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Abstract

We investigateandcomparedifferentapproachesto derive strategies from observed data
in spatialandspacelessprisoners’dilemmasexperiments.We startwith a modelwhere
playerschoosea fixedactionthat remainsconstantfor all repetitionsof a stagegame.As
an extensionwe thenallow playersto choosesimplerepeatedgamestrategiesthat,how-
ever, remainfixedover thecourseof thegame.We thendiscussa methodhow to identify
changingrepeatedgamestrategies. This methodis usedto studya simplereinforcement
model.Wefind thatin aspatialstructurereinforcementplaysamoreimportantrole thanin
aspacelessstructure.

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

Keywords: Local interaction,experiments,prisoner’s dilemma,reinforcement,repeated
games.

1 Intr oduction

Weinvestigateexperimentallyaprisoners’dilemmasituationin aspatialandaspacelessmodel.
Theoreticallyspatialprisoners’dilemmashave beenstudiedby Axelrod [Axe84], Bonnho-
effer, Nowak and May [BMN93], Ellison [Ell93], Eshel,Samuelson,and Shaked [ESS98],
Kirchkamp[Kir99], LindgrenandNordahl[LN94], Nowak andMay [MN92, MN93], Hegsel-
mann[Heg94], Ely [Ely96] andseveralothers.A brief discussioncanbefoundin [KN00]. In
this literatureagentsrepeatedlyuselearningrulesto choosestrategiesin repeatedsymmetric
2 � 2 games.Thesestrategiescanbestagegamestrategies(see[BMN93, Ell93, ESS98,MN92,
MN93]) or repeatedgamestrategies(see[Axe84,Kir99, LN94, Heg94]). Modelling players’
behaviour asdeterminedby repeatedgamestrategiesis amoregeneral,and,in particularin the
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context of prisoners’dilemmas,a moreadequateapproach.However, in theexperimentallit-
eraturetheapplicationor analysisof repeatedgamestrategiesaresparse.Spacelessstructures
have beenanalysedin [SMU97] or [Axe84]. Experimentalstudiesof spatialsituations(see
[KEB97, KEB98, KN00]) restrict their analysisto only stagegamestrategies. In this article
we attemptto extendthe experimentalliteraturein consideringalsorepeatedgamestrategies.
Theserepeatedgamestrategieswill besimpleandof thefollowing type: Cooperateif thenum-
berof cooperatingneighboursis largerthanacertainthreshold.Thethresholdmaybedifferent
for eachplayerandmayor maynotchangeover time.

We will describethe experimentalsetupin section2. We then introducerepeatedgame
strategiesallowing playersto conditionon pastbehaviour of their opponents.We startwith
a simplifiedversionthatassumesconstantrepeatedgamestrategiesfor eachplayerin section
3. This simplemodelexplainstheexperimentaldataalreadybetterthana modelwith constant
stagegamestrategies. However, with theseconstantandsimplerepeatedgamestrategieswe
cannotexplainall observations.We thereforestudyamoreelaboratemodelin section4 where
repeatedgamestrategiesmaychangeover time. This allows usto studyreasonswhy repeated
gamestrategiesmaychange.We relatechangesin repeatedgamestrategiesto payoffs usinga
simplereinforcementapproachin section5. We find thatpastsuccessof strategiesplaysa role
to amuchlargerdegreein aspatialstructurethanin a spacelessone.Section6 concludes.

2 The experimental setup

In the following we outline our experimentalsetup. A more detaileddiscussionis given in
[KN00]. All experimentswereconductedat UPF in a computerisedlaboratory. We compare
two structures,onethatwewill call ‘circle’, theotherwe will call ‘group’. Circlesmodellocal
interaction,groupsmodelspacelessinteraction.Thestructuresareshown in figure1. In each
periodplayersinteractwith two neighboursto the left (x1 � x2) andtwo neighboursto theright
(y1 � y2). Playersknew that they repeatedlyinteractedfor 80 periodswith thesameneighbours.
In eachroundeachplayerhadtwo choices:C or D.1 Payoffs werea function of theplayer’s
own choiceaswell asthenumberof neighbourswhochoseC. Therelationis shown in table1.
Playersalsoobtainedinformationaboutpayoffs andstrategiesof their neighboursduringeach
round. In ordernot to reveal the positionof the neighboursthis informationwasorderedby
payoffs in eachround.Thus,playersonly know whattheir neighbourhoodasawholedid, they
couldnot identify patternsin actionsor payoffs of particularplayers.

