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Abstract

Weusegraphicalmodelsto explorethequestionof howpeoplelearnsim-
ple causalrelationshipsfrom data.Thetwo leadingpsychologicaltheo-
riescanbothbeseenasestimatingtheparametersof a fixed graph.We
arguethat a completeaccountof causalinductionshouldalsoconsider
how peoplelearntheunderlyingcausalgraphstructure,andwepropose
to modelthis inductiveprocessasaBayesianinference.Ourargumentis
supportedthroughthediscussionof threedatasets.

1 Introduction

Causalityplaysa centralrole in humanmentallife. Ourbehaviordependsuponourunder-
standingof thecausalstructureof our environment,andwe areremarkablygoodat infer-
ring causationfrom mereobservation.Constructingformal modelsof causalinductionis
currentlya majorfocusof attentionin computerscience[7], psychology[3,6], andphilos-
ophy[5]. This paperattemptsto connecttheseliteratures,by framingthedebatebetween
two majorpsychologicaltheoriesin thecomputationallanguageof graphicalmodels.We
showthatexistingtheoriesequatehumancausalinductionwith maximumlikelihood pa-
rameterestimationonafixedgraphicalstructure,andwearguethatto fully accountfor hu-
manbehavioraldata,we mustalsopostulatethatpeoplemakeBayesianinferencesabout
theunderlyingcausalgraphstructureitself.

Psychologicalmodelsof causalinductionaddressthequestionof how peoplelearnasso-
ciationsbetweencausesandeffects,suchas �������
	�� , theprobabilitythatsomeevent �
causesoutcome	 . This questionmight seemtrivial at first; why isn’t �����
�
	�� simply��������� ����� , theconditionalprobabilitythat 	 occurs( 	������ asopposedto ��� ) giventhat� occurs?Butconsiderthefollowing scenarios.Threecasestudieshavebeendoneto eval-
uatetheprobabilitythatcertainchemicals,wheninjectedinto rats,causecertaingenesto
beexpressed.In case1, levelsof gene1 weremeasuredin 100ratsinjectedwith chem-
ical 1, aswell asin 100uninjectedrats;cases2 and3 wereconductedlikewisebut with
differentchemicalsandgenes.In case1, 40 out of 100 injectedratswerefound to have
expressedthegene,while 0 out of 100uninjectedratsexpressedthegene.We will denote
theseresultsas

����� �"!��#�"$%�#�&!�� � � . Case2 producedtheresults
�('#�"!��#�&$)� �"!�� � � , while case

3 yielded
�+* ,#�"!��#�&$-�/.#�"!��(� � . Foreachcase,wewouldlike to knowtheprobabilitythatthe

chemicalcausesthegeneto beexpressed,�������
	
� , where� denotesthechemicaland 	
denotesgeneexpression.



Peopletypically rate �0�����1	�� highestfor case1, followedby case2 andthencase3. In an
experimentdescribedbelow, thesecasesreceivedmeanratings(ona0-20scale)of

!��3254/67258
,8"25.961254

, and
�325496125'

, respectively. Clearly �������1	
�;:�<�0�����=� ���9� , becausecase3 hasthe
highestvalueof �0�����=� ���9� but receivesthelowestratingfor �������
	�� .
The two leading psychologicalmodels of causalinduction elaborateupon this basis
in attemptingto specify �������>	�� . The ?7� model [6] claims that peopleestimate�������
	�� accordingto ?7���<�0��� � � � � �A@B�0��� � � � � � 2 (1)

(Werestrictourattentionhereto facilitatorycauses,in whichcase?7� is alwaysbetween0
and1.) Equation1 capturestheintuitionthat � isperceivedtocause	 to theextentthat � ’s
occurenceincreasesthelikelihoodof observing	 . Recently, Cheng[3] hasidentifiedsev-
eralshortcomingsof ?7� andproposedthat �0�����>	�� insteadcorrespondsto causal power,
theprobabilitythat � produces	 in theabsenceof all othercauses.Formally, thepower
modelcanbeexpressedas: CED(FHGJI � ?7�! @
����� � � � � � 2 (2)

