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Abstract—In experimental design, a tacit principle is that to tést Suppose you are a researcher who has developed a new drug. Accor|
whether a candidate causs(i.e., a manipulation) prevents an effectour theory, when this drug is administered to young cats of a dangerous
e, emust occur at least some of the time without the introduction fit will prevent the cats from becoming fertile when they reach maturity. You
This principle is the preventive analogue of the explicit principle ¥pYr research assistant to conduct a test of this drug. He randomly a

- - . . | young cats of the breed in question to two groups. None of the cats in
avoiding a ceiling effect In tests of whetharoducese. Psychologi roup starts out fertile. He administers the drug to one group but not the

cal models of causal inference that adopt either the covari _tlazﬂ(ing steps to ensure that all other factors are held constant and that th

approach or the power approach, among their other problems, fajl igoadministered properly. At the end of the experiment, your assistant inf

explain these principles. The present ar_ticl_e reports an experimen tPé\] that there was no difference between the two groups in the proport
demonstrates the operation of these principles in untutored reasonifagtile cats. This result is reliable because he used a large sample of cd

The results support an explanation of these principles according tp thecludes that the drug is ineffective. You examine the results closely an
power PC theory, a theory that integrates the previous approachesha at the end of the experiment, none of the cats in his two groups were
overcome the problems that cripple each.

Would you agree with your assistant that the drug is ineffect
More likely, you would think that he has conducted an uninforma

As a young child, one of the authors once dropped a vase [rigg#t of the drug; the test violates a boundary condition for causal
before a power outage occurred. She thought that by dropping ¢hee. This hypothetical anecdote illustrates that testing whetiaer g
vase, she caused the outage, and so began to cry. One might sidighte cause ¢the drug) prevents an effeef{reduces the frequenc
chuckle at this anecdote; but upon further thought, it raises soafdertility) requires that occurs at least some of the time without
important issues. Why do adults, and not the child, know that droppifigis principle is so ingrained that it is followed without exceptior]
a vase cannot cause a power outage? We return to the case of theelplerimental design even though it is never explicitly stated in
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later; but first, how do adults come to know what they know?
One may have two intuitions about how adults reach their i
pretation of the vase-dropping episode. First, they may know thg
act of dropping an object such as a vase does not involve any m
nism that causes outages. Second, they may know that power o
do not follow more often when objects are dropped than when the
not. In other words, “dropping objects” does w©owary with subse-
quent power outages. These two related lines of thought, in
respectively illustrate two divergent dominant approaches to the
chology of causal induction, the mechanism,pomwer, view (e.g.,
Ahn, Kalish, Medin, & Gelman, 1995; Koslowski, 1996; Shultz, 19

White, 1989, 1995) and tteovariationview (e.g., Allan, 1980; Cheng likely to agree that the drug is ineffective.

& Novick, 1990; Kelley, 1967; Pearce, 1994; Rescorla & Wag
1972; Shanks & Dickinson, 1987).

Power theorists have typically cast the two views in oppositio
each other. However, the debate is bogus (Cheng, 1993; Che
Lien, 1995; Glymour & Cheng, 1998): The power view concerns
application of causal knowledge, whereas the covariation view
cerns the discovery of such knowledge. Pitting explanations of
parate psychological processes against each other cannot be f
Worse yet, the debate obscures some problems common to both
One of these concerns the boundary conditions for evaluating ¢
power, as illustrated in the following scenario:
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textbooks. It is not the typical floor effect, which concerns situati
tém-which some enabling conditions of a candidateat produces are
t thissing so that does not increase the frequencyeofVhy is there
etiia-unspoken principle in experimental design?
utagéhis article focuses on situations in which there is no differgnce
y lbeewveen the frequency efwhenc occurs and when it does not (i.e.
P(elc = P(¢|c) = P(e), whereP(e|o) is the probability ok given the
faresence o€, andP(g|C) is that probability given the absencechf
psipw, consider another situation: What if at least some, but stil
equal proportion, of the cats in the research assistant’s two g
BAvere fertile at the end of the experiment? You should now be

