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Abstract

We investigateand comparedifferentapproacheso derive stratgjiesfrom obsered data
in spatialand spacelesgrisoners’dilemmasexperiments. We startwith a modelwhere
playerschoosea fixed actionthat remainsconstanfor all repetitionsof a stagegame.As
an extensionwe thenallow playersto choosesimplerepeatedyamestratgiesthat, how-
ever, remainfixed over the courseof the game.We thendiscussa methodhow to identify
changingrepeatedyamestratgjies. This methodis usedto studya simplereinforcement
model.We find thatin a spatialstructurereinforcemenplaysamoreimportantrole thanin
aspacelesstructure.

JEL-Classification: C72,C92,D74,D83,H41,R12

Keywords: Local interaction,experiments prisoners dilemma, reinforcementyepeated
games.

1 Intr oduction

Weinvestigateexperimentallyaprisonersidilemmasituationin aspatialandaspacelesmodel.
Theoreticallyspatial prisoners’dilemmashave beenstudiedby Axelrod [Axe84, Bonnho-
effer, Nowak and May [BMN93], Ellison [EII93], Eshel, Samuelsonand Shaled [ESS9§,
Kirchkamp|[Kir99], LindgrenandNordahl[LN94], Nowak andMay [MN92, MN93], Hegsel-
mann[Heg94], Ely [Ely96] andseveralothers.A brief discussiorcanbe foundin [KNOO]. In
this literatureagentsrepeatedlyuselearningrulesto choosestratgiesin repeatedsymmetric
2 x 2 gamesThesestratgjiescanbe stagegamestratgjies(seelBMN93, EII93, ESS98MN92,
MN93]) or repeatedyamestratagyies (see[Axe84,Kir99, LN94, Heg94)). Modelling players’
behaiour asdeterminedy repeatedjamestrataiesis amoregeneraland,in particularin the
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andothermembersf this groupfor helpful comments.
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contet of prisoners’dilemmas,a more adequatepproach.However, in the experimentallit-
eraturethe applicationor analysisof repeatedyjamestratgiesare sparse.Spacelesstructures
have beenanalysedn [SMU97] or [Axe84. Experimentalstudiesof spatialsituations(see
[KEB97, KEB98, KNOQ]) restricttheir analysisto only stagegamestratgjies. In this article
we attemptto extendthe experimentalliteraturein consideringalsorepeatedyamestratayies.
Theserepeatedjamestratgieswill besimpleandof thefollowing type: Cooperatef the num-
berof cooperatingieighbourss largerthana certainthreshold. The thresholdmay be different
for eachplayerandmay or maynotchangeovertime.

We will describethe experimentalsetupin section2. We thenintroducerepeatedyame
stratgyies allowing playersto conditionon pastbehaiour of their opponents.We start with
a simplified versionthat assumegonstantrepeatedyamestratgjiesfor eachplayerin section
3. This simplemodelexplainsthe experimentaldataalreadybetterthana modelwith constant
stagegamestratgies. However, with theseconstantand simple repeatedyamestratgieswe
cannotexplain all obsenations.We thereforestudya moreelaboratenodelin section4 where
repeatedyamestratgyiesmay changeover time. This allows usto studyreasonshy repeated
gamestratgiesmay change.We relatechangesn repeatedyamestratayiesto payofs usinga
simplereinforcemenapproachn section5. We find thatpastsucces®f stratgiesplaysarole
to amuchlargerdegreein a spatialstructurethanin a spacelessne.Section6 concludes.

2 The experimental setup

In the following we outline our experimentalsetup. A more detaileddiscussionis givenin
[KNOQ]. All experimentswere conductedat UPFin a computerisedaboratory We compare
two structurespnethatwe will call ‘circle’, theotherwe will call ‘group’. Circlesmodellocal
interaction,groupsmodelspacelesiteraction. The structuresareshown in figure 1. In each
period playersinteractwith two neighbourgo the left (x1,x2) andtwo neighbourgo theright
(y1,Y2). Playersknew thatthey repeatedlynteractedor 80 periodswith the sameneighbours.
In eachroundeachplayerhadtwo choices:C or D.1 Payoffs werea function of the player’s
own choiceaswell asthe numberof neighbouravho choseC. Therelationis shovnin tablel.
Playersalsoobtainedinformationaboutpayofs andstrateiesof their neighbourduringeach
round. In ordernot to reveal the position of the neighbourghis informationwas orderedby
payofs in eachround. Thus,playersonly know whattheir neighbourhoodsawholedid, they
couldnotidentify patterngn actionsor payofs of particularplayers.