Therearea varietyof normativeargumentsin favor of eitherof thesemodels[3,7]. Em-
pirically, however, neithermodelis fully adequateto explainhumancausalinduction.We
will presentampleevidencefor this claimbelow, but for now, thebasicproblemcanbeil-
lustratedwith the threescenariosabove. While peoplerate �������
	
� higherfor case2,�
7/100,0/100� , thanfor case3,

�
53/100,46/100� , ?7� ratesthemequallyandthe power

modelrankscase3 overcase2. To understandthisdiscrepancy, wehaveto distinguishbe-
tweentwo possiblesensesof �������1	�� : “theprobabilitythatC causesE (onanygiventrial
whenC is present)”versus“the probabilitythatC is a causeof E (in general,asopposed
to beingcausallyindependentof E)”. Ourclaimis thatthe ?7� andpowermodelsconcern
only theformersense,while people’s intuitionsabout �������>	�� areoftenconcernedwith
thelatter. In our example,while theeffect of � on anygiventrial in case3 maybeequal
to (accordingto ?7� ) or strongerthan(accordingto power)its effect in case2, thegeneral
patternof resultsseemsmorelikely in case2 thanin case3 to bedueto a genuinecausal
influence,asopposedtoaspuriouscorrelationbetweenrandomsamplesof two independent
variables.In thefollowing section,weformalizethisdistinctionin termsof parameteresti-
mationversusstructurelearningonagraphicalmodel.Section3thencomparestwovariants
of our structurelearningmodelwith theparameterestimationmodels( ?7� andpower)in
light of datafrom threeexperimentsonhumancausalinduction.

2 Graphical models of causal induction

The languageof causalgraphicalmodelsprovidesa usefulframeworkfor thinking about
people’s causalintuitions[5,7]. All theinductionmodelswe considerherecanbeviewed
ascomputationsonasimpledirectedgraph( K I)L�C"MEN in Figure1). Theeffect node	 is the
child of two binary-valuedparentnodes: � , the putativecause,and O , a constantback-
ground.Let PQ�SRT� N $ 	 N)U $�2�2�2%$ RV�XW $ 	�W U denotea sequenceof Y trials in which � and	 areeachobservedto bepresentor absent;O is assumedto bepresenton all trials. (To
keepnotationconcisein thissection,weuse1 or 0 in additionto � or � to denotepresence
or absenceof anevent,e.g. �[Z\� !

if thecauseis presentonthe ] th trial.) Eachparentnode
is associatedwith aparameter, ^X_ or ^�` , thatdefinesthestrengthof its effecton 	 . In the



?7� model,theprobabilityof 	 occuringis a linearfunctionof � :a ��� � � �(b%^ _ $ ^ ` ���c^ _ed ^ `gf � 2 (3)

(Weuse
a

todenotemodelprobabilitiesand � for empiricalprobabilitiesin thesampleP .)
In thecausalpowermodel,asfirst shownby Glymour[5], 	 is a noisy-ORgate:a ��� � � ��b)^X_ $ ^�`9�9� ! @h� ! @1^X_=�[� ! @1^�`��-i 2 (4)

2.1 Parameter inferences: ?7� and Causal Power

In this framework,boththe ?7� andpowermodel’spredictionsfor �������
	�� canbeseen
asmaximumlikelihoodestimatesof thecausalstrengthparameter^�` in K I)L(C&MjN , butunder
differentparameterizations.Foreithermodel,theloglikelihoodof thedatais givenby

k �TP
� ^ _ $ ^ ` �l� Wm Zon Njp D#q�r � a ��� Z � � Z �-�-s[t�� ! @ a ��� Z � � Z �-� N � s%tou (5)