ons

an
oups
more

D

ner, The covariation view cannot explain why the ability of reasoners to
reach a conclusion about the causal statusd#pends on the overa
nfrequency ok. Rescorla and Wagner’s (1972) model, for example, pre-
ndi&s a causal strength of 0 for both situations regardless of the values
tlod its rate parameters. Even for a covariation model that allows more
cdlexible weighting of frequency information, such as Schustack and
dBternberg’s (1981) model, some definite output should result in both
ugftlations (e.g., intermediate causal strengths), rather than an qutput
viewgsilting in the latter situation but not in the former. The lack of output
awsalld correspond to judging that the test is uninformative. The differ-
ence in the intuitive answers for these scenarios confounds all vafjiants
of the covariation view, whether the variant is statistical (e.g., Cheng &
Novick, 1990) or associationist (e.g., Rescorla & Wagner, 1972).|For
iggth kinds of variants, the failure is traceable to their lack of represen-
aition of causal power as a variable existing independently of the value
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of covariation (see Lien & Cheng, 1998). Thus, purely covariatignal
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models are inherently incapable of having an unbound causal-p
variable while the covariation in the situation has a clear-cut value
The power view does not fare any better. All knowledge about

bwerThis theory explains a diverse range of findings that are inexp
. ble by previous accounts (see Cheng, 1997), such as the bounda
spitions for causal inference and the distinctions among a nov

cific causal powers or mechanisms is constant across these situatiomeiown factor, an irrelevant factor, an enabling condition, a n

In fact, this view cannot explain the intuitive answer in either situat
The drug could have produced a difference in fertility between grg
and a plausible mechanism must therefore exist in both situat
Failing to incorporate the use of covariation, this view cannot exy
why the drug is considered effective in neither situation, nor ca
explain why you would think the test was uninformative in one si
tion but not the other.

An analogous problem arises for both traditional views when
evaluates whether producese. To continue our example, suppo

your goal is to evaluate whether a drug causes cats of an endangered
breed that otherwise would have been infertile at maturity to begome

fertile. Now, if all cats in both groups became fertile at the end of
test, the test would be uninformative. This situation corresponds
ceiling effect in experimental design. In contrast, if not all cats,
still an equal proportion of them, in the two groups became fertile,
would likely infer that the drug is ineffective. The difference in cau
judgments between these situations confounds each traditional v

THE POWER PC THEORY

An integration of these views overcomes these and other prol
common to the two views (Cheng, 1997). The relationship bety
causal power and covariation is analogous to that between a scie
theory (e.g., the kinetic theory of gases) and the laws that it exp
(e.g., Boyle’s Law). Just as Boyle’s Law is defined in terms of obg
able entities, covariation is defined by probabilities that are estim
by observable frequencies. Just as the kinetic theory postulates
servable entities, thpower PC theorya causal-power theory of th
probabilistic-contrast model) postulates unobservable causal po
The generative poweof candidate causewith respect to effeat is
the probability with whicke producese (Cartwright, 1989). There-
ventive powenf c is the probability with whictc prevents an other
wise-occurringe from occurring. To estimate these unobserva
powers, reasoners bootstrap by using them to explain their covar
model, the probabilistic-contrast model (Cheng & Novick, 199
According to this model, given thatis perceived to occur befose
reasoners assess {hebabilistic contrasfor ¢ with respect te, AP,
over afocal sef where

AP, = P(elc) — P(e|C) 1)

and the focal set is the set of events that the reasoner uses as i

the covariation process, a set that is not necessarily the univers lS

assumed by most previous psychologists studying causal inferen
mental construct in the reasoner’s explanation is a distinction bety

¢ and the composite of (known and unknown) causes alternatove| tq

which we labela. For example, when reasoners evaluate wheth
producese, they explainP(elc) in Equation 1 by the union of tw:
events: (ap produced by and (b)e produced bya if a occurs in the
presence of. That is, they reason that whers presente can be pro-
duced byc, or byaif a occurs in the presence afLikewise, reason-
ers explainP(e|C) in that equation by being produced by alone
whena occurs in the absence ofbecause wheais absent, it canno

jocausal but covarying factor, and a cause. It concerns simple
upauses (see Glymour, 1998, and Glymour & Cheng, 1998, for e
iagiens of the theory to indirect causes; see Novick & Cheng, 199§
lan extension to conjunctive causes—causes that typically produ
ineftect only in combination, the way both talent and hard work in ¢
ubination lead to success).

one
se Three Boundary Conditions for Causal Inference

A mathematical consequence of these explanations of the co
§nts of contrast is that if and onlyaibccurs independently af(i.e.,