3 A modelwith constantthr esholds

Let us first assumethatplayersfollow a simpleandconstantrepeatedgamestrategy. Players
cooperateif andonly if thenumberof cooperativeneighboursin thelastν periodswasgreater

1A gametheoristmightarguethatwecouldhaveobtainedmoreinformationhadweaskedparticipantsonly for
onerepeatedgamestrategy for eachrepeatedgame.This argumentpresupposesthatthesubmittedrepeatedgame
strategieswould alsoexplain the players’actionsif the playerscould choosestagegamestrategieson a period
to periodbasis. However, this is only true for perfectly rationalplayers— andnot for real participantsof our
experiment.Oneof theresultsof this paperis thatplayersin theexperimentseemindeedto changetheir repeated
gamestrategieswhile playingasingleinstanceof therepeatedgame.

2



Player�
y1

y2

y3

y4

y5

y6

y7
y8x9

x8
x7

x6

x5

x4

x3

x2
x1

Player

y1

y2x2

x1

x3

x4

x5x6

x7

y3

y4

y5y6

y7

Circle: spatial interaction of players
throughoverlappingneighbourhoods

Groups:non-spatialinteraction,all players
areeitherin thesameneighbourhood,ordo
not interactat all.

Figure1: Neighbourhoods

Payoff:

own numberof
neighbours

groupmembers
choosingC

action 0 1 2 3 4
C 0 5 10 15 20
D 4 9 14 19 24

Table1: Payoff Matrix
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thana certainthresholdτ ��� 0� 1�������	� N 
 1� whereN is thenumberof neighbours.2 A player
with τ � 0 will alwayscooperate,a playerwith τ � 1 will cooperateif in thepreviousperiod
at leastoneneighbourplayedC, . . . , a playerwith τ � N will only cooperateif all neighbours
cooperatedin thepreviousperiod,andfinally aplayerwith τ � N 
 1 will nevercooperate.This
lastcasemaysoundstrangebut it is only a convenientnotation:τ � N 
 1 meansthat in order
to cooperatetheplayerrequiresmoreneighboursthanthereactuallyarein theneighbourhood
to playC. Sincethis canneverhappen,theplayernevercooperates.

Theabovestrategiespresumethatcooperativebehaviour of eachplayerbecomesmorelikely
with anincreasingnumberof cooperativeneighbours.

For eachplayerseparatelywedeterminethethresholdvalueτ thatmaximisesthenumberof
correctlyexplainedactions.If thereis no uniquesuchvaluewe takeonerandomlyfrom theset
of maximisingvalues.Wedothisseparatelyfor time-spans(ν) between0 and3. Figure2 shows
therelationbetweenν andtherelativefrequency of unexplainedactions.With ν � 0 predictions
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All pastperiodsareequallyweighted.

Figure2: Relative frequency of unexplainedactions

assumea very simplestrategy, playerseitheralwaysplay C or they alwaysplay D. Actually
thebehaviour of mostplayers(84.3%)is bestapproximatedwith all D. With sucha modelwe
cannot explain 26%of theactionstaken in groups,and19.8%of theactionstaken in circles.
Thehigherrateof Ds in circlesmakesit easierto approximateplayers’behaviour. Introducing
informationabouta singlepreviousperiod(ν � 1) improvesthenumberof correctlypredicted
actions,in particular in groups. The improvementin circles is smaller, which is consistent
with KirchkampandNagel[KN00] whofind lessstrategic interactionin circlesthanin groups.
Introducingmoreperiods(ν � 2 or ν � 3) doesnot improve thenumberof correctlypredicted
actions. Apparentlyonly the previous periodhasa substantialimpact. Introducingmoreand
irrelevantperiodsdeterioratesthequality of theprediction.We will thereforerestrictourselves
in thefollowing to thecaseν � 1.

2The readershouldnotethat this approachweightsexperiencefrom all pastν periodsequally. Alternatively
onecouldusediscountingof pastexperience.Ourapproachseems,however, sufficientto show thatonly therecent
past(ν 
 1) hasa substantialimpact.
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Figure3 showsfor illustrationthedistributionof thethresholdlevel τ undertheassumption
thatτ is constantfor eachplayer. In groupswecaneasilydistinguishtwo typesof players:They

constant threshold for each player
0

.1

.2

.3

.4

 Circle  Group

0 1 2 3 4 5

Figure3: Thresholdlevels,constantfor eachplayer

eithernevercooperate(τ � 5) or requireamoderatelycooperativeneighbourhood(τ � 2). 67%
of all playersfall into thesecategories. In circles,however, this distinctionis muchlessclear.
Only 47%of all playersareof typeτ � 5 or τ � 2. Many playersarebetterdescribedby some
intermediatestrategy.

