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Abstract

The investigation of probabilistic causality has beenplagued by a va-
riety of misconceptions and misunderstandings. One has been the
thought that the aim of the probabilistic account of causality is the
reduction of causal claims to probabilistic claims. Nancy Cartwright
(1979) has clearly rebutted that idea. Another ill-conceived idea con-
tinues to haunt the debate, namely the idea that contextual unanim-
it y can do the work of objective homogeneity. It cannot. We argue
that only objective homogeneity in combination with a causal inter-
pretation of Bayesian networks can provide the desired criterion of
probabilistic causality.
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1 In tro duction

The early work on probabilistic causality, especially that of Salmon (1980)
andSuppes(1970),madeclearthat weneedto discriminateamongpurported
causal factors, all of which have a probabilistic impact on an e®ect,ruling
out those which are screenedo® by common ancestors. Subsequently, it
alsobecameclear that such a degreeof discrimination was insu±cient, that
the context in which probabilistic impacts are found must be more acutely
observed. The Contextual Unanimity Thesis(CUT) emergedas the leading
proposalfor sifting out thosefactorswhich promote (or prevent) somee®ect.
CUT is the ideathat causesarecontext-independent. It claimsthat C causes
E only if C raises the probability of E acrossall homogeneousreference
classescreated by a partition using all other factors causally relevant for
E.1 This thesis has been endorsedby many of those attempting to make
senseof the conceptof probabilistic causality|among others,by Cartwright
(1979),Skyrms (1980),Eells and Sober (1983),Humphreys(1989) and (in a
weakenedform) Cartwright again (1989). According to this requirement, we
shouldnot say that imbibing a poisoncausesdeath if, in fact, there is a perfect
antidote, for in the referenceclass of those treated with the antidote the
poisonis ine±cacious,which result defeatsthe causalclaim. This may seem
like an odd requirement to imposeupon causaltalk, for there seemsnearly
always to be available somereferenceclass in which a putativ e causewill
fail to raisethe probability of its e®ect:namely, the referenceclassin which
the object, thing, or space-timeslice of interest is going to be immediately
obliterated, before the causalmechanism can operate to completion. Thus,
we should say that ¯ring squadsfail to causethe deaths of their victims,
sincean imminent heart attack could preempt that eventualit y.2

A plausible response,and defenseof CUT, could invoke conversational
implicature, ruling out pre-emptive or other annoying causal factors which
are clearly, by conversational context, meant to be ruled out. But such ma-
neuvering aims to save unanimity theory in order to account for ordinary
language. Probabilistic causality is not primarily an ordinary languagein-
vestigation,asthe long history in ordinary discourseof assumingthat causes
are su±cient for their e®ectssurely demonstrates. CUT is, at best, a poor
aid in understandingordinary languagecausaltalk, whereasthe conceptof
objective homogeneity doesthe real work in helping us make senseof prob-
abilistic causality, if only in combination with a known causalstructure.3

First we needto clarify someof the terms of the discussion,beforeturning
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to a critique of CUT. Our interest is the conditionsfor C beinga probabilistic
causeof E. The relevant concept of probability is that of physical proba-
bilit y or objective chance,presumablyunder a propensity interpretation (or,
perhaps,frequenciesin an in¯nite hypothetical sequenceof trials | the ex-
act story is not the issuehere). We are not directly concernedwith token
causality | the conditions for a token event to be a token causeof another
token event | but with type causality, such aswhether smokingcauseslung
cancer.4

We discuss,and distinguish, two conceptsthat somemay have confused:
contextual unanimity and objective homogeneity. Both appeal to popula-
tions of events and their partitions. The cells in a partition are types of
events, in particular, events which sharesome¯xed set of values.5 Both con-
textual unanimity and objective homogeneity begin with a partition where
each cell (alternatively: subpopulation, referenceclass,or context) is homo-
geneous for the e®ect. A cell H i is homogeneous for an e®ectE if there
is no computable-beforehandproperty A which makes a di®erenceto the
probability of E for events in the cell.6

There are two basicconceptsof homogeneity, namely:

Ob jectiv e Homogeneit y : A population (or subpopulation) H i is objec-
tiv ely homogeneousfor an e®ectE if there is no computable-beforehand
property A which makesa di®erenceto the probability of E. That is,
for any such A within H i , P(E jA) = P(EjA).

Epistemic Homogeneit y : A population (or subpopulation) is epistemi-
cally homogeneousfor an e®ectE if wedo not know, of any computable-
beforehandproperty A, that it makesa di®erenceto the probability of
E.

When we areacting aspractical investigatorsof causality, we areconstrained
by the limits of our knowledge,so epistemichomogeneity has a role to play
in accounting for scienti¯c method and pragmatic judgment. But, on our
view, objective homogeneity is the regulative conceptrequired for analyzing
the goal of our methodologicale®orts,namely causalstructure.

Employing causalBayesiannetworks(treated in moredetail subsequently),
we can, in fact, introducea third kind of epistemichomogeneity that explic-
itly re°ects this regulative role of objective homogeneity:

Mo del Homogeneit y : Given a causalmodel M , a population (or subpop-
ulation) identi¯ed by a set of observed variables O in M is homoge-
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neous for an e®ectE if there is no other variable in M which is a
non-descendent of E and the observation of which makesa di®erence
to the probability of E.

