neuralnetworkshave excitedalot of interestsincethey werefirst demonstratedhartly
dueto amisdirectecenthusiasnthatby usingthebuilding-blocksof thebrainwe could
soondevelop truly intelligent computers. Their actualusesare more mundanebut
they areneverthelesf real use. Their real benefitin sociologicalsimulationis that
their behaviour includeslearning, the ability to classify basedon experience. This
mimicshumanbehaiour well enoughfor neuralnetworksto beinterestingn avariety
of simulations(e.g., Bainbridge,1995a;Bainbridge, 1995b;DuongandReilly, 1995;
Parisi, Cecconiand Cerini, 1995). In Parisi et al., for instance the networks arethe
individualsin a populationwhich reproducescrossthe generationsand patternsof
altruismbetweerkin emegeandstrengtheroverthe generationgthisis, of coursean
evolutionarysystemwith directbiologicalanalogies).

In awork with somefascinatingmplicationsfor the emegenceof socio-cultural
structuresandwhich is thus profoundlysociologicaldespiteoriginatingin cognitive
psychology Hutchinsand Hazlehurs{1995)take a particulartype of neuralnetwork
which learnsto classify inputs (by cornverting them into an internal representation
which is then corvertedinto a representatioto be comparedwith the input; this is
donewith an initially randomsetof parameterspr ‘connectionweights’ which are
adjustedin responseo successand failure), and make their internal representations
‘visible’ to othermembersof the society The internalrepresentationthusbecome
inter-personakymbols,initially randomanddevoid of meaning,but in the courseof
thesimulationastheindividual networkslearnto distinguishtheinputs,andseeothers
doingso,theinternalrepresentationsecomestandardisedandanalogougo symbols.
If a new network (i.e., with randomweights)is exposedto the inputs andthe sym-
bol systemit learnsto discriminatebetweertheinputsmuchmorequickly. Thisis an
extremelysimplemodelof the emegenceof languageput it may sene asa starting
point for researcton the emegenceof truly socio-structuraphenomendratherthan
justemegentcompleity).
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3.4 Multi-level models: MIMOSE et al.

Anotherapproachhathasthe potentialfor providing a handleon morecomplex emer
genceof social structuresis the multi-level modelling approach(analogouso, 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 associatedvith the MiIMOSE simulationlanguage
(Mdhring,1996),but canbeimplementectlsavherealso(e.g., Gilbert (n.d.) presents
aLisp-Statimplementatiorthatis surprisinglysmall: like MiMOSE it reliesheavily on
objectorientation).Oneof theimportantfeaturef theapproaclis thatprocesseatall
levels,individual, intermediateandmacro,canbearon the developmenif the model,
andthusit offersthepotentialto improve bothonthesystem-dynamicstylemacroori-
entation,andthe bottom-upmicro orientationseenin CA andDAI approachesSaam
(1996)usesviiMOSE to exploretheoriesof military interventionin Thai, usingindivid-
uals,groups(suchasthemilitary) andtime-seriesnformationaboutThailand,andcan
explain the sequencef coupsd’état. Moreover, the natureof the modelallows herto
apply a systemati@andformal sensitvity analysissomethingwhichis likely to bean
increasinglyimportantrequiremendf simulationresearch.

3.5 Network and organisations

This sectiondeviatesfrom the organisatiorof the paperin termsof modesof simula-
tion ratherthansociologicalsubstancer theory andconsiderghe useof simulation
in two specialisedrelated,areaswvhereit hasarisenwith its own dynamic. Theseare
socialnetwork analysisand‘computational’organisatiortheory In bothcasessimula-
tion offersaway of dealingwith thehighlevel of compleity thatthesesub-disciplines
encounterandbothcasesepresenimportantexceptiongo the usualpaucityof simu-
lationsarisingfrom pre-&isting sociologicalconcerns.

Socialnetwork analysids anincreasinglymportantpartof sociology asresearchers
increasinglyrealisethatmary importantphenomenare stronglyconditionedby their
beingembeddedn networks. However, it bringswith it a complex methodologybe-
causeof theinherentcompleity of networks. Thusit is a field characterisetby rela-
tively complex mathematicgor mathematicaproblems)andby sophisticatedtatisti-
cal models(seebelaw, section3.7, for discussiorof Greve, StrangandTuma,1995).
Thusit is hardlysurprisinghatsocialnetwork simulationsarebecomingcommon(e.g.,
Hummon,1990b;HummonandFararo,1995aHummonandFararo,1995b;Abraham-
sonandRosenkpf, 1997).

