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Conflicting Intuitions
about Causality*

PATRICK SUPPES

In this article I examine five kinds of conflicting intuitions about the nature of
causality. The viewpoint is that of a probabilistic theory of causality, which I
think is the right general framework for examining causal questions. It is not the
purpose of this article to defend the general thesis in any depth but many of the
particular points I make are meant to offer new lines of defense of such a probabi-
listic theory. To provide a conceptual framework for the analysis, I review briefly
the more systematic aspects of the sort of probabilistic theory of causality I advo-
cate. I first define the three notions of prima facie cause, spurious cause, and genu-
ine cause. The technical details are worked out in an earlier monograph (Suppes
1970} and are not repeated.

Definition 1. An event B is a prima facie cause of an event A if and only if
(i) B occurs earlier than A, and (i) the conditional probability of A occurring
when B occurs is greater than the unconditional probability of A occurring.

Here is a simple example of the application of Definition 1 to the study of
the efficacy of inoculation against cholera (Greenwood & Yule 1915, cited in Kendall
& Stuart 1961). I also discussed this example in my 1970 monograph. The data
from the 818 cases studied are given in the accompanying tabulation.

Not attacked Attacked Totals

Inoculated 276 3 279
Not inoculated 473 66 539
Totals 749 69 818

The data clearly show the prima facie efficacy of inoculation, for the mean proba-
bility of not being attacked is 749/818 = 0.912, whereas the conditional probability
of not being attacked, given that an individual was inoculated, is 276/279 = 0.989.
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Here A4 is the event of not being attacked by cholera and B the event of being
inoculated.

In many areas of active scientific investigation the probabilistic data are not
so clear-cut, although they may be scientifically and statistically significant. I have
selected one example concerning vitamin A intake and lung cancer to illustrate the
point. The results are taken from Bjelke (1975). The sample of Norwegian males
45-75 years of age was drawn from the general population of Norway but included
a special roster of men who had siblings that had migrated to the United States. In
1964, the sample reported their cigarette smoking habits. More than 90 percent of
those surviving in 1967 completed a dietary questionnaire sufficiently detailed to
permit an estimate of vitamin A intake. On January 1, 1968, of the original sample,
8,278 were alive. Their records were computer-matched against the records of the
Cancer Registry of Norway as of March 1, 1973.

The sample was classified into two groups according to an index of vitamin A
intake as inferred from the dietary questionnaire, with 2,642 classified as having
low intake and 5,636 as not low—I am ignoring in this recapitulation many details
about this index. There were for the sample, as of March 1, 1973, 19 proven cases
of carcinomas other than adenocarcinomas, which we ignore for reasons too detailed
to go into here. Of the 19 proven cases, 14,i.e., 74 percent occurred among the 32
percent of the sample —the 2,642, who had a low intake of vitamin A. Only 5 cases,
i.e., 26 percent, occurred among the 68 percent of the sample who had a high in-
take of vitamin A. Let C be the event of having a lung carcinoma and let L be low
intake of vitamin A. Then for the sample in question

P(C) = 0023 <P(CIL) = .0053.

Using Definition 1 we infer that low intake of vitamin A is a prima facie cause of
lung cancer. The probabilities in question are small but the results suggest further
scientific investigation of the proposition that high intake of vitamin A may help
prevent lung cancer.

It is now widely accepted that cigarette smoking causes lung cancer, but as
the present data show, the incidence of lung cancer in the general population is so
small that it is a primary medical puzzle to explain why so few smokers do get lung
cancer. This study is meant to be a contribution to solving this puzzle.

An important feature of this study is that the results are fragile enough to
warrant much further investigation before any practical conclusion is drawn —such
as the admonition to heavy smokers to eat lots of carrots. In my view, perhaps a
majority of scientific studies of causal connections have a similar tentative charac-
ter. It is mainly science far from the frontiers, much worked over and highly se-
lected, that has clear and decisive results.