3 A modelwith constantthr esholds

Let usfirst assumehat playersfollow a simpleandconstantrepeatedyjamestrategy. Players
cooperataf andonly if thenumberof cooperatre neighboursn thelastv periodswasgreater

1A gametheoristmightarguethatwe couldhave obtainednoreinformationhadwe asked participantsonly for
onerepeatedjamestratgy for eachrepeatedjame.This argumentpresupposethatthe submittedrepeatedjame
stratggies would also explain the players’ actionsif the playerscould choosestagegamestratgjieson a period
to period basis. However, this is only true for perfectly rational players— and not for real participantsof our
experiment.Oneof theresultsof this paperis thatplayersin the experimentseemindeedto changeheir repeated
gamestratgjieswhile playinga singleinstanceof therepeatedjame.
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Figurel: Neighbourhoods

Payof: |
own | numberof neighbours choosingC
groupmembers
action 0 1 2 3 4
C 0 5 10 15 20
D 4 9 14 19 24

Tablel: Payoff Matrix



thana certainthresholdt € {0,1,...,N+ 1} whereN is the numberof neighbours. A player
with T = 0 will alwayscooperatea playerwith T = 1 will cooperatéf in the previous period
atleastoneneighbourplayedC, ..., aplayerwith T = N will only cooperatef all neighbours
cooperatedh thepreviousperiod,andfinally aplayerwith t = N+ 1 will nevercooperateThis
lastcasemay soundstrangebut it is only a corvenientnotation:T = N + 1 meanghatin order
to cooperatehe playerrequiresmore neighbourghanthereactuallyarein the neighbourhood
to play C. Sincethis cannever happenthe playernever cooperates.

Theabove stratgiespresumehatcooperatre behaiour of eachplayerbecomesnorelik ely
with anincreasinghumberof cooperatre neighbours.

For eachplayerseparatelyve determinghethresholdvaluet thatmaximisegshe numberof
correctlyexplainedactions.If thereis no uniguesuchvaluewe take onerandomlyfrom the set
of maximisingvalues.We dothis separatelyor time-spangv) betweerD and3. Figure2 shows
therelationbetweerv andtherelative frequeny of unexplainedactions.With v = 0 predictions

—o— Circle —A— Group

.25

.15

relative frequency of unexplained actions

0 1 2 3
number of previous periods taken into account

All pastperiodsareequallyweighted.

Figure2: Relatve frequeng of unexplainedactions

assumea very simple stratey, playerseitheralwaysplay C or they alwaysplay D. Actually

the behaiour of mostplayers(84.3%)is bestapproximatedvith all D. With sucha modelwe

cannot explain 26% of the actionstakenin groups,and19.8%of the actionstakenin circles.

Thehigherrateof Dsin circlesmakesit easierto approximateplayers’behaiour. Introducing
informationabouta singleprevious period(v = 1) improvesthe numberof correctlypredicted
actions,in particularin groups. The improvementin circlesis smaller which is consistent
with KirchkampandNagel[KNOO] whofind lessstrateic interactionin circlesthanin groups.
Introducingmoreperiods(v = 2 or v = 3) doesnotimprove the numberof correctlypredicted
actions. Apparentlyonly the previous period hasa substantiaimpact. Introducingmore and

irrelevantperiodsdeteriorateshe quality of the prediction.We will thereforerestrictoursehes

in thefollowing to thecasev = 1.

2The readershouldnotethat this approachweightsexperiencefrom all pastv periodsequally Alternatively
onecouldusediscountingof pastexperience Our approactseemshowever, sufficientto shaw thatonly therecent
past(v = 1) hasa substantialmpact.



