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Abstract

We usegraphicalmodelgo explorethequestiorof howpeopleearnsim-
ple causalelationshipgrom data. Thetwo leadingpsychologicatheo-
ries canboth be seenasestimatingthe parametersf a fixed graph. We
amuethat a completeaccountof causalinductionshouldalsoconsider
how peoplelearnthe underlyingcausalgraphstructure andwe propose
to modelthis inductiveprocesssa Bayesiarinference Ouragumentis
supportedhroughthediscussiorof threedatasets.

1 Introduction

Causalityplaysa centralrole in humanmentallife. Our behaviordependsiponourunder

standingof the causalstructureof our environmentandwe areremarkablygoodat infer-

ring causatiorfrom mereobservation.Constructingformal modelsof causalinductionis

currentlya majorfocusof attentionin computersciencg?7], psychology[3,6], andphilos-
ophy[5]. This paperattemptgo connectheseliteratures by framingthe debatebetween
two major psychologicatheoriesin the computationalanguageof graphicalmodels.We

showthat existingtheoriesequatehumancausalinductionwith maximumlikelihood pa-

rameterestimationon afixed graphicalstructure andwe arguethatto fully accounfor hu-

manbehavioraldata,we mustalso postulatethat peoplemakeBayesiannferencesabout
theunderlyingcausalgraphstructureitself.

Psychologicamodelsof causalinductionaddresghe questionof how peoplelearnasso-
ciationsbetweercausesindeffects,suchas P(C— E), the probabilitythatsomeeventC'

causesutcomeF. This questionmight seemtrivial at first; why isn’'t P(C'—FE) simply
P(et]|ct), theconditionalprobabilitythat £ occurs(E = et asopposedo e ™) giventhat
C occurs?But considethefollowing scenariosThreecasestudieshavebeendoneto eval-
uatethe probability that certainchemicalswheninjectedinto rats,causecertaingenego

be expressedlin casel, levelsof genel weremeasuredn 100 ratsinjectedwith chem-
ical 1, aswell asin 100 uninjectedrats; cases? and3 were conductedikewise but with

differentchemicalsandgenes.In casel, 40 out of 100injectedratswerefoundto have
expressedhe gene while 0 out of 100uninjectedratsexpressedhegene.We will denote
theseresultsas{40/100,0/100}. Case2 producedheresults{7/100, 0/100}, while case
3yielded{53/100,46/100}. Foreachcasewe wouldlike to knowtheprobabilitythatthe

chemicalcauseshegeneto beexpressedP(C'—F), whereC' denoteshechemicaland 2

denotegyeneexpression.



Peoplaypically rate P(C—F) highesffor casel, followedby case? andthencase3. In an
experimentescribedelow thesecaseseceivednearratings(ona0-20scale)f 14.9+ .8,
8.6+ .9,and4.9 + .7, respectivelyClearly P(C—F) # P(e*|ct), becausease3 hasthe
highestvalueof P(e*|cT) butreceiveghelowestratingfor P(C—F).

The two leading psychologicalmodels of causalinduction elaborateupon this basis
in attemptingto specify P(C—FE). The AP model [6] claims that people estimate
P(C—FE) accordingo

AP = P(et|et) — P(et]c™). (1)

(Werestrictourattentionhereto facilitatory causesin which caseA P is alwaysbetweerD
andl.) Equationl capturegheintuitionthatC' is perceivedo cause? totheextentthatC"’s
occurencéncreaseshelikelihood of observingF. Recently Cheng[3] hasidentifiedsev-
eralshortcoming®f A P andproposedhat P(C'— E)insteaccorrespondto causal power,
the probabilitythat C' producest in the absencef all othercausesFormally the power
modelcanbeexpresseds:

AP

1— P(et|em) @

power =

Therearea variety of normativeargumentsn favor of eitherof thesemodels[3,7]. Em-
pirically, howevey neithermodelis fully adequat¢o explainhumancausainduction. We
will presenampleevidenceor this claim below but for now, the basicproblemcanbeil-
lustratedwith the threescenariosibove. While peoplerate P(C'—E) higherfor case2,
{7/100,0/100Q, thanfor case3, {53/100,46/100, AP ratesthemequallyandthe power
modelrankscase3 overcase?. To understandhis discrepancywe haveto distinguishbe-
tweentwo possiblesensesf P(C'—E): “the probabilitythatC cause& (onanygiventrial
whenC is present)”versus‘the probabilitythat C is a causeof E (in generalasopposed
to beingcausallyindependenof E)”. Our claimis thatthe A P andpowermodelsconcern
only theformersensewhile peoples intuitionsaboutP(C'— E) areoftenconcernedvith
thelatter. In our examplewhile the effect of C' on anygiventrial in case3 may be equal
to (accordingo A P) or strongetthan(accordingo power)its effectin case?, thegeneral
patternof resultsseemamorelikely in case? thanin case3 to be dueto a genuinecausal
influence asopposedo aspuriouorrelatiorbetweemandomsample®f two independent
variables.In thefollowing sectionwe formalizethis distinctionin termsof parameteesti-
mationversusstructurdearningonagraphicaimodel.Sectior3 thencompare$wo variants
of our structurelearningmodelwith the parameteestimationmodels(A P andpower)in
light of datafrom threeexperiment®n humancausainduction.

2 Graphical models of causal induction

The languageof causalgraphicalmodelsprovidesa usefulframeworkfor thinking about
peoples causalntuitions[5,7]. All theinductionmodelswe considetherecanbeviewed
ascomputation®nasimpledirectedgraph(Graph; in Figurel). TheeffectnodeZ isthe
child of two binary-valuedparentnodes: C, the putativecauseand B, a constantback-
ground.Let X = (C4, E1), ..., (Cn, En) denoteasequencef N trialsin whichC' and
E areeachobservedo be presenbr absent;B is assumedo be presenpn all trials. (To
keepnotationconcisen thissectionwe usel or 0in additionto * or ~ to denotepresence
or absencef anevente.g.c; = 1 if thecausds presenbntheith trial.) Eachparentnode
is associatetvith aparameterwp or w¢, thatdefineghestrengthof its effecton E. In the



A P model,theprobabilityof £ occuringis alinearfunctionof C:
Q(et|e; wp,we) = wp + we e 3)

(Weuse( to denotemodelprobabilitiesand P for empiricalprobabilitiesn thesampleX'.)
In the causabowermodel,asfirst shownby Glymour[5], F is anoisy-ORgate:

Q(et|c;wp,we) =1— (1 —wp)(1 —we)". 4)

2.1 Parameter inferences. AP and Causal Power

In this framework,boththe A P andpowermodel’s predictionsfor P(C'—F) canbeseen
asmaximumlikelihoodestimate®f thecausabtrengtiparametewc in Graph,, butunder
differentparameterizations-or eithermodel,theloglikelihood of the datais givenby

L(X|wp,we) = Zlog [(Qeilei)™ (1 — Q(eilei))' %] ()

N

Z e; log Q(€i|ci) + (1 - ei) log(l - Q(ei|ci))’ (6)

i=1

wherewe havesuppressethedependencef Q(e;|c;) onwp, we. Breakingthis suminto
four parts,onefor eachpossiblecombinationof {et, e~} and{¢T, ¢~} thatcould be ob-
served L(X|wp, we) canbewrittenas

N P(ct) [P(e*[c*)log Q(eF|et) + (1 = P(et|et)) log(1 — Q(eF[e*))]  (7)
+ N P(e7) [P(et]em)log Q(e*[e™) 4 (1 = P(e*|e™)) log(1 — Q(e*|e))]

By the Informationinequality[4], Equation? is maximizedwheneversg andw¢ canbe
choserto makethe modelprobabilitiesequalto theempiricalprobabilites:

Q(e* et wp,we) = P(eteh), (8)
Qetle ;wp,we) = P(et|cT). 9)

To showthatthe A P modelspredictiondor P(C'— E') correspondo maximumlikelihood
estimate®f we underalinearparameterizatioof Graph,, weidentify we in Equation3
with AP (Equationl), andwg with P(e™|c™). Equation3 thenreducego P(et|ct) for
thecasec = ¢ (i.e.,c = 1) andto P(et|c™) for thecasec = ¢~ (i.e.,c = 0), thussatis-
fying the sufficient conditionsin Equations8-9 for wg andw¢ to be maximumlikelihood
estimatesTo showthatthe causalpowermodel’s predictionsfor P(C'—F) correspondo
maximumlikelihood estimateof we undera noisy-ORparameterizationye follow the
analogougprocedure:identify w¢ in Equationd with power (Equation2), andwg with
P(et|c™). ThenEquationd reducego P(e™|ct) for c = ¢t andto P(et|c™) fore = ¢,
againsatisfyingthe conditionsfor wg andw¢ to be maximumlikelihood estimates.