E | €) = P(a [€) = P(a)), then for nonnegative contrasts? > 0),

0}
t
t

but

AP
you — c 2
sal Pe=1o P(e|©) @

iew.
This derivation (Cheng, 1997) assumes thahda influencee inde-
pendently, in which cage, in Equation 2 is the generative powercof
Without this assumption, as long @asccurs independently af p_ in
|dhis equation is the generative power of a conjunctionafd what-

hildfgess). Notice that to infey, the theory does not require knowled
|9 @ or its power, even though the derivations make use of the asg
fipn thate can be produced ty: If a does not occur independently
abid. is unestimable; the independent occurrenca arfdc is hence a
uhgyndary condition for estimating,. (Such independence can
eachieved by selecting a focal set in whighis held constant; se
wEReng, 1997, for a review of evidence showing the spontaneous
tion of such focal sets by humans and other species.) This condit
satisfied by all scenarios in the experiment we report in this art
and is not our focus.

ble A second boundary condition for the evaluation of geners

afighgsal power is th&(e|C) must be less than 1. This condition follo

offom Equation 2: WheiP(e|T) = 1,p, is undefined. The violation o
this condition explains why a reasoner cannot judge whether the
in the scenario increases fertility if all cats became fertile, imply
thatP(e|C) = 1. When this second boundary condition is met, Equ3
2 implies thaip, = 0 (i.e.,c is noncausal) wheAP_ = 0.

There is an analogous specification of the relation between
positive contrastsAP, < 0) and preventive causal power (Ch
"RULners assume thatay prevent, rather than produce it, wit
alshte probability. This difference implies that when reasoners eva
ChuHetherc preventse, they explainP(elc) by the intersection of twa
V&GBnts: (ae produced bya if a occurs in the presence ofand (b)e
ot stopped by. That is, they reason that wheis presente occurs
eronly if it is both produced by and not stopped bg. P(e|C) is
P explained just as before (because amlig relevant). These explana
tions imply that ifa occurs independently @ then for nonpositive

contrasts,

—

t —AR

P = ®)

producee).
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Equation 3 is the preventive analogue of Equatiqn) Bere is the pre;
ventive power of. One critical difference is that whereas Equatio
is undefined wheiP(e|C) = 1, Equation 3 is undefined whé(e|C)
= 0. This difference leads to a third boundary conditi{g}C) > O for
the evaluation of preventive power. When this condition is met, E
tion 3 implies thap, = 0 whenAP, = 0. But, wherP(e|C) = 0, as when
no cat in the scenario becomes fertile, a reasoner cannot judge w
C preventse.

Summary

When alternative causes occur independently of candddatel
AP_ = 0, the power PC theory predicts that the type of causal p
assessed (generative vs. preventive) R(g]C) should interact tq
influence causal judgments. In particular, in such situations, reas
should be unable to judge whetlgsroduces whenP(e) = 1. When
P(e) < 1, however, they should infer thatloes not produce Analo-
gously, reasoners should be unable to judge whethr@ventse when
P(e) = 0. But wherP(e) > 0, they should infer thatdoes not preven
e. This mundane set of predictions eludes all psychological acc
of causal inference that fail to integrate causal power with covarig

EXPERIMENT

This experiment tested the interaction between the type of p
assessed and(e), as implied by the last two boundary conditio
derived in the power PC theory. We attempted to test the use of
conditions more directly and comprehensively than in previous g
ies (see Cheng, 1997, and Spellman, 1996, for reviews of pre

the cat example presented earlier, in wHr¢Hc) = P(e|C), and were
asked to judge whether they thought the statusvedis causal, non
causal, or uncertain. The scenarios differed between participar
two respects: the type of causal power assessed and the relati
quency ofe (P(e) = 1, 0, or a qualitative value in between).

All accounts other than the power PC theory predict that for e
level of P(€), regardless of parameter settings, as long as those se
are consistent, judgment should remain constant across the kin

should be withheld for some condition but not others. More spe
cally, some competing models predict that judgments should not
fer at all among the six experimental conditions. For exam
Rescorla and Wagner’s (1972) model, Pearce’s (1994) model

regardless of their parameter settings), and the traditibhRainodel

(e.g., Allan, 1980; Jenkins & Ward, 1965) all predict that participa
will always judgec to be noncausdl.Linear combination models
(e.g., Schustack & Sternberg, 1981) predict th& noncausal, gen
erative, or preventive, depending on their parameter settings.
weightedAP model (e.g., Anderson & Sheu, 1995) makes two p
dictions: WhenP(e) = 0 (regardless of parameter settings)s non-
causal regardless of the kind of power assessed, and for other \
of P(e), depending on the parameter settinggs noncausal, generd
tive, or preventive.