Figure4 showshow players’behaviour overtimebecomesincreasinglyconsistentwith this
simplemodel. In the first periodsof the experimentboth in circlesandin groupsthe simple
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Figure4: Thenumberof falsepredictionsdecreasesover time

modelpredictsbadly. After about20periods,however, predictionsbecomemuchbetter.
In appendixA we show theraw dataandalsohow well theraw datacanbepredictedwith

sucha simplemodel. Someof the unpredictedactionsmaybe explainedasexperiments,but
others(themorepersistentones)maybetterbeexplainedthrougharepeatedgamestrategy that
changesover time. We will thereforeallow for changeof repeatedgamestrategiesover time in
thenext section.
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4 ChangingRepeatedGameStrategies

In our experimentwe only observe whethera playerplaysC or D. This behaviour could be
explainedwith the help of a repeatedgamestrategy, however, whenattemptingto identify a
repeatedgamestrategy that may changeover time we facethe problemthat a givenseriesof
strategic interactionsamongagentscanbe explainedby a infinite numberof repeatedgame
strategiesof theindividualagents.

Similar to theapproachtakenin section3 wedescribestrategieswith thehelpof a threshold
valueτ. This reducesthatspaceof repeatedgamestrategiesbut doesnot ruleout thepossibility
that several thresholdsτ explain at a given perioda player’s behaviour. To further identify τ
we requirethat τ changesaslittle aspossible.In otherwords,if thereis a τ thatexplainsthe
behaviour of a playernot only at time t but alsoat time t � 1 or t 
 1 we will favour this τ over
anotheronethatonly explainsthebehaviour at time t.

Hereis anexample:

Period ����� t � 1 t t 
 1 �����
Action in periodt ����� C D C �����
numberof C’s in the neighbour-
hoodin thepreviousperiod

����� 3 2 4 �����

possibleτ ����� 0 � 3 3 � 5 0 � 4 �����
The exampleplayerchoosesC in period t � 1. In the previous period this playerhad3 co-
operative neighbours.It is possiblethat this playeralreadycooperateswith 2, or 1, or even0
neighboursthat play C. However, he obviously doesnot require4 or 5, since,aswe see,he
alreadyplaysC with only 3 neighboursin the previous period. Thereforewe canrestrict the
rangeof possiblevaluesfor τ in periodt � 1 to 0 ����� 3.

In periodt this playerchoosesD. We know thatour playerhad2 Cs in his neighbourhood
in thepreviousperiod. Hence,our playermight have playedC with 3, or 4, or 5 Cs, but 2 are
apparentlynot enough.We assumethat1 or 0 areevenworse.Thus,we canrestricttherange
of possibleτs to 3 ����� 5.

In periodt 
 1 the playerchoosesC. In the previousperiodthis playerhad4 cooperative
neighbours. It is possiblethat this player alreadycooperateswith 3, or 2, or 1, or even 0
cooperative neighbours.However, heapparentlydoesnot require5. Thus,we canrestrictthe
rangeof possiblevaluesfor τ to 0 ����� 4.

In this exampleonly thevalueτ � 3 explainsall observationsaroundt. This,however, is a
lucky coincidence.With our datatypically threesubsequentperiodsdo not allow to reducethe
rangefor τ to a singlevalue.We have to take into accountmoreperiodsto determinea unique
valuefor τ.

More formally we repeatedlyapplythefollowing algorithm:
Ben � t � thenumberof cooperativeneighboursof aplayerin periodt � 1. Be I0 � t � therange

of possibleτs thatis compatiblewith a playersactionin this period:

I0 � t ���
�
0� n � t ��� if theplayerplaysC in periodt�
n � t ��
 1� N 
 1� if theplayerplaysD in periodt

(1)

Noticethattheseintervalsareneverempty.
Wedistinguishthefollowing conditions:
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a : Ik � t � 1��� Ik � t ��� Ik � t 
 1���� /0
b : Ik � t � 1��� Ik � t ���� /0
c : Ik � t ��� Ik � t 
 1���� /0
d : min � Ik � t � 1����� max� Ik � t ���
e : max� Ik � t � 1����� min � Ik � t ���
f : min � Ik � t 
 1����� max� Ik � t ���
g : max� Ik � t 
 1����� min � Ik � t ���

We now iteratively reducethesizeof theintervalsusingthefollowing method:

Ik � 1 �

Ik � t � 1��� Ik � t � � Ik � t 
 1� if a
Ik � t � 1��� Ik � t � if ! a " b
Ik � t ��� Ik � t 
 1� if !�� a # b � " c
max� Ik � t ��� if !�� a # b # c ��" d
min � Ik � t ��� if !�� a # b # c # d ��" e
max� Ik � t ��� if !�� a # b # c # d # e � " f
min � Ik � t ��� if !�� a # b # c # d # e # f � " g
Ik � t � otherwise

(2)

Beforewediscusstheseconditionsin moredetails,weshouldnotetwo things:

$ Onceaninterval consistsof asingletonit will neverchangethroughrepeatedapplication
of theabovealgorithm.

$ Intervalscanonly becomesmaller, never larger. Formally % j & kI j � t �(' Ik � t � . I.e.wenever
addsomethingto a strategy of a player, we only make it moreprecise. The resulting
strategy will alwaysbecompatiblewith whatwehaveobserved.

Conditiona is the simplestandmostfrequentcase:The rangesfor τ in threesubsequentpe-
riods areconsistentandallow for oneor possiblymorevaluesof τ. In this casewe take the
intersectionof theseranges.

If suchanintersectionwouldbeemptywe try to find only two subsequentperiods.Wefirst
look moreinto thepast(b) andthenmoreinto thefuture(c).

If thisfailsaswell, thenneighbouringrangesfor τ donotintersectatall. In ourinterpretation
this meansthat we have detecteda changein the conditionalstrategy of the player. We then
assumesomeinertiaandshrinktheinterval for τt into thedirectionof theneighbouringinterval.
We do this first for t � 1 (conditionsd ande) andthenfor t 
 1 (conditionsf andg).

Whenfor all playersin theexperimentandfor all periodsIk � 1 � Ik thenwe have reacheda
fixedpoint of theprocess.We will call theseintervals I ) . Notice thatwith a finite numberof
observationstheprocessalwaysreachesafixedpoint in afinite numberof steps.

Will this processconverge to only singletons?It is possibleto show that if thereis some
randomnessin players’behaviour which is not perfectlycorrelatedwith the behaviour of the
neighboursthentheprobabilityto obtainauniqueτ growsarbitrarilycloseto 1whenthenumber
of observationsperplayer(numberof periodsin our experiment)is only largeenough3.

3To seethis, onehasto show that if Ik * t + is not a singletonthenIk, l * t + will bea singletonif only we find a t -
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Sincewe have a finite numberof observationsin our experimentwe only obtaina uniqueτ
for about90%of all playersandperiods.To make theanalysissimplerwereduceintervalsto a
randomintegerwithin theinterval for theremaining10%.Thisis only atechnicalsimplification
thatdoesnotaffect results.

In appendixA weshow for eachplayerthedevelopmentof thethresholdτ overtime. Let us
startherewith somesummarystatistics.Figure5 showsthedevelopmentof thethresholdlevel
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Figure5: Thresholdlevel andlevel of cooperation

τ over time in groupsandin circlesseparately, togetherwith theaveragelevel of cooperation.
We seethat playersboth in groupsand in circles have a commonthresholdτ of about2.5.
This thresholddoesnot dependon the structure.Averagecooperationlevels aremuchlower
(between0.5and1.2)anddependon thestructure.

Figure6 showstheincreasein τ from periodto perioddependingon thechangein thenum-
berof cooperative neighboursfrom thepreviousperiodto thecurrentperiod. We have only a
verysmallnumberof observationsfor theborderlinecases,hence,weshouldconcentrateonthe
centerof thediagram.We seethat in circlesplayersadaptquickly. An increasein thenumber
of cooperativeneighboursis answeredwith a decreasein theown threshold.A decreasein the
numberof cooperativeneighboursyieldsanincreasein theown threshold.In groups,however,
thethresholdlevel is not influencedby changesin thenumberof cooperativeneighbours.This
observationcanbeconfirmedby runningarobustregressionof changesin thresholdonchanges
in thenumberof cooperativeneighbours.Allowing for correlatedobservationswithin sessions
anF-testrevealsnosignificantrelationbetweenthetwo variablesfor thegroupcase(P � 0� 50),
howeverahighly significantrelation(P � 0� 025)for thecirclecase.