2.2 Structural inferences: Causal Support and y?

The centralclaim of this paperis thatpeoples judgmentf P(C—FE) reflectsomething
otherthanestimate®f causaktrengthparameters- the quantitieshatwe havejust shown
to becomputedoy A P andthe powermodel. Rathey peoplesjudgmentanay correspond
toinferencesabouttheunderlyingcausaktructure suchastheprobabilitythatC is adirect



causeof F. In termsof the graphicalmodelin Figure 1, humancausalinductionmay be
focusedontrying to distinguishbetweerGraph, , in whichC' is apareniof £, andthe*null
hypothesis'of Graph,, in which C' is not.

ThisstructurainferencecanbeformalizedasaBayesiardecision.Let A« beabinaryvari-
ableindicatingwhetheror notthelink C— £ existsin thetruecausaimodelresponsibléor
generatingpurobservationsWe will assumanoisy-ORgate andthusourmodelis closely
relatedto causalpower However we proposeto modelhumanestimatesf P(C'—F) as
causal support, thelog posteriooddsin favorof Graph,; (hc = 1) overGraph, (hc = 0):

P(hc = 1|X)

P(hc = 0[X)’ (10)

support = log

Via Bayes'rule, we canexpressP(hc = 1|X) in termsof the maginal likelihood or evi-
dence, P(X|he = 1), andtheprior probabilitythatC' is acauseof £, P(he = 1):

P(he = 1|X) x P(X|hc = 1)P(he = 1). (11)

Fornow, wetake P(h¢ = 1) = P(he = 0) = 1/2. Computingthe evidencerequires
integratinghelikelihood P( X |wp, w¢) overall possiblevaluesof thestrengtiparameters:

1 1
P(X|hc = 1) = / / P(X|wB, wc) p(wB, wc|hc = 1) de dwc. (12)
0 0

Wetakep(wp, we|he = 1) tobeauniformdensityandwenotethatp( X |wp, we) is sim-
ply theexponentiabf £L( X |wp, w¢) asdefinedn Equatiorb. P(X |he = 0), themaginal
likelihood for Graph,, is computedsimilarly, but with the prior p(wp, welhe = 1) in
Equationl2replacedy p(wg|he = 0)6(we). We againtakep(wg|he = 0) to beuni-
form. TheDirac deltadistributionon wez = 0 enforcegherestrictionthatthe C—FE link
is absent By makingtheseassumptionsye eliminatethe needfor anyfree numericalpa-
rametersn our probabilisticmodel(in contrasto a similar Bayesiaraccountproposedy
Andersor1]).

Becausecausalsupportdependson the full likelihood functionsfor both Graph,; and
Graphg, we may expectthe supportmodelto be modulatedby causalpower— which is
basedstrictly onthelikelihood maximumestimatdor Graph, —butonly in interactiorwith
otherfactorsthatdeterminenow muchof the posteriorprobabilitymassfor we in Graph,
is boundedawayfrom zero(whereit is pinnedin Graph,). In generalevaluatingcausal
supportmay requirefairly involved computationsput in the limit of large N andweak
causalstrengthwc, it canbe approximatedy the familiar x? statisticfor independence,

N> .. %ﬁ. Here Py(c,e) = P(c)P(e) is the factorizedapproximatiorto

P(c,e), whichassumeg’ and £ to beindependentastheyarein Graphy).