If our understandingof the causalstructure of the world canberepresented in
a causalmodel, then our current bestunderstandingof homogeneouscontexts
or subpopulations is given by its model homogeneities. As we learn more
about the world wedevelopand re¯ne our bestmodels,and our epistemically
homogeneousreferenceclassesget re¯ned in turn. We may reasonablyhope
that a sequenceof such re¯nements is aimed at the truth, which is the set
of model homogeneitiesfor the true causalmodel. In the meantime, prior
to Keynes's limit, we work with models that are false and our epistemic
homogeneitiesmay well misleadus. Such is the fate of every inductive agent.

Note that, just as in WesleySalmon'searly work on statistical relevance
(1974), homogeneity (of every kind) is concernedwith quantities: it is es-
sential for homogeneity to obtain that the probabilities do not deviate. One
of the attractions of CUT is that it has far laxer standards | simply that
di®erencesin probability acrosscontexts all pull in the samedirection, at
whatever magnitude. We shall argue that the attractiv enessof laxit y is
strictly super¯cial.

2 Unanimit y and Homogeneit y

Contextual unanimity is properly de¯ned in terms of objective homogeneity
(cf. Eells 1985):

Con textual Unanimit y : A population is contextually unanimous for
C with respect to E if and only if in all cells (contexts) H i in an
objectively homogeneouspartition 7 P(EjC) > P(EjC):

The corresponding thesis is the claim that causesare properly identi¯ed in
terms of unanimity. More formally,

Con textual Unanimit y Thesis (CUT): C causesE only if the back-
ground population is unanimous for C with respect to E.

Whereasunanimity theory supposesthat what is causallye±cacious(e.g.,
worthy of the rubric \causal power", in Cartwright's language)must be so
acrosscontexts, homogeneity theory adopts the exactly opposite position:
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that causalfactors are context-dependent and, to get the causalstory right,
we must relativize causal claims to a speci¯c context. Not only need the
causal powers push in the samegeneral direction, but they need to push
with the very samestrength. Anything lessdoes in fact averagedisparate
powers, which is not good enougheven for government work.8 Hence,our
initial thesis is:

Ob jectiv e Homogeneit y Thesis (OHT): C is causally relevant to E in
the homogeneouscontext H i only if, within H i , P(E jC) 6= P(EjC).

Objectivehomogeneity was¯rst championedby Salmon(1970)asa key to
statistical explanation. It takesseriouslythe relativization of causalclaims
to populations,advocatedby Eells (1988),perhapsmoreseriouslythan Eells
did himself. The requirement of OHT is that causalclaims be relativized to
objectively homogeneousreferenceclasses(the cells H i ), so that the intro-
duction of any further putativ e causalfactor cannot changethe probability
of the e®ectto any degreewhatsoever. If causalclaimsarenot sorelativized,
they can be arbitrarily wrong about the causalstrength (e®ectsize).

Note that whereasCUT is speci¯cally about a state C promoting the
outcomestate E, OHT is about whether variable C is causally relevant to
variable E. But whenever onestate of a variable is promoted, another must
be demoted, so when speaking of variables causingone another, causality
just is causalrelevance. It is also worth noting that one can always recover
the CUT verdict from the OHT conditions, but not the other way around.

There is a clear and direct relation betweenthe properties of contextual
unanimity and objective homogeneity. Unanimity is de¯ned in terms of ho-
mogeneity, sothere is a sensein which any casehaving the property of being
objectively homogeneousmust trivially alsohave the property of being con-
textually unanimous. That is, if we restrict our context to the single cell
satifying our objective homogeneity requirement, that context will be unan-
imous for the e®ect.Of course,the aim of CUT is to ¯nd a useful criterion
that generalizesbeyond such narrow contexts, sothe thesesaredistinct; OHT
is quite signi¯cantly stricter than CUT.

It is worth noting that a weaker versionof the homogeneity thesiscan be
had by substituting epistemic for objective homogeneity | that is, relying
upon the model homogeneitiesof our currently best model. This would
produce a criterion far easier to meet: it would require only that we not
knowof any causalfactor which could partition the referenceclassto produce
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distinct probabilities of the e®ect. And it is surely true that as a practical
matter we areoften satis¯ed with epistemichomogeneity. Indeed,Dupr¶e and
Cartwright appear to believe that epistemichomogeneity is all that we can
ever have (Dupr¶e and Cartwright 1988,530):

But we have been arguing that however ¯nely we partition the
population, we cannot know from the statistics that we have any-
thing better than an averagecausalupshot.

Scienceprogresses,quite explicitly in the form of experimental methods,
from crudeepistemicallyhomogeneousclassesto identifying inhomogeneities
to more re¯ned models and so improved epistemically homogeneousclasses
(as we pointed out in Korb 1999). And in somecasesscienceprogressesto
what is arguably objectively homogeneous(cf. Bell's theorem). Thus, ob-
jective homogeneity providesthe metaphysical norm toward which epistemic
homogeneity can tend. Dupr¶e loudly denouncessuch a view ashiding behind
a \metaphysical ¯g leaf" (1993). But a denunciation is no counterargument.
If the history of sciencemakesanything clear, it is clear that a scienti¯c ex-
planation which omits unknown causalfactors may be wrong, discovered to
be wrong, and properly be replacedby an account which incorporatesthose
variables. Dupr¶e's dismissalof metaphysicswould simply leave theseknown
facts about sciencemysterious.

Objective homogeneity in OHT provides the stricter standard that can
make senseof our normative aspirations.