A common argument of those who oppose a probabilistic analysis of causality
is to claim that it is not possible to distinguish genuine prima facie causes from
spurious ones. This view is mistaken. Because in my sense spuriousness and genuine-
ness are opposites, it will be sufficient to define spurious causes, and then to charac-
terize genuine causes as prima facie causes that are not spurious.
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For the definition of spurious causes, I introduce the concept of a partition at
a given time of the possible space of events. A partition is just a collection of in-
compatible and exhaustive events. In the case where we have an explicit sample
space, it is a collection of pairwise disjoint, nonempty sets whose union is the whole
space. The intuitive idea is that a prima facie cause is spurious if there exists an ear-
lier partition of events such that no matter which event of the partition occurs the
joint occurrence of B and the element of the partition yields the same conditional
probability for the event A as does the occurrence of the element of the partition
alone. To repeat this idea in slightly different language, we have:

Definition 2. 4n event B is a spurious cause of A if and only if B is a prima
facie cause of A, and there is a partition of events earlier than B such that the
conditional probability of A, given B and any element of the partition, is the
same as the conditional probability of A, given just the element of the par-
tition.

The history of human folly is replete with belief in spurious causes. One of
the most enduring is the belief in astrology. The better ancient defenses of astrolo-
gy begin on sound empirical grounds, but they quickly wander into extrapolations
that are unwarranted and that would provide upon deeper investigation excellent
examples of spurious causes. Ptolemy’s treatise on astrology, Tefrabiblos, begins
with a sensible discussion of how the seasons, the weather, and the tides are influ-
enced by the motions of the sun and the moon. But he then moves rapidly to the
examination of what may be determined about the temperament and fortunes of a
given individual. He proceeds to give genuinely fantastic explanations of the cultur-
al characteristics of entire nations on the basis of their relation to the stars. Con-
sider, for example, this passage:

Of these same countries Britain, (Transalpine) Gaul, Germany, and Bastarnia
are in closer familiarity with Aries and Mars. Therefore for the most part their
inhabitants are fiercer, more headstrong, and bestial. But Italy, Apulia,
(Cisalpine) Gaul, and Sicily have their familiarity with Leo and the sun; where-
fore these peoples are more masterful, benevolent, and co-operative (63, Loeb
edition).

Ptolemy is not an isolated example. It is worth remembering that Kepler was court
astrologer in Prague, and Newton wrote more about theology than physics. In his-
torical perspective, their fantasies about spurious causes are easy enough to per-
ceive. It is a different matter when we ask ourselves about future attitudes toward
such beliefs current in our own time.

The concept of causality has so many different kinds of applications and is at
the same time such a universal part of the apparatus we use to analyze both scien-
tific and ordinary experience that it is not surprising to have a variety of conflicting
intuitions about its nature. I examine five examples of such conflict, but the list is
in no sense inclusive. It would be easy to generate another dozen just from the liter-
ature of the last ten years.
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1. SIMPSON’S PARADOX

Simpson (1951) showed that probability relationships of the kind exemplified by
Definition 1 for prima facie causes can be reversed when a finer analysis of the data
is considered. From the standpoint of the framework of this article, this is just a
procedure for showing that a prima facie cause is a spurious cause, at least in the
cases where the time ordering follows the definitions given. In Simpson’s discussion
of these matters and in the related literature, there has not been an explicit atten-
tion to temporal order, and I shall ignore it in my comments on the ‘paradox’.
There is an intuitively clear and much discussed example of sex bias in graduate ad-
missions at Berkeley (Bickel, Hammel, & O’Connell 1975). When data from the
university as a whole were considered, there seemed to be good evidence that being
male was a prima facie cause for being admitted to graduate school. In other words,
there was a positive bias toward the admission of males and a negative bias toward
the admission of females. On the other hand, when the data were examined depart-
ment by department it turned out that a majority of the departments did not show
such a bias and in fact had a very weak bias toward female admission. The conflict
in the data arose from the large number of female applications to departments that
had a large number of rejections independent of the sex of the applicant. As is clear
from this example, there is no genuine paradox in the problem posed by Simpson.
There is nothing inconsistent, or in fact even close to inconsistent, in the results
described, which are characteristic of the phenomenon.