We interpretthis findingasfollows:

$ Thedescriptionof players’behaviour in groupsis satisfactory. Adding anothervariable
doesnot improve its explanatorypower. Thresholdlevelsseemto beexogenouslygiven.

suchthat Ik * t +/. Ik * t -0+ is a singleton.In this casel 132 t -54 t 2 , i.e. theabove processwill convergeto a singletonin
at most 2 t -64 t 2 steps.To ascertainthe existenceof sucha t - we needthe assumptionsof randomnessin players’
behaviour togetherwith a largeenoughnumberof observations.
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Figure 6: Changeof thresholdlevel dependingon the changein the numberof cooperative
neighbours.
Sizesof thesymbolsareproportionalto thenumberof observations.

$ Thedescriptionof players’behaviour in circlesis not complete.Addinganothervariable
to themodelimprovesits explanatorypower. Thethresholdlevel changeswith avariable
thatis endogenousto themodel.

In thenext sectionweattemptto explain this endogenouschange.

5 A simple reinforcementmodel

Weinterpretnow thevalueof thethresholdτ asa repeatedgamestrategy. Weassumethateach
playerin eachperiodassociateswith eachpossiblevalueof τ a discountedaveragepayoff of
this strategy. Reinforcement(seeErev andRoth[ER98]) suggeststhatplayersaremorelikely
to switchto astrategy thatwassuccessfulin thepast.

Figure7 showsfor eachperiodtheaveragenumberof differentthresholdlevelsplayershave
experiencedup to this period. We seethat relatively soonthe averageplayerhasexperience
with four differentrepeatedgamestrategies. This is lessthanthe maximalnumberof six in
this case,but allows us to explain his choiceswith thehelpof comparisonsof payoffs. To do
that we concentrateon thesituationwhena playerswitchesfrom onerepeatedgamestrategy
(the ‘source’strategy) to another(the ‘target’ strategy). For eachplayerwe calculatefor each
period and for eachrepeatedgamestrategy the discounted4 payoff while using this strategy
up to this period. The differencebetweenthe payoff of the ‘target’ strategy andthe ‘source’
strategy is shown in figure 8. For both the ‘source’ andthe ‘target’ strategy we canusepast
payoff experiencewith this strategy to calculateaveragepayoffs of this strategy. We seethat
theaveragedifferenceis alwayshigheroncirclesthanin groups,i.e.switchingfromonestrategy
to anotheris morepayoff-drivenin circlesthanin groups.Wealsoseethatfor smallthresholds
(τ 7 2 oncircles,τ 7 4 in groups)theaveragedifferencebetween‘target’ and‘source’payoffs

4As adiscountfactorwe use0.9.
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is verysmall,sometimesevennegative.Apparentlyswitchingin this rangeis drivennotby past
payoffs but othermotives.Speculationfor reciprocitymightbeoneof them.

6 Conclusion

We modelplayers’repeatedgamestrategieswith theconceptof a thresholdvaluefor coopera-
tion. The thresholdis definedby thenumberof cooperatingneighboursneededin orderfor a
playerto cooperate.

In afirst stepwestudyamodelwith constantthresholds.Suchamodelhasmoredegreesof
freedomthana(constant)stagegamestrategy basedmodeland,hence,canexplainmoreobser-
vations.We find, however, thatplayers’behaviour canbetterbeexplainedwhenthethreshold
is allowedto dependon thenumberof cooperativeneighboursor payoffs.

We studya simplereinforcementmodelandfind thatstrategiesthatweresuccessfulin the
pastareindeedmorelikely to beplayed.We observe thatplayerschangetheir thresholdmore
rapidly in a local interactionstructurethanin aspacelessinteractionstructure.

As aconsequenceadecreaseof cooperationby neighboursfollowsanincreaseof threshold
which leadsto lesscooperationon thecircle thanin thegroups.
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A Raw Data

Eachexperimentis representedby two graphs. The top graphfor eachexperimentshows τ
for eachperiodandeachplayer, thebottomgraphshows thechoiceof C or D. To illustratethe
explanatorypowerof thethresholdmodelwedistinguishin thebottomgraphbetweenpredicted
andunpredictedCsandDs. Wedothisasfollows: Wefind for eachplayera(constant)threshold
valuethatexplainsthehighestpossiblenumberof Cs andDs. ThoseCs andDs thatcannot be
explainedwith this constantthresholdvalueare‘unpredicted’,theothersare‘predicted’.

A.1 Experimentson Cir cles
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A.2 Experiments in Groups
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