3 Problems with CUT

CUT fails to provide an adequatecriterion for probabilistic causality simply
becauseit is not strict enough. If we partition only as ¯nely as required to
satisfy contextual unanimity, we have e®ectively declaredthat causationhas
only direction but not strength. CUT is equivalent to creating a homoge-
neouspartition and then agglomeratingdisparate capacitiesto bring about
an e®ect,on the groundsthat they operate in the samedirection, regardless
of their strengths. As Dan Hausmanemphasizes,9 the appeal of CUT is that
it appearsto make causaltalk useful. Insteadof requiring us to identify , even
if only in principle, all the factors neededfor objective homogeneity, we can
take the morerelaxedapproach of identifying only such factorsasareneeded
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to forcea commoncausalbearing(direction of impact) on the e®ect.The dif-
¯cult y with this line of thought is two-fold. First, in non-microphysical cases
we are no closerpractically to locating those factors neededfor a common
causalbearing than we are to locating thoseneededfor objective homogene-
it y itself. If we canhappily assertthat smokingcausescancer,for example,it
is not becauseweknow that there areno countervailing forceswheresmoking
is neutral or evenpreventativ e for cancer.SoCUT fails evenasan account of
ordinary causaltalk. But second,this line of thought | aiming to account
for the utilit y of and/or the pragmatics of ordinary causallanguage| is a
diversion from giving a normative, metaphysical account of causation, and
not the very samething. If we can connect the distinct metaphysics and
epistemicsof causation,we will have achieved our goal.

Beyond the considerationsabout how causal talk works, CUT seemsto
have little going for it. If sometreatment raisesthe probability of survival
in onecategoryof cancerpatient by 300%and and in another by 5%, this is
not a trivial di®erenceto be paperedover by talk of \causal power". E®ect
sizematters! Indeed, the multiv ariate methods of statistics usedto analyze
contingency tables and make senseout of such casesunsurprisingly depend
explicitly on exact estimates of just such di®erences. A methodology for
causalinferencefoundedupon a metaphysicswhich ignoresthem would sim-
ply be a non-starter.

3.1 Varieties of Populations

Taking particular valuesof C and E, there are four kinds of population to
consider(where C abbreviatesC = c for somec, etc.):

1. Positiv e case: C raisesthe probability of E in all objectively homo-
geneouscells. In this casewe can say C promotesE, or sometimesjust
C causesE.

2. Negativ e case: C lowersthe probability of E in all objectively homo-
geneouscells. In this casewe can say C prevents E, and it is strictly
parallel to the positive case.

3. Mixed case: C raisesthe probability of E in somecells and lowers
the probability of E in others. Most real casesappear to be like this.

4. Neutral case: C is always irrelevant for E.
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The neutral casehas generally been taken to be non-problematic, with
the conclusionthat C is not a causeof E. Later, we seewherethis can fail.

In the mixed case,an uncompromisingCUT advocate would insist that
C is simply not a causeof E, regardlessof it having measurablee®ects.10

Eells' insistenceon relativizing to contextually unanimous subpopulations
in fact puts him partway between that extremism and OHT. Eells' view
absorbsall mixed casesinto oneof the other three cases,by relativizing the
causalclaim to some,but not all, the factors which identify an objectively
homogeneousreferenceclass. Under either interpretation, CUT is mixing
together distinct cells in the homogeneouspartition. Dupr¶e and Cartwright
correctly complainthat, despitethe unanimity requirement, all that wereally
have are \causal upshots" | an averageof a variety of causalpowers (even
though they happen to point in the samedirection).

As we just mentioned, this is a problem if we should like to make senseof
multiv ariate methods of causaldiscovery, which crucially depend upon e®ect
sizes(see,e.g., Korb and Nicholson 2003;Spirtes et al. 2000). It is also a
problem when we attempt to make senseof causalinteractions.

3.2 Mixtures and In teractions

In the linear caseone causeinteracts with another when the e®ectis not
simply the sum of independently operating causal forces. Contextual una-
nimit y does not have the tools to make senseof these causal interactions.
A strict CUT theorist must claim that causescannot interact, becauseac-
cording to CUT, neither positive nor negative causescan be interacting, and
mixed causesare not causesat all. But we all know that causesdo interact,
soEells and others have concludedthat interaction happenspreciselyin the
mixed case:where the valenceof a causereversesfrom positive to negative
acrosscontexts.

Yet mixed casesare neither necessarynor su±cient for causalinteraction.
They arenot necessarybecausecausesmay interact by reinforcingeach other
beyond their individual e®ects(synergyor potentiation), by preempting one
another, as well as by cancellingeach other out in an exclusive-or relation
(as, for example, alkali and acid can do). They are not su±cient because
you can get a valence-reversalwithout interaction, via dual (multiple) causal
pathways: for example,oral contraceptivesdo not interact with pregnancy
to provide a mixed casefor thrombosis | there is merely a multiple-path
dependency(seeFigure 1).

8



4 Problems with OHT

We shall now considersomeobjections to OHT. Glennan has recently ob-
jected that homogeneity forcesus only to treat fully speci¯ed complexesof
causal factors, which are unnatural and unwieldy; Dupr¶e and Cartwright
contend that homogeneity doesnot work in any case,sinceit fails for dual
capacity scenarios.Neither objection can be sustained| although the pos-
sibilit y of dual capacities (in the form of precisely counteracting multiple
pathways) will in the end force us to elaborate OHT with explicit reference
to causalstructure.

4.1 Glennan's Ob jection

In his discussionof contextual unanimity in the units of selectiondebate in
evolutionary theory, Glennan argues(2002,122):

if one requirescontext independence[i.e., contextual unanimity]
for an entit y to be a unit of selection,the unit of selectionwill
inevitably be the entire genome.

This for the reasonthat there is very widespreadinteraction acrossloci, with
allelesat somepotentially negatingor reversingthe developmental e®ectsat
others,and all in such a complexinterrelation that wecannotseriouslyexpect
the causalimpact on reproduction to be unanimouswithout accounting for
the entire nexus. Sowe will not get unanimity until we conjoin a great many
background conditions into the cause.Glennanconsidersthis an unwelcome
result sinceit appearsto trivialize the debateon units of selection.