3 Comparison with experiments

In this sectionwe examinethe strengthsandweaknessesf the two parameteinference
models A P andcausabower andthetwo structurainferencemodels causasupportand
x?, asaccountof datafrom threebehavioralexperimentsgachdesignedo addresslif-
ferentaspect®f humancausainduction. To compensatéor possiblenonlinearitiesn peo-
ple’suseof numericakatingscaleontheseasksall modelpredictionshavebeenscaledy
powerlaw transformationsf(z) = sign(z)|z|?, with v choserseparatelyor eachmodel



andeachdatasetto maximizetheir linear correlation. In the figures,predictionsare ex-
presseaverthe samerangeasthedata,with minimumandmaximumvaluesaligned.

Figure?2 presentslatafrom a studyby Buehner& Cheng[2], designedo contrasthepre-
dictionsof A P andcausapower PeoplgudgedP (C'—F) for hypotheticamedicalstudies
muchlike thegeneexpressiorscenarioslescribe@bove seeingeightcasesn whichC oc-

curredandeightin which C' did notoccur Sometrendsin the dataareclearly capturedoy

thecausapowermodelbutnotby A P, suchasthe monotonicdecreasén P(C'—E) from

{1.00,0.75} to {.25,0.00}, as A P staysconstantout P(e*|c™) (and hencepower)de-
creasegcolumnss-9). Othertrendsareclearlycapturedy A P butnotby thepowermodel,
like themonotonicincreasan P(C—FE) asP(e*|ct) staysconstantat1.0but P(et|c™)

decreasegrom {1.00,1.00} to {1.00,0.00} (columnsl, 6, 10, 13, 15). Howevey oneof

themostsalienttrendsis capturedy neithemrmodel:thedecreasén P(C'—F) asA P stays
constantat 0 but P(et|c™) decrease¢columnsl-5). The causalsupportmodelpredicts
this decreaseaswell asthe othertrends. Theintuition behindthe models predictionsfor

AP = 0 isthatdecreasinghebaserate P(e* |c™) increasesheopportunityto observehe
causes influenceandthusincreaseshestatisticaforcebehindtheinferencehatC' doesnot
causeF, givenAP = 0. Thiseffectis mostobviouswhenP(e*|ct) = P(et|c™) = 1,

yieldingaceiling effectwith no statisticaleveragg3], butalsooccursto alesseextentfor

P(e*|e™) < 1. While x? generallyapproximateshesupportmodelrathemwell, it alsofails

to explainthecasesvith P(e*|ct) = P(et|c™), whichalwaysyield y* = 0. Thesuperior
fit of thesupportmodelis reflectedn its correlationwith thedata,giving R? = 0.95 while

thepower A P, andy?modelsgave R? valuesof 0.81, 0.82, and0.82 respectively

Figure3 showsresultsfrom anexperimentconductedy Loberand Shankd6], designed
to explorethetrendin BuehnerandChengs experimenthatwaspredictedoy A P butnot
by the powermodel. Columns4-7 replicatedthe monotonicincreasen P(C—FE) when
P(e*|ct) remainconstanat1.0but P(et|c™ ) decreaseshistimewith 28 casesn which
C occurredand28in whichC' did notoccur Columnsl-3showasecondsituationin which
the predictionsof the powermodelare constantput judgementf P(C'—F) increase.
Columns8-10featurethreescenariosvith equalA P, for which the causalpowermodel
predictsa decreasingrend. Theseeffectswereexploredby presentinga total of 60 trials,
ratherthanthe56 usedin Columns4-7. Foreachof thesarendsthe A P modeloutperforms
the causapowermodel,with overall R? valuesof 0.96 and0.36 respectivelyHowever it
is importantto notethatthe responsesf the humansubjectsn columns8-10 (contingen-
cies{1.00,0.60}, {0.80,0.40}, {0.40,0.00}) arenot quite consistentith the predictions
of AP: theyshowaslightU-shapedon-linearity with P(C'— E) judgedto besmallerfor
0.80, 0.40 thanfor eitherof theextremecasesThistrendis predictedoy thecausabupport
modelandits y? approximationhoweveywhich bothgive theslightly better 22 of 0.99.