Figure3 shaws for illustrationthe distribution of thethresholdevel T undertheassumption
thatt is constanfor eachplayer In groupswe caneasilydistinguishtwo typesof players:They

[ Circle ] Group

0 = T j

0 2 3
constant threshold for each player

Figure3: Thresholdevels,constanfor eachplayer

eithernever cooperatdt = 5) or requirea moderatelycooperatre neighbourhoodt = 2). 67%
of all playersfall into thesecateyories. In circles,however, this distinctionis muchlessclear
Only 47%of all playersareof typet =5 or t = 2. Many playersarebetterdescribedy some
intermediatestratayy.

Figure4 shavs how players’behaiour overtime becomesncreasinglyconsistentvith this
simple model. In the first periodsof the experimentbothin circlesandin groupsthe simple
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Figure4: Thenumberof falsepredictionsdecreasesvertime

modelpredictsbadly. After about20 periods however, predictionsdbecomemuchbetter

In appendixA we shav theraw dataandalsohow well theraw datacanbe predictedwith
sucha simple model. Someof the unpredictedactionsmay be explainedas experiments put
others(the morepersistenbnes)may betterbe explainedthrougha repeatedgjamestrategy that
change®overtime. We will thereforeallow for changeof repeatedjamestratgiesovertimein
thenext section.



4 Changing RepeatedGame Strategies

In our experimentwe only obsene whethera playerplaysC or D. This behaiour could be
explainedwith the help of a repeatedyamestrategyy, however, when attemptingto identify a
repeatecgamestrateyy that may changeover time we facethe problemthat a given seriesof
stratgic interactionsamongagentscan be explainedby a infinite numberof repeatedyame
stratgiesof theindividualagents.

Similarto theapproactiakenin section3 we describestrategieswith thehelpof athreshold
valuet. Thisreduceghatspaceof repeatedjamestratgiesbut doesnotrule outthe possibility
that several thresholdst explain at a given perioda players behaiour. To furtheridentify t
we requirethatt changesaslittle aspossible.In otherwords,if thereis a T thatexplainsthe
behaiour of aplayernotonly attimet but alsoattimet — 1 ort + 1 we will favourthist over
anotheronethatonly explainsthebehaiour attimet.

Hereis anexample:

Period T e N S o
Action in periodt ... C C
numberof C’s in the neighbour | ... 3 2 4
hoodin the previous period

possiblet ... 0—-3 3-5 0—-4 ...

The exampleplayer choose<C in periodt — 1. In the previous periodthis playerhad 3 co-
operatve neighbours.It is possiblethat this playeralreadycooperatesvith 2, or 1, or even0
neighbourghat play C. However, he obviously doesnot require4 or 5, since,aswe see,he
alreadyplaysC with only 3 neighbourdn the previous period. Thereforewe canrestrictthe
rangeof possiblevaluesfor T in periodt —1t00...3.

In periodt this playerchoosed. We know thatour playerhad2 Csin his neighbourhood
in the previous period. Hence,our playermight have playedC with 3, or 4, or 5 Cs, but 2 are
apparentlynot enough.We assumehat 1 or O areevenworse. Thus,we canrestricttherange
of possibletsto 3...5.

In periodt 4 1 the playerchoose<C. In the previous periodthis playerhad4 cooperatre
neighbours. It is possiblethat this player alreadycooperateswith 3, or 2, or 1, or even 0
cooperatre neighbours.However, he apparentlydoesnot require5. Thus,we canrestrictthe
rangeof possiblevaluesfor tt00...4.

In this exampleonly the valuet = 3 explainsall obsenationsaroundt. This, however, is a
lucky coincidenceWith our datatypically threesubsequenperiodsdo not allow to reducethe
rangefor T to asinglevalue. We have to take into accountmoreperiodsto determinea unique
valuefor t.

More formally we repeatedlyapply thefollowing algorithm:

Ben(t) thenumberof cooperatie neighbourf a playerin periodt — 1. Be lp(t) therange
of possibletsthatis compatiblewith a playersactionin this period:

[n(t)+1,N+1] if theplayerplaysD in periodt (1)

Noticethattheseintervalsarenever empty
We distinguishthefollowing conditions:

lo(t) = { [0,n(t)] if the playerplaysC in periodt



(t—1)Nh(t)Nlkt+1)#0
l(t—1)NIk(t) #0
I(t) Nli(t+1) # 0
min(l(t —1)) > max(lk(t
max(l(t — 1)) < min(ly(
o min(l(t+1)) > max(l(
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We now iteratively reducethe sizeof theintervalsusingthefollowing method:

( (t—2D) Nl(t)NIk(t+1) ifa
Ik(t—l)ml() if —anDb
l(t) N I(t+1) if =(avb)Ac
oo — max(I(t)) if ~(avbvc)Ad 5
17 min(I(t)) if ~(avbvcvd)Ae @)
max(I(t)) if ~(avbvecvdve Af
min(li(t)) if =(avbvcvdvev f)Aag
[ k(1) otherwise

Beforewe discusgheseconditionsin moredetails,we shouldnotetwo things:

e Onceaninterval consistf a singletonit will never changethroughrepeateapplication
of theabove algorithm.

e Intenvalscanonly becomesmaller neverlarger Formally V-l (t) C Ik(t). l.e.we never
add somethingto a strategy of a player we only make it more precise. The resulting
strateyy will alwaysbecompatiblewith whatwe have obsenred.

Conditiona is the simplestand mostfrequentcase: The rangesfor 1 in threesubsequenpe-
riods are consistentand allow for one or possiblymorevaluesof t. In this casewe take the
intersectiorof theseranges.

If suchanintersectionvould beemptywe try to find only two subsequerperiods.We first
look moreinto the past(b) andthenmoreinto thefuture (c).

If thisfailsaswell, thenneighbouringangedor 1 donotintersectatall. In ourinterpretation
this meansthat we have detecteda changein the conditionalstratey of the player We then
assumeomeinertiaandshrinktheinterval for 1; into thedirectionof theneighbouringnterval.
We dothisfirst for t — 1 (conditionsd ande) andthenfor t + 1 (conditionsf andg).

Whenfor all playersin the experimentandfor all periodsly. 1 = Ix thenwe have reachech
fixed point of the process.We will call theseintervals|*. Notice thatwith a finite numberof
obsenationsthe processalwaysreaches fixed pointin afinite numberof steps.

Will this processconverge to only singletons?It is possibleto show thatif thereis some
randomnes players’behaiour which is not perfectly correlatedwith the behaiour of the
neighbourghentheprobabilityto obtainauniquet growsarbitrarily closeto 1 whenthenumber
of obsenationsper player(numberof periodsin our experiment)is only large enough.

3To seethis, onehasto shaw thatif I(t) is nota singletonthenly (t) will be asingletonif only we find at’



Sincewe have afinite numberof obsenationsin our experimentwe only obtaina uniquet
for about90% of all playersandperiods.To make the analysissimplerwe reduceintervalsto a
randomintegerwithin theinternval for theremainingl0%. Thisis only atechnicalkimplification
thatdoesnot affect results.

In appendixA we show for eachplayerthedevelopmenbf thethresholdr overtime. Letus
startherewith somesummarystatistics.Figure5 shavs the developmeniof thethresholdevel
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Figure5: Thresholdevel andlevel of cooperation

T overtime in groupsandin circlesseparatelytogethemwith the averagelevel of cooperation.
We seethat playersboth in groupsandin circles have a commonthresholdt of about2.5.
This thresholddoesnot dependon the structure. Averagecooperatiorlevels are muchlower
(betweerD.5and1.2)anddependonthe structure.

Figure6 shavstheincreasen 1 from periodto perioddependingnthechangdan thenum-
ber of cooperatre neighbourdrom the previous periodto the currentperiod. We have only a
very smallnumberof obsenationsfor theborderlinecaseshencewe shouldconcentratenthe
centerof the diagram.We seethatin circlesplayersadaptquickly. An increasen the number
of cooperatre neighbourgs answeredvith a decreasén the own threshold.A decreasén the
numberof cooperatie neighbourgjieldsanincreasen the own threshold.In groups however,
thethresholdevel is notinfluencedoy changesn the numberof cooperatre neighboursThis
obsenationcanbeconfirmedby runningarobustregressiorof changesn thresholdonchanges
in the numberof cooperatre neighbours Allowing for correlatedobsenationswithin sessions
anF-testrevealsno significantrelationbetweerthetwo variablesor thegroupcasg(P > 0.50),
however a highly significantrelation(P < 0.025)for thecircle case.