But perhapsthat debateshould be trivialized. The samecriticism must
apply to OHT, as it is the more demandingrequirement. If ¯xing the entire
genomicbackground is required to achieve contextual unanimity, it will cer-
tainly also be required to ¯nd homogeneousreferenceclassesfor selection.
To be sure,OHT herehasa purely linguistic advantage over CUT: it asserts
causality of the single gene(so long as there is any H i where it makes a
di®erence),whereasCUT must assertcausality only of the conjunction of all
factors required to achieve unanimity.

The samepoint canbe put in a simpler domain than the units of selection
debate. Glennan alsosays (2002,124)
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Now it is possibleto accept this consequenceof contextual una-
nimit y | to say that generalizationslike the one that smoking
causescancerare false.

Presumably, if we homogenistsareconstrainedto deny such an evident truth
asthat smokingcausescancer,then weare in trouble. But wearenot. Taken
as a generalclaim, homogenistscan readily a±rm the e±cacy of smoking
becausethere is at leastonecontext in which it hasthe requisiteprobabilistic
impact. Taken as a speci¯c claim, we can say it is ambiguousand ask for a
context. Within a context its truth or falsity will be clear. In support of the
homogenist'streatment of the generalclaim, someplausible account, under
implicature, can be maderuling out known or easilyanticipated caseswhere
the causalpower of smokingis negatedor reversed.The samedefenseapplies
to Eells, though not to strict unanimists (if there are any). But this line of
considerationis irrelevant to the metaphysicsof causation.

Returning to the genome,it is entirely likely that a lesstrivializing ac-
count of the units of selectiondebatecan be madeout of pragmatic consid-
erations. In any case,as with smoking,we can certainly say that particular
allelescauseparticular characteristics, although no doubt only and always
in particular circumstanceswhich may never be fully accounted for. Objec-
tiv e homogeneity provides a regulative, normative account of causality and
not necessarilya pragmatic account accessiblein the short term. But rather
than dismissingthis verdict asa metaphysical pipe dream,why shouldn't we
believe that a Bayesian network that fully depicts the causal structure of,
say, human ontogeny would require variablesrepresenting every locus in the
human genome?It would surely require that | and more, sincehumansdo
not develop in a vacuum.

4.2 Dupr ¶e and Cart wrigh t's ob jection

Dupr¶e and Cartwright (1988, section 4) argue that Eells' relativization of
causalclaims to populations (and, by extension,ours to homogeneousrefer-
enceclasses)fails in the caseof dual capacities.WecanuseHesslow's famous
example(Hesslow 1976):

oral contraceptivesincreasethe risk of thrombosisin womenwho would not
otherwisehave becomepregnant, but decreasethat risk in womenwho would
otherwisehave becomepregnant.11
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Figure 1: Multiple paths to thrombosis

Of this example,Dupr¶e and Cartwright say (1988,529):

[This] criterion [unanimity and/or homogeneity] . . . yieldsthe con-
clusion that in this population contraceptives do not prevent
thrombosis (via prevention of pregnancy). The reason,we may
all agree,is trivial. We have held pregnancy¯xed. . .

If we hold pregnancy¯xed, then contraceptives can only reinforce the ten-
dencythat pregnancyhas(in onesubpopulation) to producethrombosis(and
with similar result in the other subpopulation). But this is obviously wrong,
as Dupr¶e and Cartwright immediately observe:

[Many] womenwill in fact havebeensavedfrom thrombosisby the
pills; without the pills they would probably havebecomepregnant
and run a high risk of thrombosis.

Well, of course!If you hold ¯xed thosewhoactually dobecomepregnant, etc.,
then you will run a very high risk of confusionin interpreting your experimen-
tal results. That is, in fact, the whole point behind Cartwright's re¯nement
of her causality condition, CC¤, elaborated in her Nature's Capacities and
their Measurement(1989). A homogeneousreferenceclasstraditionally does
not refer to intermediate e®ects(or any e®ectsin the future of C), though
it doesrequire referenceto the subjunctivelyidenti¯ed subpopulations (cap-
tured retrospectively by CC¤), such as those women who otherwise would
have become pregnant | as we have discussedat length elsewhere(Korb
1999).

By confusingthe subjunctiveand indicativemoods,Dupr¶eandCartwright
havewrongly concludedthat relativizing causalclaimsto homogeneousclasses
continuesto mix causalcapacities. Nevertheless,there are casesof dual ca-
pacities whereOHT fails.
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4.3 Causal Neutralit y in Simple Worlds

When we identify homogeneousreferenceclasseswe are consideringholding
¯xed all causally relevant factors prior to the one in question. Pregnancy
comesafter the factor in question (the pill). Of course, the subjunctive
property comesbefore, which is what we were relying upon. We do not
know preciselyhow to analyzesuch subjunctive properties, but presumably
it is to be done in referenceto a richer causal nexus than that described
in Figure 1, with multiple hidden causesprior to taking the pill ¯xing an
objective probability of falling pregnant without the pill. But what if the
world is simple? What if there really are only three variables that describe
the world?