Computationabrganisatiortheoryis the preferredlabel for the growing body of
work simulatingthe operationanddevelopmenibf organisationsTo anextentit over-
lapswith socialnetwork simulation,not leastbecauseorganisationsan usefully be
consideredhs networks, but alsobecausef an overlapof the individual sociologists
involved(e.g., Hummon,1990b).In ausefuloverview of thefield Carley (1994)notes
thatit dravs heavily from sociology psychologyexisting organisatiortheoryand,per
hapsmostimportantlyin termsof the simulationelement DAL

3.6 Micro-simulation: tax and welfare benefits

While micro-simulatioris properlydefinedassimulationbasedn populationsf ‘low-
level’ units suchasindividuals,in the broadercontext of socialpolicy research{both
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socialandeconomickhetermis usuallyunderstoodo referto data-drventax—benefit
micro-simulationmodels. Thesemodelsare designedfor forecastingand pseudo-
experimentatioron the tax andwelfare system,and usually exploit surwey or census
informationto createsimulatedpopulationswith characteristicenodellingthoseof the

real population. This is combinedwith extensve expert knowledgeof the tax and

welfaresystemsandtheoreticallyandempirically derivedtransitionrateswithin state
spacegsuchasemplgymentstatus family andfertility status,etc). A typical useof

a tax—benefitmicro-simulation(TBMS) modelis to assesshe aggreyateand distri-

butional effectsof a changeto a tax or welfare benefit: what would be the expected
effect on revenue(or expenditure),and who would gain or lose out. Static TBMSs

arerelatively simplein structure,andassessvhat netincomeeachindividual would,

counterfctually have hadunderthe nen system;dynamicTBMSsaremorecomplex

in thattime hasa role: individualsageandstochasticalljundego transitions,aswell

asbeingsubjectto modified(or unmodified)fiscalregimes.Thedynamiccasecanthus
compardheexpectedbutcomeoveranumberof yearsunderano-changecenariavith

thatundera modifiedtax or welfaresystem.

Suchpolicy orientedmicro-simulationscan tracetheir history backto the early
1960s(Orcutt, Greenbeg, Korbel andRivlin, 1961), but have developedextensiely
sincethe 1980s(Orcutt, Merz and Quinke, 1986; Citro and Hanushek,1991). Ex-
amplesinclude LIFEMOD andits derivatives, developedat the LSE and Cambridge
(Falkinghamand Lessof,1991; Hills and Lessof,1993; CambridgeMicrosimulation
Unit, n.d.),the DarmstadPseudo-micr&imulatorandMicro—macrosimulator(Heike,
BeckmannKaufmann Ritz andSauerbigrl996)anda setof modelsof the Australian
systemdevelopedat Canberrga very usefulintroductionto thesemodelsandto tax—
benefitmicro-simulationin generalis available at the websiteof the AustralianNa-
tional Centrefor Socialand EconomicModelling (n.d.); Merz (1996) also provides
a usefuloverview of the field.) Work is alsoundervay to integratemodelsof most
Europearlnion countriegCallanandSutherland1997).

Thesemodelsareundoubtediyusefulfrom a policy pointof view in thatthey assess
quite well the overall short-termeffectsof policy change put their ability to forecast
in the mid and longerrangeis lesscorvincing. And from the point of view of so-
ciology in generaltheir interestis limited, in that they focusvery explicitly on the
boundeddomainof governmenttransferpolicy. Thatis, they do not speakto wider
issuesandembodymoretechnicalkknowledgethantheory Neverthelessthey answer
somereal questionsandfurthermorearedevelopinga methodologywhich is applica-
ble to otherissuef interestto sociologiststhedynamicsimulatedpopulationcanbe
usedto forecastoutcomesn otherdomains(e.g., fertility, residentiaimobility, labour
market trends)underdifferentregimes,andthey cansene asatestbedor comparing
competingtheoriesaboutsocial processesyhereverisimilitudeto historicalpopula-
tion distributionsis a relevant criterion. However, thereis asyet little work in this
direction.

3.7 Statistics and simulation

Thereis along tradition of simulationin statisticsthat, at leastby its existence has
somebearingon simulationin sociology However, statisticalsimulationtypically
hasthe purposeof investigatingpropertiesof new statisticalmethodsjn mary cases
estimatingempirical distributions, wherethe mathematicabolutionis intractable to
constructconfidencdntervals aroundparameteestimates.This is the ‘Monte Carlo’
method,whereresultsare generatedor large numbersof randomlydistributedinput
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data,andis clearlynotsociological*' However, therearethreerespectsn whichstatis-
ticsis relevantfor simulationin sociology:

1. statisticaimodelsof dataarein animportantsensea caseof simulation;

2. simulationgrequirestatisticalanalysisfor interpretation;

3. andperhapsnostimportantly the boundarybetweeripure’ statisticsandstatis-
tically formulatedsociologicatheoriess not sharp.