1. Our predictions for associationist models assume the inputs to
models to be sequences of trials that are consistent with the summary dg

support for their use). Participants were each given a scenario syichwass intended to decrease that proportion. The justifications for 1

power. In particular, no competing account predicts that judgment A subsequent question asked whether participants (a) agreeq

Method

n2
We conducted our experiment with 155 undergraduates at the

versity of California, Los Angeles. They were attending their first ¢
ql.?él the first day of the fall quarter and therefore had not yet

exposed to college instructions on scientific methodology. Giver
1&%§traint3 of our subject pool, the study was conducted as pa
50-min package of questionnaires.

The two primary manipulations were as explained. To increas
generality of the study, we constructed scenarios that concerne
domains for each of the six conditions (two kinds of causal pdg
crossed with three levels Bfe)), resulting in 12 scenarios. Each pa
ticipant was randomly assigned to one of these scenarios. We
PWEted how a result reported in the scenario was interpreted.

The cat scenario presented earlier is an example of our mat
PBFSone domain. Both domains involved a researcher who wishg
test whether a certamproduced a discrete characteristic (the effe
The researcher’s assistant randomly assigned suttiedtgo groups,
introducedc to the experimental group but not the control group, H
all other factors constant, made sure that none of the subjects
’Hﬂ@test possessing the characteristic in question, and used a larg
R of subjects. At the end of the test, there was no difference i
proportion of subjects who possessed the characteristic. The as
concluded that was noncausal. In one domainwas a drug that pur
portedly affects the proportion of fertile cats in a sample, where
pwles other domaing was a gene therapy that purportedly affects
ngroportion of plants that undergo a certain mutation.

theswvithin each domain, the scenarios differed only as follows. In
tydnerativeconditions,c was intended to increase the proportion
isudjects with the characteristic, whereas ingreventiveconditions,

intentions were, respectively, that the characteristic was bene
(e.qg., fertility in an endangered breed of cats) and that it was ha
tgeiny., fertility in a dangerous breed of cats). At the end of the test i
eaffeonditions (wherd(e) = 1), the researcher found that all subje
in both groups had the characteristic; in $heneconditions (where Q
aehP(e) < 1), “some, but not all” subjects in both groups had the ¢
tinggeristic; and in theoneconditions (wheré(e) = 0), no subject hag
dshef characteristic.

ciflke assistant’s conclusion thatvas ineffective, (b) thought that h
diést was uninformative, or (c) disagreed with him and judgtdbe
Dleffective. Participants indicated which statement they most ag
bethh. An explanation was requested to encourage thinking.

nts
Results and Discussion

TheFigure 1 presents the percentage of participants in each of tf
r&onditions who judged the status ofo be noncausal, uncertain,
causal (i.e., effective). These percentages were collapsed over th
afpains (fertility and mutation) because there was no reliable d
_ ence between domains in any condition. The participants’ explang
are not in general reported because they were uninformative.

2. We use the term “subjects” to refer to the cats and plants mentior
ththe scenarios and reserve the term “participants” to denote the human
teread the scenarios; likewise, we use “test” to refer to the experiment in th

sented in the corresponding conditions.
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Fig. 1. Percentage of various responses for participants who evaluated generative and preventive causal powers when the dffec
occurred in all, some, or none of the subjents the number of participants in each group).

Figure 1 shows that for most conditions, a moderate majority of theother of the many critical aspects of the scenario given, they w
participants responded in accord with the power PC theory. One| pust- answer as predicted by a theory even if that theory does de
sible interpretation is that this theory does only moderately well,|athetir causal reasoning. Evaluation should therefore be based on

the other accounts do worse. As in other psychological experimeptjisons between conditions, in which the extraneous variables
however, there existed extraneous variables that may have influenmegumably controlled.

participants’ responses. Because this study was conducted as part of Bhe comparisons were evaluated using chi-square tests. Be|
long questionnaire, our procedure did not encourage attentivenesseif/ few participants judgecito be causal (see Fig. 1), this option

in quest

ould
scribe
com-
were

cause
S
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yields an identical pattern of reliability of the results.) That is, all
square analyses compared (a) the number of participants who in
ed thatc was noncausal and (b) the number who indicated that thg
was uninformative.