If the world is assimpleasFigure 1, and if the parametersexactly balance,
so that the pill has no net probabilistic impact on thrombosis, then OHT
advisesthat there is no causal relation between them. But that is wrong
| we are assumingthat Figure 1 is the right causal model, after all! So, it
turns out that in the end, objective homogeneity alone cannot do the work
we require of it. 12

Wemight betempted simply to extendthe partitioning conditionsof OHT
to incorporate downstream events, since, after all, observingPregnancy in
the neutral Hesslow caserevealsthe causalconnectionbetweenthe pill and
thrombosis. Furthermore, allowing downstreamvariablesneednot resurrect
the Dupr¶e{Cartwright objection about falselyconcludingthat contraceptives
only promote thrombosis,becauseit is a principle of homogeneity theory to
require speci¯cation of the context, explicitly or implicitly . It is no error to
say that, given that we know someoneis pregnant, the pill doesnot prevent
pregnancy;nor in that casecan it be neutral for thrombosis.

Nevertheless,this future-¯xing OHT is inadequatefor another reason: it
sanctions the ascription of causality to non-causes. Consider the network
of Figure 2. If we are allowed to observe the e®ectA, then we induce a
probabilistic dependencybetweenC and E (becausethe path from C to X
becomesactive,asexplainedin x5.1). But there is no sensein which C causes
E here,even if it is known in advancethat its e®ectA will hold.
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Figure 2: Failure of future-¯xing.

4.4 In transitivit y

On re°ection OHT hasan obvious problem: it ignorescausalstructure. Be-
ing exclusively probabilistic (and temporal), it cannot but mishandleexact
balances.But if we move beyond probabilities to appeal to causalstructure
itself, we may wonder why we should bother with the probabilities at all.
Indeed, a plausible conjecture for a satisfactory criterion of causality is the
transitiv e closureover directed causallinks in a causalgraph. In that case,
we could deploy our best causaldiscovery programs,for example,and simply
examine the resultant graph to seewhether X and Y are connectedby a
directed chain. Unfortunately, transitivit y over direct causallinks doesnot
hold (Cooper 1999;Hitchcock 2001b;Pearl 2000). There are strange cases
where,although X causesY and Y causesZ , it just is not the casethat X
causesZ . For example,supposeY describeshow a terrorist pushesa deto-
nator (with his left hand or his right hand) and Z an explosion. Then if X
indicateswhether a dog bites the terrorist's right hand, it may well have an
impact on Y: if the dog bites the right hand, the terrorist will push with the
left and otherwisewith the right. But in either casethe bomb will explode,
so the dog's bite has no impact whatsoever on that outcome. We need a
criterion of causality where X does not here causeZ .13 It is only in coop-
eration that causal structure and probabilistic impact can identify general
causalstructure.

5 Wiggle Logic

On OHT, the most natural kind of causation is similar to what Eells calls
\causal relevance". We approach the problem by consideringwhat happens
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probabilistically whenwe interveneupon (wiggle) the causalvariable C in an
attempt to ¯x its value to somec, which we represent I C= c (or simply I C ).14

In the spirit of OHT we could say that one variable C causesanother E
in a causal Bayesian network precisely when there is some causal context
and some possiblemanipulation of C which is followed by a changein the
distribution on E. In particular, a direct link should guarantee causation,
givena causalBayesiannetwork which is alsoa perfectmap.15 A natural way
to interpret causalrelevanceis via manipulations of C given observations of
other variablesO:

Causal Relev ance (CR): C causesE with respect to G=O if and only if
9O0 ¶ O s:t : 9c PG=O0(E jI C= c) 6= PG=O0(E):

Here, G=O meanswe have a causalgraph G in which the variablesO have
beenobserved. O therefore identi¯es the background in which the causality
question is raised,and O0 the context in which it is answered.16

5.1 In terv ention and Activ ation

We have begun talking about intervening on variables rather than just ob-
serving (or conditioning on) them. Most of the literature on probabilistic
causality has usednotions of intervention, especially in referenceto experi-
mental procedure,but without clarifying the relation between intervention
and observation. Recent work in Bayesiannetworks has developed tools to
represent both formally.

Technically, the bestway to represent I C= c in a Bayesiannetwork is to add
a parent node I C to C, allowing for any kind of successrate in manipulating
the valueof C (Korb and Nicholson2003). It is best in the sensethat it is the
most °exible, for it canrepresent imperfect,aswell asperfect,control | that
is, it canrepresent manipulationsthat may fail to ¯x the valueof C, aswell as
thosewhich are guaranteed to succeedregardlessof the state of the parents
of C. Adding the intervention variable I C also allows us to represent any
kind of interaction betweenthe manipulation and any alternative causes.17

Regardless,in the caseusually imagined (if unusually realized), I C indeed
exerts perfect control over C. In that case, it is easiestto represent the
intervention by cutting all arcs into C, and then ¯xing C = c.18
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Figure 3: Representing perfect intervention on C.

Under perfect control, the two representations are equivalent, although
only the arc-cutting representation will bea perfectmap. However, sincethey
are equivalent, it follows that observations of I C (i.e., manipulations of C)
cannot induce a probabilistic dependencywith anything causally upstream
from C.19 In particular, C and E cannot then have any common cause
inducing a probabilistic dependencybetweenthem. Nothing in the discussion
will hang on the di®erencebetween perfect and imperfect control, so we
shall assumeperfect control, while continuing to refer to I C as the potential
controlling variable.