Figure4 showsdatathatwe collectedin a similar survey aimingto explorethis non-linear
effectin greaterdepth.35 studentsn anintroductorypsychologyclasscompletedhe sur

vey for partial coursecredit. They eachprovideda judgmentof P(C'—FE) in 14 different
medicalscenariosyhereinformationaboutP (e*|c*) andP (e ™ |c™) wasprovidedn terms
of howmanymicefrom asampleof 100expressed particulargene.Columnsl-3,5-7,and
9-11 showcontingencystructureslesignedo elicit U-shapedrendsn P(C'—E). Columns
4and8giveintermediatevaluesalsoconsistentvith theobserveaon-linearity Columnl4

attemptedo explorethe effectsof manipulatingsamplesize,with a contingencystructure
of {7/7,93/193}. In eachcase we observedhe predictednonlinearity:in a setof situa-
tionswith the sameA P, the situationsinvolving lessextremeprobabilitiesshowreduced
judgmentof P(C—F) . Thesenon-linearitiesarenot consistentvith the A P model,but



arepredictecby bothcausabupportandy?. A P actuallyachievesicorrelationcomparable
tox? (R? = 0.92 for bothmodels)oecaus¢henon-lineareffectscontributeonly weaklyto
thetotal variance.The supportmodelgivesaslightly worsefit thany?, R? = 0.80, while
the powermodelgivesa pooraccounof thedata,R? = 0.38.

4 Conclusions and futuredirections

In eachof the studiesabove,the structuralinferencemodelsbasedon causalsupportor

x? consistentlyoutperformedthe parameterestimationmodels, AP and causalpower

While causalpowerand A P were eachcapableof capturingcertaintrendsin the data,
causalsupportwasthe only modelcapableof predictingall the trends. For the third data
set,yv? provideda significantlybetterfit to the datathandid causalsupport. This finding

meritsfutureinvestigationin a studydesignedo teaseaparty? andcausakupport;jn any
casedueto the closerelationshipbetweerthe two models this resultdoesnot undermine
our claimthatprobabilisticstructuralinferencesarecentralto humancausainduction.

Oneuniqueadvantagef theBayesiarcausakupporimodelis its ability to drawinferences
from very few observations.We havebeguna line of experimentsinspiredby Gopnik,
Sobel& Glymour (submitted)to examinehow adultsrevisetheir causajudgmentsvhen
givenonly oneor two observationgatherthanthelargesamplesisedin theabovestudies.
In onestudy subjectswverefacedwith a machinethatwould inform themwhethera pen-
cil placeduponit contained'superlead’or ordinarylead. Subjectsvereeithergivenprior
knowledgethatsuperleadvasrareor thatit wascommon.Theywerethengiventwo pen-
cils, analogoudo B andC' in Figurel, andaskedto ratehow likely thesepencilswereto
havesuperleadthatis, to causethe detectorto activate. Meanresponseseflectedthe in-
ducedprior. Next, theywereshownthatthe superleadietectorespondedvhen B andC'
weretestedogetherandtheir causaratingsof both B andC' increasedFinally, theywere
shownthat B setoff thesuperleadietectoronits own,andcausakatingsof B increasedo
ceilingwhile ratingsof C' returnedo their prior levels. This situationis exactlyanalogous
tothatexploredn themedicaltasksdescribedbove andpeoplevereableto performaccu-
ratecausainductionsgivenonly onetrial of eachtype. Of themodelswe haveconsidered,
only Bayesiarcausalsupportcanexplainthis behavior by allowing the prior in Equation
11 to adaptdependingon whethersuperleads rareor common.

We alsohopeto look at inferencesaboutmore complexcausaktructuresjncludingthose
with hiddenvariables With justasinglecausecausabkupportandy? arehighly correlated,
butwith morecomplexstructuresthe Bayesiarcomputatiorof causakupportbecomesn-
creasinglyintractablewhile the y? approximatiorbecomesessaccurate Throughexper
imentswith more complexstructureswe hopeto discoverwhereand how humancausal
inductionstrikesa balancebetweermponderousationalityandefficient heuristic.

Finally, we shouldstressthat despitethe superiorperformancef the structuralinference
modelshere,in manysituationsestimatingcausaktrengthparameterss likely to bejustas
importantasinferring causaktructure.Our hopeis thatby usinggraphicaimodelsto relate
andextenduponexistingaccount®of causainduction,we haveprovideda frameworkfor

exploringtheinterplaybetweerthe differentkinds of judgmentghatpeoplemake.
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