Cartwright (1979) proposes to meet the Simpson problem by imposing fur-
ther conditions on the concept of one event being a cause of another. In particular,
she wants to require that the increase in probability characteristic of prima facie
causes defined above is considered only in situations that are “otherwise causally
homogeneous with respect to” the effect. I am skeptical that we can know when
situations are causally homogeneous. In the kind of example considered earlier con-
cerning high intake of vitamin A being a potential inhibitor of lung cancer, it is ce-
tainly not possible to know or even to consider causally homogeneous situations.
This is true of most applications of causal notions in nonexperimental settings and
even in many experimental situations. I am also skeptical at a conceptual or philo-
sophical level that we have any well-defined notion of homogeneity. Consider, for
example, the data from Berkeley just described. There is no reason that we could
not also pursue additional hypotheses. We might want to look at partial data from
each department where the data were restricted just to the borderline cases. We
might test the hypothesis that the female applicants were more able than the males
but that at the borderline there was bias against the females. So far as I know, such
a more refined analysis of the data has not been performed but there is no reason
conceptually that we might not find something by entertaining such additional
questions. My point is that there is no end to the analysis of data in a practical
sense. We can, of course, exhaust finite data theoretically by considering all possible
combinations, but this is only of mathematical significance.

A conflict of intuition can arise as to when to stop the refinement of data
analysis. From a practical standpoint, many professional situations require detailed
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rules about such matters. The most obvious example is in the definition of classes
for actuarial tables. What should be the variables relevant to fixing the rates on in-
surance policies? I have in mind here not only life insurance but also automobile
insurance, property insurance, etc. I see a conflict at the most fundamental level
between those who think there is some ultimate stopping point that can be deter-
mined in the analysis and those who do not.

There is another point to be mentioned about the Simpson problem. It is that
if we can look at the data after they have been collected and if the probabilities in
question are neither zero nor one, it is then easy to define artificially events that
render any prima facie cause spurious. Of course, in ordinary statistical methodolo-
gy it would be regarded as a scandal to construct such an event after looking at the
data, but from a scientific standpoint the matter is not so simple. Certainly, looking
at data that do not fit desired hypotheses or favorite theories is one of the best
ways to get ideas about new hypotheses or new theories. But without further in-
vestigation we do not take seriously the ex post facto artificial construction of con-
cepts. What is needed is another experiment or another set of data to determine
whether the hypotheses in question are of serious interest. There is, however, an-
other point to be made about such artificial concepts constructed solely by looking
at the data and counting the outcomes. It is that somehow we need to exclude such
concepts to avoid the undesirable outcome of every prima facie cause being spuri-
ous, at least every naturally hypothesized prima facie cause. One way to do this of
course is to characterize the notion of genuine cause relative to a given set of con-
cepts that may be used to define events considered as causes. Such an emendation
and explicit restriction on the definition given above of genuine cause seems appro-
priate.?

2. MACROSCOPIC DETERMINISM

Even if one accepts the general argument that there is randomness in nature at the
microscopic level, there continues to be a line of thought that in analysis of causali-
ty in ordinary experience it is useful and, in fact, in some cases almost mandatory
to assume determinism. I will not try to summarize all the literature here but will
concentrate on the arguments given in Hesslow (1976, 1981), which attempt to give
a deep-running argument against probabilistic causality, not just my particular ver-
sion of it. (In addition to these articles of Hesslow, the reader is also referred to
Rosen [1978] and for a particularly thorough critique of deterministic causality,
Rosen [1982].)

As a formulation of determinism that avoids the global character of Laplace’s,
both Hesslow and Rosen cite Anscombe’s (1975, p. 63) principle of relevant differ-
ence, “If an effect occurs in one case and a similar effect does not occur in an ap-
parently similar case, then there must be a relevant further difference.” Although
statistical or probabilistic techniques are employed in testing hypotheses in the bio-
logical and social sciences, Hesslow claims that “there is nothing that shows that
these hypotheses themselves are probabilistic in nature. In fact one can argue that
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the opposite is true, for statistics are commonly used in a way that presupposes de-
terminism, namely, in various kinds of eliminative arguments.”

Hesslow’s intuitions here are very different from mine, so there is a basic con-
flict that could best be resolved by extensive review of the biological, medical, and
social science literature. I shall not attempt that here but state what I think is
wrong with one of Hesslow’s ideal examples. He says that these kinds of eliminative
arguments all have a simple structure. He takes the case of Jones, who had a fatal
disease but was given a newly discovered medicine and recovered. We conclude, he
says, that the cause of his recovery was M, the event of taking medicine. Now he
says at the beginning that Jones had a “universally fatal disease.”” The first thing to
challenge is the use of the adverb universaily. This is not true of all the diseases of
interest. Almost no diseases that are the subject for analysis and study by doctors
are universally fatal. It is a familiar fact that when medicine is given we certainly
like to attribute the recovery to medicine. But ordinarily the evidence is not over-
whelming, because in the case of almost all diseases there is evidence of recovery of
individuals who were not treated by the medicine. This is true of all kinds of dis-
eases, from the plague to pneumonia. In making this statement, [ am certainly not
asserting that medicine is not without efficacy but only that Hesslow’s claim is far
too simple. The actual data do not support what he says.