Interventions and observations will have no probabilistic impact upon
downstreamevents if they are blocked (d-separated)in the context O.20

Blo cking: © 2 Paths(C; E) is blo cked in G=O if and only if O d-separates
C from E in G,

wherePaths(C; E) is the set of all directed paths from C to E. Equivalently,
© is blocked if and only if 9Z (Z 2 © ^ Z 2 O).21

What is doing the blocking (or not) in these casesis a set of observed
variablesO. What we speci¯cally needfor our Wiggle Logic is the conceptof
paths being \blo cked" or not either becauseof such observations or because
a direct connectionbetweentwo variablesX ! Y 2 Paths(C; E) has been
otherwiseblocked | for example,by hypothetically introducing a previously
unknown variable between X and Y and observingits value. Let R stand for
a setof restrictions on G, meaninga setof observations O togetherwith a set
of arcs which are restricted or blocked by such a hypothetical observation.
When describing a set of restrictions, we will by convention identify them
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with the variables at the head of the arcs being restricted. For example,
R = O [ Parents(E) would mean that all parents of E are either observed
or their arcs into E are otherwiserestricted. Then,

Activ ation: © 2 Paths(C; E) is activ e in G=R whereR ¶ O if and only if

(a) © is not blocked in G=O and

(b) No X ! Y 2 © is restricted in R.

5.2 Paths Plus Probabilities

Probabilistic impact is insu±cient asa criterion for causality becauseof odd
casesof neutrality. Transitive closure along a path is insu±cient because
of odd casesof intransitivit y of the probabilistic dependency. We are now
¯nally ready to considerhow to articulate thesetwo in a su±cient criterion
for causalrelevance. The most direct attempt to marry causalstructure with
probabilistic impact is to ¯nd probabilistic dependencyalong singlepaths:

Wiggle Logic I: C causesE with respect to G=R if and only if

9© 2 Paths(C; E) and

9c PG=R(E jI C= c) 6= PG=R(E)

The criterion, illustrated in Figure 4, assertsthat causalintervention reveals
causalrelationshipswhen and only when downstream e®ectsre°ect the im-
pact probabilistically. This rules out intransitivit y cases,as we want. Note
that the issuesconcerningscreeningo® that vexed early attempts to pro-
vide a probabilistic criterion for causality do not even arise: observing I C

cuts all other arcs into C, preventing any probabilistic in°uence from going
backwards through a commoncause.

On the other hand, this formulation fails to cope with accidental neutral-
it y in small worlds: in the neutral Hesslow case,there just is no probabilistic
dependencybetweenthe pill and thrombosis,becausethe dual pathways neu-
tralize each other. But this is exactly and only becausethere areneutralizing
multiple pathways. There is no di±cult y in extending WL I to cope with
multiple paths:
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Figure 4: Wiggle Logic I. R ¯xes a background wherein one or more paths
©i allow intervention on C to make a probabilistic di®erence.

Wiggle Logic I I: C causesE with respect to G=R if and only if

9R0 ¶ R s:t : : 9!© 2 Paths(C; E) s:t : © is active in G=R0 and

9c PG=R0(E jI C= c) 6= PG=R0(E)

where9!© 2 Paths(C; E) meansthere is a unique directed path © from C to
E (seeFigure 5).

The uniquenessrequirement for © implies that any alternative directed
paths from C to E are blocked by R0. The causality criterion, then, just
combines transitivit y (i.e., there being a directed path) with probabilistic
dependenceunder intervention, but in such a way that any neutralizing al-
ternative pathways are discounted. WL II trivially subsumesWL I; that is,
if WL I is satis¯ed then WL II must be satis¯ed. For that reasonalso, any
directly linked causeand e®ectwill be identi¯ed by WL II.

With this in mind, let us reviseCR to talk of restrictions:

Causal Relev ance (CR I I): C causesE with respect to G=R if and only
if 9R0 ¶ R s:t : 9c PG=R0(E jI C= c) 6= PG=R0(E):
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Figure 5: Wiggle Logic I I. R ¯xes a background and foreground wherein
exactly one path ©i allows an intevention on C to make a probabilistic dif-
ference.

Clearly if WL II holds, then CR II holds: there is some state of the
network such that wiggling C makesa di®erenceto the distribution over E.
We conjecturethat CR II implies WL II: if the secondclauseholds without
R0 intersecting all but one directed path from C to E, then it also holds
under somesuch circumstance. The advantage of WL II, in any case,lies
simply in making the joint dependencyon transitiv eclosureand probabilistic
dependencyexplicit.

R identi¯es the context within which the causality question is raised. R0

identi¯es somecontext within which it can be answered. R0 speci¯es some
state of the Bayesiannetwork G as a whole, with all unnamedvariablesleft
unobservedand unnamedarcsunrestricted. It may well be that R0 shall need
to ¯x oneor moreparents of E to particular valuesbeforean intervention on
C shows any probabilistic impact: that is, it may be that C a®ectsE only
in somespeci¯c interaction involving other causes.This criterion allows for
that.

5.3 Ob jectiv e Homogeneit y

So what about objective homogeneity | or, the model homogeneity which
is its representativ e? In complexworlds, wheresubjunctive properties are in
principle computablebeforehandfrom the rich causalbackground, objective
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homogeneity may be enough. However, as we have seen,in simple worlds
we need more. Wiggle Logic (and CR) obtain this \more" by reference
to any context R0 (or O) in a causal model, homogeneousor not. But in
applying thesecriteria, if we are looking at an inhomogeneouscontext, we
are looking at a wrong context. Suppose,for example, that there is only a
single, direct link betweenC and E. In that case,we can leave R0 = O in
WL II, since there are no alternative paths to intercept. But if O fails to
specify a homogeneousbackground, if there are other causesof E that are
not held constant, then whether an intervention on C inducesa changein
the distribution over E may depend upon the prior probability distribution
over those un¯xed alternative causes.In short, WL II will only provide us
with a criterion for belief in causality | even relative to the model at hand,
rather than the normative, metaphysical criterion we were after. Without
objective homogeneity, WL II is satis¯ed too easily.