Comparisons between the generative and

preventive conditions

In this section, we compare the generative conditions with the
ventive conditions with the same levelR(E). The following pattern
of results was predicted uniquely by the power PC theory:

WhenP(e) = 1, participants who evaluated generative power
more likely than those who evaluated preventive power to indi
that the test was uninformativg’(1, N = 51) = 5.64p < .05.

When 0 <P(e) < 1, the distribution of responses did not depeng

¥%(1,N =48) = 0.76p > .30.

WhenP(e) = 0, participants who evaluated preventive power w
more likely than those who evaluated generative power to ind
that the test was uninformative3(1, N = 47) = 9.41p < .01.

Comparisons betwedp(e)conditions

Participants who evaluated generative power were more like
indicate that the test was uninformative wi(@) = 1 than when
0 <P(e) < 1, as predicted by the power PC theory. This differe
however, was not reliablg?(1, N = 50) = 1.92p > .10. An unexpect;
edly high proportion of participants in the generative-some cond
indicated that the test was uninformative.

All other comparisons betwed?(e) conditions for the evaluatio
of the same type of power strongly support the power PC theory

Participants who evaluated generative power were more like
indicate that the test was uninformative wii§ge) = 1 than when
P(e) = 0,x%(1,N = 49) = 9.09p < .01.

When participants evaluated generative power, the distributio
responses did not depend on whethegex < 1 orP(e) = 0,x3(1,
N =47) = 2.84p> .05.

Participants who evaluated preventive power were more like
indicate that the test was uninformative wh¥g) = 0 than when
0 <P(e) < 1,x%(1,N=48) =5.37p < .05, or wherP(e) = 1,x*(1,
N =49) =5.96p < .02.

When participants evaluated preventive power, the distributio
responses did not depend on whethePgel < 1 orP(e) = 1,x3(1,
N =49) =0.01p> .50.

This pattern of interaction contradicts Rescorla and Wagr
model (1972), Pearce’s model (1994), andARemodel, all of which
predict that these comparisons should show no differences. Our r
also fail to support the weight&xR model and linear combinatio
models:c was hardly ever judged to be causal.

3. Of the 12 participants who chose this answer, 4 explained that the r

whether the participants evaluated generative or preventive power

thi- SUMMARY AND IMPLICATIONS
?Itceitpur pattern of results shows that, as predicted uniquely by
power PC theory, the kind of causal power assessed and the prg
ity of the effect interact in their influence on the assessment o
causal power of a candidatevhenAP_ = 0 and alternative causes &
assumed to occur independentlycoT his pattern does not depend
reasoners receiving training in experimental design, as the partici
Ph¥our experiment had at most minimal such training, yet adopte
design principle regarding the ceiling effect and its tacit preven
analogue. Our results add to the growing body of phenomena tha]
found psychological accounts of causal induction that exclusi
€&lopt the power or the covariation approach. The relative succe
CalR power PC theory suggests that both concepts are necessar
ple explain their model of covariation according to a theory of ca
Hower.
? Involving a single cause-to-effect link. We have not addressed
issue of how specific prior causal knowledge (innate or learned) i
e@fices subsequent reasoning (but see Lien & Cheng, 1998). N
chrve we addressed the learning of causal chains and other muy
ered causal networks. However, methods that do address these
are consistent with our approach (Glymour, 1998; Pearl, 1988, 1
Spirtes, Glymour, & Scheines, 1993; see Glymour & Cheng, 199
Finally, another important issue that we have not addressed is
yt %ted by the case of the child in our introduction: Why would a yo
child think that dropping the vase caused the power outage? Ou
1é'ecture is that the child’s candidate cause, unlike an adult’s, is
(?fopping of the vase rather than of an object. For the child, powe
8ge follows the only episode of dropping a vase, whereas it ney
rarely occurs otherwise. If the child assumes that other caus
power outage are constant before and after dropping the vasg
would conclude that dropping the vase caused the outage. An
that awaits further investigation is, what determines the catego

ctoncept that serves as a candidate cause?
y to
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