We interpretthis finding asfollows:

e Thedescriptionof players’behaiour in groupsis satishctory Adding anothervariable
doesnotimprove its explanatorypower. Thresholdevelsseemo be exogenouslygiven.

suchthatl(t) N1k(t') is asingleton.In this casel < |t —t], i.e. theabove processwill convergeto a singletonin
at most|t’ —t| steps. To ascertairthe existenceof suchat’ we needthe assumption®f randomnes players’
behaiour togethemwith alargeenoughnumberof obsenations.
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Figure 6: Changeof thresholdlevel dependingon the changein the numberof cooperatre
neighbours.
Sizesof thesymbolsareproportionalto the numberof obsenations.

e Thedescriptionof players’behaiour in circlesis notcomplete Adding anothewariable
to themodelimprovesits explanatorypower. Thethresholdevel changesvith avariable
thatis endogenouto themodel.

In thenext sectionwe attemptto explain this endogenoushange.

5 A simplereinforcementmodel

We interpretnow the valueof thethresholdr asarepeatedjamestratgy. We assumehateach
playerin eachperiodassociatesvith eachpossiblevalueof t a discountedaveragepayof of
this stratgy. Reinforcemen{seeErev andRoth[ER98]) suggestshatplayersaremorelikely
to switchto a stratgy thatwassuccessfuin the past.

Figure7 shavsfor eachperiodtheaveragenumberof differentthresholdevelsplayershave
experiencedup to this period. We seethat relatvely soonthe averageplayer hasexperience
with four differentrepeatedyamestratagies. This is lessthanthe maximalnumberof six in
this case but allows us to explain his choiceswith the help of comparison®f payofs. To do
that we concentraten the situationwhena player switchesfrom onerepeatedyamestratey
(the‘source’stratgyy) to another(the ‘target’ strategy). For eachplayerwe calculatefor each
period and for eachrepeatedyamestrat@y the discounted payof while usingthis strateyy
up to this period. The differencebetweerthe payof of the ‘target’ stratgyy andthe ‘source’
strat@y is shown in figure 8. For both the ‘source’ andthe ‘target’ stratgy we canusepast
payof experiencewith this strateyy to calculateaveragepayofs of this stratey. We seethat
theaveragdlifferencds alwayshigheroncirclesthanin groupsj.e. switchingfrom onestrateyy
to anotheris morepayof-drivenin circlesthanin groups.We alsoseethatfor smallthresholds
(t <2oncircles,t < 4in groups)the averagedifferencebetweertarget’ and‘source’ payofs

4As adiscountfactorwe use0.9.
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is very small,sometime&venneggative. Apparentlyswitchingin thisrangeis drivennot by past
payofs but othermotives. Speculatiorfor reciprocitymight be oneof them.

6 Conclusion

We modelplayers’repeatedjamestratgieswith the conceptof athresholdvaluefor coopera-
tion. Thethresholdis definedby the numberof cooperatingheighboursneededn orderfor a
playerto cooperate.

In afirst stepwe studya modelwith constanthresholds Sucha modelhasmoredegreesof
freedomthana (constantstagegamestratg)y basednodeland,hence canexplainmoreobser
vations. We find, however, that players’behaiour canbetterbe explainedwhenthe threshold
is allowedto dependon the numberof cooperatre neighboursor payofs.

We studya simplereinforcementmodelandfind that strateyiesthatwere successfuin the
pastareindeedmorelik ely to be played. We obsene that playerschangetheir thresholdmore
rapidly in alocal interactionstructurethanin a spacelesmteractionstructure.

As aconsequencadecreas®f cooperatiorby neighbourdollows anincreaseof threshold
which leadsto lesscooperatioron the circle thanin thegroups.
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A Raw Data

Eachexperimentis representedby two graphs. The top graphfor eachexperimentshaws t

for eachperiodandeachplayer the bottomgraphshows the choiceof C or D. To illustratethe
explanatorypower of thethresholdnodelwe distinguishin thebottomgraphbetweerpredicted
andunpredictedCsandDs. We dothisasfollows: Wefind for eachplayera(constantihreshold
valuethatexplainsthe highestpossiblenumberof Cs andDs. ThoseCs andDs thatcannotbe
explainedwith this constanthresholdvalueare‘unpredicted’ the othersare‘predicted’.

A.1 Experimentson Circles
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A.2 Experimentsin Groups
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