� Wm Zon N �JZ p D#q a ����Z�� �%Z�� d � ! @v�JZ�� p D q � ! @ a ����Z�� �%ZT�w� $ (6)

wherewehavesuppressedthedependenceof
a ��� Z � � Z � on ^ _ $ ^ ` . Breakingthissuminto

four parts,onefor eachpossiblecombinationof
� ��� $ �(�x� and

� ��� $ ���x� thatcouldbeob-
served,

k �VPB� ^ _ $ ^ ` � canbewrittenas

Yy�0�����9�7z5��������� ���9� p D#q a �����{� ���9� d � ! @v�������|� �J�}�w� p D#q � ! @ a �����{� ���9�-�V~ (7)d Y��������}�7z5��������� ���\� p D#q a �����{� ���\� d � ! @
��������� ���}�-� p D q � ! @ a �����{� ���9�-�V~
By theInformationinequality[4], Equation7 is maximizedwhenever̂ _ and ^ ` canbe
chosento makethemodelprobabilitiesequalto theempiricalprobabilites:a ��� � � � � b%^X_ $ ^�`9��� ����� � � � � � $ (8)a ��� � � � � b%^ _ $ ^ ` ��� ����� � � � � � 2 (9)

To showthatthe ?7� model’spredictionsfor �0�����>	�� correspondto maximumlikelihood
estimatesof ^ ` undera linearparameterizationof K I%L(C"M N , we identify ^ ` in Equation3
with ?7� (Equation1), and ^ _ with �������{� ���\� . Equation3 thenreducesto �������{� ���9� for
thecase�{����� (i.e., �{� !

) andto �������|� �+��� for thecase�|����� (i.e., �{� �
), thussatis-

fying thesufficientconditionsin Equations8-9 for ^ _ and ^ ` to bemaximumlikelihood
estimates.To showthatthecausalpowermodel’spredictionsfor �������
	�� correspondto
maximumlikelihood estimatesof ^ ` undera noisy-ORparameterization,we follow the
analogousprocedure:identify ^�` in Equation4 with power(Equation2), and ^X_ with��������� ���}� . ThenEquation4 reducesto ��������� ���9� for �����J� andto �������|� �+��� for ���c��� ,
againsatisfyingtheconditionsfor ^X_ and ^�` to bemaximumlikelihoodestimates.

2.2 Structural inferences: Causal Support and �9�
Thecentralclaim of this paperis thatpeople’s judgmentsof �����
�
	�� reflectsomething
otherthanestimatesof causalstrengthparameters– thequantitiesthatwehavejust shown
to becomputedby ?7� andthepowermodel.Rather, people’s judgmentsmaycorrespond
to inferencesabouttheunderlyingcausalstructure,suchastheprobabilitythat � is adirect



causeof 	 . In termsof thegraphicalmodelin Figure1, humancausalinductionmaybe
focusedontrying to distinguishbetweenK I%L(C"M�N , in which � is aparentof 	 , andthe“null
hypothesis”of K I)L(C&M3� , in which � is not.

ThisstructuralinferencecanbeformalizedasaBayesiandecision.Let � ` beabinaryvari-
ableindicatingwhetheror notthelink ���
	 existsin thetruecausalmodelresponsiblefor
generatingourobservations.Wewill assumeanoisy-ORgate,andthusourmodelisclosely
relatedto causalpower. However, we proposeto modelhumanestimatesof �����
�
	�� as
causal support, thelogposterioroddsin favorof K I)L(C&MjN ���3`g� ! � over K I)L�C"M"� ���3`1� � � :

�-�&C"C3D I-� � p D q �0���E`�� ! � Pe��0���E`�� � � Pe� 2 (10)

Via Bayes’rule,wecanexpress����� ` � ! � Pe� in termsof themarginal likelihoodor evi-
dence, ���VP
� � ` � ! � , andtheprior probabilitythat � is a causeof 	 , ����� ` � ! � :

�����3`g� ! � Pe���<�0�TP
� �3`g� ! �-�����3`�� ! � 2 (11)

For now, we take �����E`�� ! ���������3`�� � ��� !�� �
. Computingtheevidencerequires

integratingthelikelihood ���TP
� ^X_ $ ^�`9� overall possiblevaluesof thestrengthparameters:

�0�TP
� �3`g� ! �9�<� N� � N� ���TP
� ^X_ $ ^�`9�3����^X_ $ ^�`�� �3`g� ! �\�/^X_��/^�` 2 (12)