Statisticsis by its naturea form of simulation,but ratherdifferentfrom that cur-
rently underdiscussion.Thatis, a statisticalmodelof a setof datais a simulationof
thatdatageneratecccordingto clearly definedrulesembodiedn the model,andthe
adequayg of the simulationis to be judged(in the first instance by the differencebe-
tweenthe simulatedandthe real data,using clearly definedrulesand calculationsin
turn backed up by a clearly definedtheoryof probability anddistributions. However,
thereare differentwaysin which the ‘rules’ of the modelrelateto the dataandthe
processegeneratingt: very oftenthe analystsimply believesthereare associations
betweersomeof the measuredariablesandappliesamodel‘off the shelf which will
pick uptheassociations they arethere,but whichis blind to the natureof theassoci-
ation (e.g., whetherthe associations asa resultof a causarelationshipor a selection
processpndtheform it maytake (e.g., usingalinearform for simplicity of estimation
andinterpretationrwhenthetrueform maynotbelinear). But in othercasegshe model
will addressheprocessesreatingthedatasetin meticulousdetail,incorporatingheo-
riesaboutthephenomenonf interestaswell as‘nuisance’informationabouttheeffect
of factorsconsideredininterestingandaboutthe procesof collectionof thedata(is-
suesof samplinganddifferentialprobability of obsenation,measuremergrrorandso
on). Thelattercaseinvolvesmuchmorehardwork andis oftenmoresatisactory;the
former, while occasionallya mark of badstatisticscanbe very usefulbut is lessakin
to simulation.

Futhermoreto the degreethat simulationsattemptto replicatehistorical or real
world data,it becomesarderto distinguishconceptuallybetweerthemandstatistical
analysis.

Thesecondpoint: simulationsrequirestatistics.This is perhapobviousbut worth
stressing.Not only do simulationsgeneratdarge amountsof datawhich needto be
interpretedaswell aspossible but they alsoexposesocialscientistso the unfamiliar
territory of the experimentaimethod. Takingthe latter point first, the typical quantita-
tive sociologistis usedto applyingregression-lile techniquego suney datasets,and
is usuallyunfamiliar with issuesof experimentaddesignandthe large body of statisti-
cal methodsevolvedto dealwith experimentaldata. Efficient testingof a simulation
modelis facilitatedby properdesignandintegrationwith suitablestatisticalmethods.
The former pointis in a way a generalisatiorof the latter: the datathat simulations
generatds potentiallyvery rich, andto getits full benefitit is necessaryo analyse
it usingtoolsthattake its natureinto accountandcananswerthe requiredquestions.
Here, becausehe analystknows the generatie processeghaving written them)it is
perhapsvenmoreimportantthat appropriatestatisticalmethodsbe used. Longitudi-
nal datamaycall for hazardratemodels,or Markov modelsitheemeging paradignof
multilevel simulationgseesection3.4) seemgo beextremelywell suitedto exploiting
statisticaimultilevel models(Plewis, 1994;Goldstein, 1987),independentlyleveloped
but with considerableonceptuabverlap.

11As amethodit long predatesomputerswith tablesof randomnumberseingusedinsteadof computer
pseudo-randomumbergenerators.
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The third point: in practicethe boundarybetweenstatisticaland substantie the-
ory is not alwaysclear Certainspecialisedstatisticalmodelsembodya greatdeal of
substantie theory and certaintheoreticalmodelsare expressedn termsof the sorts
of outcomesa dataanalystcould measurgor, at least,thereis a systematidnterplay
betweertheoryandstatisticalanalysisof data). Oneareaof sociologythatis widely
percevedto bequantitatve andtechnicaln its generabrientationis socialmobility re-
search.Over the pasttwentyyearsresearcton inter-generationamobility hasutilised
anddevelopeda batteryof techniquegor theanalysisof cateyoricaldata,andin partic-
ular for analysisof the squareorigin—destinatior(traditionally ‘f atherson’) mobility
table (Hausey 1978; Goldthorpe,1980; Hout, 1989; Eriksonand Goldthorpe,1992).
This simplecross-tahlation of classof family of origin by individual’s adultclass,is
treatedasan outcomemeasuref the societys processesf socialmobility andsome
relatively complex modelsareconstructedo relatethe structuraloutcometo the sorts
of processesndrelationsbetweensociallocationsthat might explain it. In particu-
lar loglinear‘topological’ or ‘levels’ models(Hausey 1978; Erikson,Goldthorpeand
Portocarero1979;Goldthorpe,1980)have beenusedwith somesuccessTheseallow
thesociologistto build up, from a setof statementsboutthe characteristiof thevar
ious classlocationsin relationto oneanother(the barriersbetweenthem,the sortsof
resourceghey typically imply andhow thesemay be passedacrossgenerationsthe
affinity betweerlocationsandsoon), a modelto explain the associatiorbetweernthe
catggoriesandthusthe structureof the table. In otherwords, in a large part of the
lasttwo decadessocialmobility literature thetheorieshatareappliedto thedataare
embodiedn andconstrainedy the statisticatechniquesised.