In order to deal with this problem we needto revert to the original idea
of OHT, requiring O to be model homogeneousin the ¯rst place.22 Thus,
objective homogeneity refusesto go away.

Becauseit worksthread-by-thread, this forward-looking homogeneity does
not allow a direct answer to the question,\What is the overall e®ectof con-
traceptive pills on thrombosis?" But then we already knew how to get the
right answer to that question: use the traditional computable-beforehand
homogeneousreferenceclassesat C. What we answer here is how to deter-
mine whether there is in fact somecausalrelation betweenC and E | but
not what measurablestrength that relation hasnor how it contributes to an
overall impact on E. We leave the proper accounting of the notion of causal
strength to future work.

5.4 Simple Simple Worlds

Wesuggestthat WL II providesa fully satisfactoryaccounting for the neutral
thrombosiscase.But, it couldwell beobjectedthat by introducingrestriction
and control variableswehaveviolated our own assumptionof the world being
simple: we have added new variables to the model that was supposedly
an exhaustive description of the causal world. In short, we have cheated.
We unashamedlyconfessto cheating. Not being permitted this cheat is
equivalent to restricting considerationto a world wherethere is no such thing
ascausalintervention. But it is arguablethat in such a world there is no such
thing as causality, and the only legitimate considerationsare probabilistic.
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In that world there is no sensein which the original thrombosis model is
superior to the simpler v-structure Pil l ! Pregnancy Ã Thr ombosis |
indeed, there is a sensein which the latter, being a simpler representation
of the very sameprobability structure, is superior. We are not interestedin
worlds which are non-causal,and our criterion of causality cannot be faulted
for failing to ¯nd any causality in them.

6 An INUS Condition for Probabilistic Causal-
it y

John Mackie (1993)proposedthe INUS account of causality: that a condition
C is a causeof E just in caseit is an Insu±cient, but Necessary, component
of an Unnecessary, but Su±cient, condition for E. This fails, if only because
it presupposesa deterministic universeand so rules upon synthetic matters
with a priori hubris. What we hereo®eris quite di®erent, namely an INUS
condition for probabilitic causality:

Probabilistic dependencyin an objectively homogeneouscontext is an

Insu±cien t (in that it requiresa causalmodel to provide the directedchain
connectingC and E as well as the parent set of E) but

Necessary part of WL II, which is an

Unnecessary (becauseof quantum mechanical caseswhere the Markov
property fails), but

Su±cien t condition for causality.

7 Conclusion

Unanimity and homogeneity are, of course, related. For one, unanimity
is properly de¯ned in terms of homogeneity, as we observed above. But
also they both make someattempt to relativize causalclaims and avoid the
mistake of mixing together distinct e®ects.Thus, someobjections made to
relativization apply to both. Thoseobjections succeed,at best, in pointing
out that homogeneity theory doesnot provide much of an account of ordinary
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causaltalk. We shall leave such worries to thosewho take ordinary language
philosophy seriously.

Contextual unanimity theory for probabilistic causality is a red herring:
it fails to ¯nd the true causalcapacitieshidden within the massof artifactual
causalclaimsbasedupon averages;it alsofails to account for ordinary causal
talk. Being easily impressedby causalfactors that merely push the e®ectin
the samedirection, the unanimity account distracts from what is important.
It is only from our best estimatesof precisecausal strengths that we can
hope to learn causalstructure, as is clearly revealedin the recent literature
on causaldiscovery.

Objectivehomogeneity, properly understood within a causalcontext, does
not andcannot mix distinct causalpowers. It handlesinteractionsandallows
us to make senseof the learning of causal structure, whether by human
or machine. Although causal structure alone does not su±ce to identify
causality in Bayesiannetworks (becauseof intransitivit y), causalstructure
combined with objective homogeneity in Wiggle Logic does.

Finally, Wiggle Logic provides a clear account of the relation between
epistemicsand metaphysics. Wiggle Logic providesa clearcriterion of causal
relevancerelative to a causalmodel | just asmodel homogeneity providesa
clear criterion of homogeneity relative to a model (if we replaceobservations
O with restrictions). As we learn more about the world we are in, we re¯ne
our causalmodel of that world, by adding missingnodesand arcs (or, per-
haps,deleting some). Our account of causalrelevance,and our best guessof
what the objectively homogeneousreferenceclasseslook like, thereby become
more sophisticated. In that way, our model homogeneitiesmay tend toward
what are truly the objective homogeneities.

Addendum I: More Pragmatics

We have repeatedly pushed aside ordinary causal talk, except to say that
there is an obvious way in which the homogenistdoes not do violence to
ordinary causal talk. But if a homogenistwere to estimate the actual risk
of smoking for a particular agent, that homogenistwould have to specify a
referenceclass.Yet this homogenistwould certainly know that the reference
classis not truly objectively homogeneous.So,what should we say?

Insteadof relying on implicature, onecould alsogive an account of actual
causaltalk aso®ering\b est recommendations"given an epistemically homo-
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geneousreferenceclass.Such an account might usedecisiontheory to choose
the optimal plan given an agent's uncertainty about the homogeneousrefer-
enceclasses.Christopher Hitchcock has developed such an account (Hitch-
cock 2001a,2002).23 Although his account is presented for a particular agent
choosingits own actions, it is easilygeneralized.This is not our project, but
we are sympathetic to such a decision-theoreticapproach.