Wetake�j��^X_ $ ^�`�� �3`g� ! � tobeauniformdensity, andwenotethat �j�VP
� ^X_ $ ^�`�� is sim-
ply theexponentialof

k �TP
� ^X_ $ ^�`9� asdefinedin Equation5. ���VP
� �E`1� � � , themarginal
likelihood for K I)L�C"M3� , is computedsimilarly, but with the prior �j��^X_ $ ^�`=� �E`�� ! � in
Equation12 replacedby �j��^X_�� �E`�� � �-� ��^�`x� . We againtake �j��^X_�� �3`�� � � to beuni-
form. TheDiracdeltadistributionon ^�`�� �

enforcestherestrictionthat the ���
	 link
is absent.By makingtheseassumptions,weeliminatetheneedfor anyfreenumericalpa-
rametersin ourprobabilisticmodel(in contrastto a similarBayesianaccountproposedby
Anderson[1]).

Becausecausalsupportdependson the full likelihood functionsfor both K I%L(C"M�N andK I%L(C"M3� , we may expectthe supportmodelto bemodulatedby causalpower– which is
basedstrictlyonthelikelihoodmaximumestimatefor K I%L(C"MEN –butonly in interactionwith
otherfactorsthatdeterminehowmuchof theposteriorprobabilitymassfor ^�` in K I)L(C&M N
is boundedawayfrom zero(whereit is pinnedin K I)L�C"M3� ). In general,evaluatingcausal
supportmay requirefairly involved computations,but in the limit of large Y andweak
causalstrengtĥ�` , it canbeapproximatedby the familiar �}� statisticfor independence,Y�� iw� sH���\� iw� s-� � ���-� iw� s-�o�o��/�-� iw� sw� . Here � � ��� $ �������������-�0����� is the factorizedapproximationto����� $ ��� , whichassumes� and 	 to beindependent(astheyarein K I%L(C"ME� ).
3 Comparison with experiments

In this sectionwe examinethe strengthsandweaknessesof the two parameterinference
models,?7� andcausalpower, andthetwo structuralinferencemodels,causalsupportand� � , asaccountsof datafrom threebehavioralexperiments,eachdesignedto addressdif-
ferentaspectsof humancausalinduction.To compensatefor possiblenonlinearitiesin peo-
ple’suseof numericalratingscalesonthesetasks,all modelpredictionshavebeenscaledby
power-law transformations,�j�� 3��� �-¡�q#¢ �� E���  9� £ , with ¤ chosenseparatelyfor eachmodel



andeachdatasetto maximizetheir linear correlation. In the figures,predictionsareex-
pressedoverthesamerangeasthedata,with minimumandmaximumvaluesaligned.

Figure2 presentsdatafrom a studyby Buehner& Cheng[2], designedto contrastthepre-
dictionsof ?7� andcausalpower. Peoplejudged�������1	
� for hypotheticalmedicalstudies
muchlike thegeneexpressionscenariosdescribedabove,seeingeightcasesin which � oc-
curredandeightin which � did notoccur. Sometrendsin thedataareclearlycapturedby
thecausalpowermodelbutnotby ?7� , suchasthemonotonicdecreasein �������1	�� from��! 25�#�"$%�"25' * � to

��25�#*&$)�&2 � � � , as ?7� staysconstantbut �0�����{� ���\� (andhencepower)de-
creases(columns6-9). Othertrendsareclearlycapturedby ?7� butnotby thepowermodel,
like themonotonicincreasein �������
	
� as �0�����{� ���9� staysconstantat1.0but �0�����=� ���9�
decreases,from

��!#25� �"$�!#25�#� � to
��! 2 � �"$%�"25�#� � (columns1, 6, 10, 13, 15). However, oneof

themostsalienttrendsis capturedby neithermodel:thedecreasein �������1	�� as ?7� stays
constantat 0 but ��������� ���}� decreases(columns1-5). The causalsupportmodelpredicts
this decrease,aswell astheothertrends.Theintuition behindthemodel’s predictionsfor?7�c� �

is thatdecreasingthebaserate ��������� ���\� increasestheopportunityto observethe
cause’s influenceandthusincreasesthestatisticalforcebehindtheinferencethat � doesnot
cause	 , given ?7��� �

. This effect is mostobviouswhen �0�����{� ���9�{�¥�������{� ���\�{� !
,

yieldingaceilingeffectwith nostatisticalleverage[3], butalsooccursto a lesserextentfor��������� ���}�X¦ !
. While �9� generallyapproximatesthesupportmodelratherwell, it alsofails

to explainthecaseswith �������{� ���9�9�<�������|� �+��� , whichalwaysyield �}��� �
. Thesuperior

fit of thesupportmodelis reflectedin its correlationwith thedata,giving §;��� �"254#*
while

thepower, ?7� , and �}� modelsgave §;� valuesof
�&2 8&!

,
�"258#�

, and
�"258#�

respectively.

Figure3 showsresultsfrom anexperimentconductedby LoberandShanks[6], designed
to explorethetrendin BuehnerandCheng’sexperimentthatwaspredictedby ?7� butnot
by the powermodel. Columns4-7 replicatedthe monotonicincreasein �������
	�� when��������� ����� remainsconstantat1.0but ��������� �+�}� decreases,thistimewith 28casesin which� occurredand28in which � didnotoccur. Columns1-3showasecondsituationin which
the predictionsof the powermodelareconstant,but judgementsof �������
	�� increase.
Columns8-10 featurethreescenarioswith equal ?7� , for which the causalpowermodel
predictsa decreasingtrend.Theseeffectswereexploredby presentinga total of 60 trials,
ratherthanthe56usedin Columns4-7. Foreachof thesetrendsthe ?7� modeloutperforms
thecausalpowermodel,with overall § � valuesof

�"254 .
and

�"25, .
respectively. However, it

is importantto notethattheresponsesof thehumansubjectsin columns8-10(contingen-
cies

��! 2 � �"$%�"25.#� � $%�(�"2 8#�"$w�"2 �/� � $%�+�&2 ���&$-�"2 �#� � ) arenot quiteconsistentwith the predictions
of ?7� : theyshowaslightU-shapednon-linearity, with �0�����>	�� judgedto besmallerfor�"258 �"$%�"2 ���

thanfor eitherof theextremecases.Thistrendis predictedby thecausalsupport
modelandits �}� approximation,however, whichbothgive theslightly better §;� of 0.99.

Figure4 showsdatathatwecollectedin asimilar survey, aimingto explorethisnon-linear
effect in greaterdepth.35 studentsin anintroductorypsychologyclasscompletedthesur-
vey for partialcoursecredit. Theyeachprovideda judgmentof �������
	
� in 14 different
medicalscenarios,whereinformationabout��������� ���9� and�������{� ���\� wasprovidedin terms
of howmanymicefromasampleof 100expressedaparticulargene.Columns1-3,5-7,and
9-11showcontingencystructuresdesignedtoelicit U-shapedtrendsin �������
	�� . Columns
4and8giveintermediatevalues,alsoconsistentwith theobservednon-linearity. Column14
attemptedto exploretheeffectsof manipulatingsamplesize,with a contingencystructure
of

�('#� '"$%4#,#�&!�4 , � . In eachcase,we observedthepredictednonlinearity: in a setof situa-
tionswith thesame?7� , thesituationsinvolving lessextremeprobabilitiesshowreduced
judgmentsof �������>	�� . Thesenon-linearitiesarenot consistentwith the ?7� model,but



arepredictedbybothcausalsupportand� � . ?7� actuallyachievesacorrelationcomparable
to �9� ( §���� �"254#�

for bothmodels)becausethenon-lineareffectscontributeonly weaklyto
thetotalvariance.Thesupportmodelgivesa slightly worsefit than �9� , §��|� �&2 8 �

, while
thepowermodelgivesa pooraccountof thedata,§;��� �"25,#8

.