Becausf this closenessstatisticalsimulationsrelatingto the loglinearmodelof
the mobility table take on a theoreticalcompleion they would not otherwisehave.
ThusLogan (1996) usessimulationsto addresHauser(1978),andin particularhis
requirementto separatérules of access’to social positionsfrom “the interplay of
supplyanddemand™. His simulationssuggesthata differentstatisticaimodelshould
beusedbecauséoglinearmodelscannotadequatelgeparat¢thesewo aspectsJones,
Wilson and Pittelkow (1990) addressa relatedissueby meansof simulation: when
usingthe loglinear model of the origin—destinatiortable, mary differently specified
modelscan achieve similar goodnesf fit by corventionalcriteria, andit becomes
difficult to justify one over another They presenta method,basedon Monte-Carlo
generatiorof simulatedablesfrom thefitted models payingparticularattentionto the
distribution of residualsyhichenableshemto avoid bothunderfitting andover-fitting
thedata.

Anotherstatisticalsimulationwith theoreticalrelevanceis reportedin Greve et al.
(1995). They addressa setof statisticalmodelsof diffusionin networkst? in termsof
their ability to discriminatebetweenconceptuallydistinctaspect®f diffusionsuchas
individual susceptibilityandsocial proximity. They generatesimulatedtemporaldata
representingliffusion accordingto differenttypesof processandusethis to testthe
robustnesanddiscriminatingpower of themodelsthey propose.

Theseexamplesareaddressedirectly to statisticalissuesut becaus®f theinter-
penetratiorof statisticsandtheoryin theseparticularfields they alsohave real socio-
logical content.This interfacebetweerstatistics simulationandsociologicatheoryis
critically importantfor thedevelopmenbf a sociologythatis boththeoreticallysound
andempiricallyfounded,particularlywhenit comesto dealwith issueswhich arein-
herentlycomplex.

125eesection3.5on network analysisandWindrum (1999)for discussiorof diffusion of 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 entirely*® and othersonly sketchily represented However, a numberof
importantfeaturegelevantto simulationin sociologyhave becomeapparentAmong
thesearethe benefitsof formal statementind manipulationof theorythat simulation
allows, andtheway in which simulationwork rapidly comesup against(andto some
extent, offers solutionsor new approacheso) centralproblemsof sociologysuchas
theageng—structureduality, andtherelationshipbetweemmacroandmicro levels.

Schnell(1990)andHannemaret al. (1995),amongothers,argue that simulation
bringsbenefitsoy way of formalisationof theory Theactof translatingatheoryinto a
simulationrequiresmakingeverythingexplicit, andquickly exposesnternalinconsis-
tenciesandgaps. Translatingit into a formal symbolsystemthatcanbe manipulated
(asvalidly mathematicassimulation)allows usto seeconsequences thetheorynot
visiblein its naturallanguagdormulation:this allows usto take dynamicsnto account
moreeasily to seethe unintendecconsequencesf individual action,of ‘emergence’
of compleity from simplercomponentsin mary casessimulationis more effective
thanmathematicaformulation,wherethe mathematicaproblemis intractable or less
accessible¢o practitioners.

However, thereis a downsideto the power of formalisation: researchersanget
seducedy ever moreabstractcomplex simulationswhoserelationto reality or theo-
reticalinterestds lessandless. Somethingsimilaris sometimeseenin mathematical
economicswheresomeresearchis donesimply becausea mathematicabolutionis
tractable,and not becausehe problemis interesting. (Thereis alsoa downsideto
thetractability of simulation,in the dangerof spendinga lot of effort demonstrating
relationshipeasilyderivableby mathematics.)