Addendum I I: How Ob jectiv e Homogeneit y Is
Not Just about Probabilities

Christopher Hitchcock has asked us why probabilities are the right way to
discriminate capacities.24 Suppose,he says, there is a population with three
di®erent subpopulations, P1, P2, and P3 relevant to smokingS and death D.
Smoking always increasesthe probability of death, but it can do so either
via lung cancerL or heart diseaseH . Smoking increasesthe probability of
death amongP1 and P2 via H , and amongP3 via L. By strangecoincidence
it happens,however, that P(DjSP2) = P(DjSP3), and analogouslyfor : S.
Hitchcock says, \Then, according to homogeneity, populations P2 and P3

should be joined to form one homogeneoussub-population," which would
aggregatedi®erent capacities.

If we model the situation in just the three variablesS; P; D, then we have
the following model:

S P

D

Figure 6:
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In this case,objective homogeneity requiresus to combine the populations
P2 and P3, becauseof their identical probabilistic consequencesfor other
variablesin the model.25

But what happensif we decideto model the story as Hitchcock has pre-
sented it? In that caseour causalmodel would be:

S P

H L

D

Figure 7:

Here we are no longer required to mergethe subpopulations of P | rather,
we are obligednot to do so,sincethat would violate the story, misdescribing
causale®ectson H and L. As its reformulation in WL II makesclear,objec-
tiv e homogeneity discriminatescapacitiesrelative to a causalmodel and not
in vacuo. In short, the wrong model leadsto wrong conclusions.
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Notes

1Note that neither this nor any other probabilistic criterion of causality described in
this paper is an attempted reduction of causality to probabilit y. In later sectionswediscuss
what elseis neededto establish or identify causal relations.

2Skyrms' formulation of \unanimit y" escapes this kind of trivial counterexample by
allowing the cause to sometimes, but not always, fail to have a positive probabilistic
impact on the e®ect. Skyrms' account neverthelessfalls under every other objection we
raise in this discussion.

3A forthcoming paper (\Probabilistic Causality and Practical CausalGeneralizations")
by Daniel Hausmanmakesthis point in a di®erent way.

4The relation betweentype and token causality hasnot yet beenfully explicated. Pearl
addressesthis issuein terms of \causal beams" in Causality (2000). Seealso Halpern and
Pearl (2001).

5We represent possible events as variables whose values determine the type of that
event.

6Roughly, a property is computable-beforehandif it can be computed from properties
available to us up to and including the occurrence(or not) of C. SeeChurch (1940).

7Of course,the homogeneity requirement here applies to all relevant properties except
the causal factor C in question and properties not ¯xed at the time of C.

8Despite Cartwright's remarks to the contrary (1989). Also, we shall henceforth use
\causal power" and \causal capacity" interchangeably, aswedo not believethat Cartwright
has a well-motivated distinction betweenthem.

9In his forthcoming paper, op cit.

10Glennan and others criticize CUT on thesegrounds, as we shall seelater.

11This is becausepregnancy increasesthe risk twelve-fold and second-generationoral
contraceptivesby three-fold. Third-generation oral contraceptivesincreasethe risk six-fold
(Development and Evaluation Service1996).

12Neither, of course, can CUT. And note that the real issue here is the neutralizing
e®ectof multiple pathways, not the simplicit y of the world per se. In complex worlds,
however, it seemslikely that the invocation of subjunctiv e properties will be available to
imbalance such pathways. We cannot escape by observing that such neutral caseshave
measurezero (since they depend upon exact parameterizations): we understand perfectly
well what the causalstory is here, so we ought to be able to codify that understanding.
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13A more mundane example was described by Richard Neapolitan (2003) in a presen-
tation: ¯nesteride reducesDHT (a kind of testosterone) levels in rats; and low DHT can
causeerectile dysfunction. However, ¯nesteride didn't reduce DHT levels su±ciently for
erectile dysfunction to ensue,in one study.

14C = c denotesa particular intervention rather than a particular value that C adopts.
In general,an intervention neednot selecta single state.

15A perfect map is one in which each missing arc implies a probabilistic independence
(the Markov property) and each existing arc implies a probabilistic dependence(called
\faithfulness" by Spirtes et al. 2000; cf. Pearl 1988). A causal Bayesian network is a
Bayesiannetwork which can model deterministic interventions on C by removing arcs into
C.

16Menzies(2002, forthcoming) hasa similar approach which he calls \di®erence-making
in context," although he develops it with respect to deterministic causalmodels.

17There is another kind of intervention which adding I C allows us to represent, namely
I C deterministically forcing C to take a new non-degenerateprobabilit y distribution, in-
dependent of its other parents.

18This is a graphical representation of Pearl's \do calculus" (Pearl 2000).

19Note that this is only true with perfect control and generally false otherwise. Since
imperfect control intro ducessuch complications, without any compensatingbene¯t for our
purposeshere, we shall ignore it hereafter.

20For a formal de¯nition of d-separation, seePearl 1988. Informally , it is the graphical
counterpart to \screening o®", or conditional independence:observinga commonancestor
(or intermediate nodein a chain) blocks a path relating two events and observinga common
descendent induces a probabilistic dependency. Sewell Wright (1934) was the ¯rst to
represent theserelationships graphically .

21Note that this is only equivalent becausePaths(C; E) consistsexclusively of directed
paths from C to E.

22Here is one such O: Parents(E)n©i plus the parents of every intermediate node on
©i , excluding the members of ©i . This is su±cient, but not necessary, to obtain model
homogeneity.

23This is also the orientation of Daniel Hausman's forthcoming paper.

24In private communication.

25This is not strictly speaking true, however Salmon's appeal for always adopting the
broadest available homogeneousreferenceclass (Salmon 1974) appears to us to be well
justi¯ed, if only on the groundsof strengthening the statistical basisfor inductiv e inference.
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