4 Conclusions and future directions

In eachof the studiesabove,the structuralinferencemodelsbasedon causalsupportor�}� consistentlyoutperformedthe parameterestimationmodels, ?7� and causalpower.
While causalpowerand ?7� wereeachcapableof capturingcertaintrendsin the data,
causalsupportwastheonly modelcapableof predictingall the trends.For the third data
set, �}� provideda significantlybetterfit to thedatathandid causalsupport.This finding
meritsfutureinvestigationin a studydesignedto teaseapart�}� andcausalsupport;in any
case,dueto thecloserelationshipbetweenthetwo models,this resultdoesnot undermine
ourclaimthatprobabilisticstructuralinferencesarecentralto humancausalinduction.

Oneuniqueadvantageof theBayesiancausalsupportmodelis its ability to drawinferences
from very few observations.We havebeguna line of experiments,inspiredby Gopnik,
Sobel& Glymour(submitted),to examinehowadultsrevisetheir causaljudgmentswhen
givenonly oneor two observations,ratherthanthelargesamplesusedin theabovestudies.
In onestudy, subjectswerefacedwith a machinethatwould inform themwhethera pen-
cil placeduponit contained“superlead”or ordinarylead.Subjectswereeithergivenprior
knowledgethatsuperleadwasrareor thatit wascommon.Theywerethengiventwo pen-
cils, analogousto O and � in Figure1, andaskedto ratehow likely thesepencilswereto
havesuperlead,that is, to causethedetectorto activate.Meanresponsesreflectedthe in-
ducedprior. Next, theywereshownthat thesuperleaddetectorrespondedwhen O and �
weretestedtogether, andtheircausalratingsof both O and � increased.Finally, theywere
shownthat O setoff thesuperleaddetectoron its own,andcausalratingsof O increasedto
ceilingwhile ratingsof � returnedto theirprior levels.Thissituationis exactlyanalogous
to thatexploredin themedicaltasksdescribedabove,andpeoplewereableto performaccu-
ratecausalinductionsgivenonly onetrial of eachtype.Of themodelswehaveconsidered,
only Bayesiancausalsupportcanexplainthis behavior, by allowing theprior in Equation
11 to adaptdependingonwhethersuperleadis rareor common.

We alsohopeto look at inferencesaboutmorecomplexcausalstructures,includingthose
with hiddenvariables.With justasinglecause,causalsupportand�9� arehighly correlated,
butwith morecomplexstructures,theBayesiancomputationof causalsupportbecomesin-
creasinglyintractablewhile the �}� approximationbecomeslessaccurate.Throughexper-
imentswith morecomplexstructures,we hopeto discoverwhereandhow humancausal
inductionstrikesa balancebetweenponderousrationalityandefficient heuristic.

Finally, we shouldstressthatdespitethesuperiorperformanceof thestructuralinference
modelshere,in manysituationsestimatingcausalstrengthparametersis likely to bejustas
importantasinferringcausalstructure.Ourhopeis thatby usinggraphicalmodelsto relate
andextenduponexistingaccountsof causalinduction,wehaveprovideda frameworkfor
exploringtheinterplaybetweenthedifferentkindsof judgmentsthatpeoplemake.
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Figure 1: Different theories of human causal
induction expressed as different operations on
a simple graphical model. The ∆P and power
models correspond to maximum likelihood 
parameter estimates on a fixed graph (Graph1), 
while the support model corresponds to a 
(Bayesian) inference about which graph is the 
true causal structure.

²³²²³²²³²
B C

E

wCwB ´³´´³´´³´ B C

E

wB

Graph1
 (hC = 1)

Graph0
 (hC = 0)

Model         Form of P(e|b,c)      P(C−>E) 

∆P                Linear                        wC 

Power          Noisy OR−gate         wC

Support        Noisy OR−gate         log
 P(hC = 1)

 P(hC = 0)

Figure 2: Computational models compared with the
performance of human participants from Buehner and
Cheng [1], Experiment 1B. Numbers along the top
of the figure show stimulus contingencies.

Figure 3: Computational models compared 
with the performance of human participants 
from Lober and Shanks [5], Experiments 
4−6.

Figure 4: Computational models compared with the
performance of human participants on a set of stimuli 
designed to elicit the non−monotonic trends shown in 
the data of Lober and Shanks [5]. 
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