Whatis moreexciting aboutsimulations potentialfor sociologyis thewayin which
it comesup againstcoreissuesn thediscipline,andmapsonto existing polarisations
within it. While it is not necessaryor atool to have featuresthat are uniquely soci-
ologicalfor it to be of 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 simulationand broadapproacheso sociology: as noted,
system-dynamicss often usedby peoplewith rootsin structuralfunctionalismand
relatedtraditions(the methodmapswell to the conceptuaframework, giventhe com-
mon focus on system;the methodmay also protectagainstexcessie functionalism
by allowing more explorationof dynamics). Alternatively, mary of the ‘bottom-up’
approachethatstartwith ‘individuals’, be they automataor artificially intelligent,re-
lateto moremethodologicallyndividualisttraditions(Gilbert, 1995).More interesting
is the prospecthat simulationcanaid theoristsandresearcherto bridgethe gapbe-
tweenthesetwo perspecties(bothareextremes:thereis alot of sociologythatstands
betweerthe systenmtheoryof the Parsoniartradition,with its completdossof thevol-
untaristicindividual, andthe extrememethodologicalpr indeedontologicalindividu-
alismwhich seemdo regardmacro-phenomenrasepi-phenomenaf certainformsof
rationalchoicetheory for instance).

Thatis to say while it is anentirely valid exerciseto constructtheoriesat either

B3ror instance the Frenchtradition in the sociologyof educatiorhasrecentlybranchednto simulation
(Bulle, 1996) drawing stronglyonthenon-simulatiorbut mathematicalljormulatedwork of Boudon(1974;
1981).
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a macroor a micro level, it is alsonecessaryo bridgethetwo levels. Thisis a cen-
tral preoccupatiorof sociology going backat leastto Marx and Weber andfinding
contemporarystatementn work suchasthat of Habermasor Giddens. The latter’s
structuratiortheory(Giddens 1984)is probablythe bestknown recentreatmenbdf the
phenomenofatleastin theanglophonevorld): ‘. .. neithersubjectthumanagent)nor
object(“society”, or socialinstitutions)shouldberegardedashaving primag. Eachis
constitutedn andthroughrecurentpractices (Giddens,1982,p. 8, his emphasis.)
What malkessimulationexciting is its ability, not only to generatanacro-phenomena
from micro-level unitsin thesensef ‘ememging’ compleity —whichrunstherisk that
the macro-level phenomendecomeconsideredasepi-phenomenahoughalso mak-
ing explicit the causalrelationship— nor to manipulatesystem-lgel phenomenabut
its ability to model‘everything’ simultaneouslyn a way thatis impossiblein natural
languagetheorising. Multilevel simulations(section3.4) are particularly interesting
in this respectasthey allow the modellerto focuson micro-, meso-and macro-level
processeat the sametime. However, they arenot a panaceathey requireinput at
all levelsin the form of dataon how eachlevel is supposedo operate ratherthan
generatingoehaiour at all levels from a single setof instructions. Thatis, they al-
low researcherso bring togetherdifferentlevels of phenomenavithout a providing
theoreticaframework to integratethem.

Otherapproachesearvery centrally on theseissues:for instance Hutchinsand
Hazlehurs1995)(cited above, section3.3.2),describea procesghatis almosta di-
rect representatiomf the processof structurationasin Giddens’'quoteabore. The
populationof networks generates phenomenothatstandsoutsideeachindividual (a
lexicon of representationsf theinputsthey areexposedo, aproto-language)y means
of aniteratedproces®f interactionbetweertheindividualsandtheirervironment,and
betweerindividuals. The phenomenoxistsonly becaus®f theindividuals’ interac-
tion but exists outsidethemandhasa real effect on them. Of course,in termsof the
compl«ity andsubtletyof humansocietythis modelis utterly simplistic, but it does
presenta meango investigatethe genesiof socialstructurea problemthatis much
lesstractablen naturallanguage.

However, for simulationto addto thedevelopmenbf sociologyandtheresolution
of coretheoreticalproblems,we needmore thaninterestingtechniquespr exciting
modellingsystemswe needsociologicallyinformedresearchert usethem. This is
not meantasa negative remarkon the sociologicalquality of thework reportedabove,
but a reflectionthatit tendsto be written by simulationspecialistsandthatrelatively
little of it comesfrom coresociology A lot is to be gainedif mainstreansociologists,
gualitatve, quantitatve andtheoreticalwereto engagewith simulationasa method.
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