Hesslow’s claim that this is a case of determinism is puzzling because in his
own explicit formulation of the argument he says, *“Thus, (probably) M caused R,”
where R is the event of recovery. He himself explicitly introduces the caveat of
probability. What he states is that “‘because something caused the recovery and,
other causes apparently being scarce, M is the most likely candidate.” Determinism
comes in the use of something, but the conclusion he draws is probabilistic in char-
acter and could just as well have been drawn if he had started with the view that in
most cases an identifiable agent caused the recovery but that in the remaining cases
the recovery was spontaneous. Moreover, I would claim that there is no powerful
argument for the determinism of the kind Hesslow was trying to give. One could
lock from one end of the medical literature to the other and simply not find the
kind of need for the premises he talks about.

There is a point to be clear about an this matter. Because one is not endorsing
determinism as a necessary way of life for biological and social scientists, it does
not mean that the first identification of a probabilistic cause brings a scientific in-
vestigation of a given phenomenon to an end. It is a difficult and delicate matter
to determine when no further causes can be identified. I am not offering any algo-
nthms for making this determination. I am just making a strong claim that we do
get along in practice with probabilistic results and we do not fill them out in an in-
teresting deterministic fashion.

3. TYPES AND TOKENS

There are a host of conflicting intuitions about whether causality should mainly be
discussed in terms of event types or event tokens, and also how the two levels are
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related. I restrict myself here to two issues, both of which are fundamental. One is
whether cases of individual causation must inevitably be subsumable under general
laws. The second is whether we can make inferences about individual causes when
the general laws are merely probabilistic.

A good review of the first issue on subsumption of individual causal relations
under general laws is given by Rosen (1982), and I shall not try to duplicate her
excellent discussion of the many different views on this matter. Certainly, nowa-
days probably no one asserts the strong position that if a person holds that a singu-
lar causal statement is true then the person must hold that a certain appropriate
covering law is true. One way out, perhaps most ably defended by Horgan (1980),
is to admit that direct covering laws are not possible but that there are at work un-
derneath precise laws, formulated in terms of precise properties that do give us the
appropriate account in terms of general laws. But execution of this program certain-
ly is at present, and in my own view will forever be, at best a pious hope. In many
cases we shall not be able to supply the desired analysis.

There is a kind of psychological investigation that would throw interesting
light on actual beliefs about these matters. Epistemological or philosophical argu-
ments of the kind given by Horgan do not seem to me to be supportable. It would
be enlightening to know if most people believe that there is such an underlying
theory of events and if somehow it gives them comfort to believe that such a theory
exists. The second and more particular psychological investigation would deal with
the kinds of beliefs individuals hold and the responses they give to questions about
individual causation. Is there a general tendency to subsume our causal accounts of
individual events under proto-covering laws? It should be evident what [ am saying
about this first issue. The defense that there are laws either of a covering or a foun-
dational nature cannot be defended on philosophical grounds, but it would be use-
ful to transform the issue into a number of psychological questions as to what
people actually do believe.

The second issue is in a way more surprising. It has mainly been emphasized
by Hesslow. It is the claim that inferences from generic statistical relations to indi-
vidual causal relations are necessarily invalid. Thus, he concludes that “if all generic
causal relations are statistical, then we must either accept invalid inferences or re-
frain from talking about individual causation at all”” (1981, 598). It seems to me
that this line of argument is definitely mistaken and I would like to try to say why
as clearly as I can. First of all, I agree that one does not make a logically or a mathe-
matically valid argument from generic statistical relations to individual causal rela-
tions. It is in the nature of probability theory and its applications that the inference
from the general to the particular is not in itself a mathematically valid inference.
The absence of such validity, however, in no way prohibits using generic causal
relations that are clearly statistical in character to make inferences about individual
causation. It is just that those inferences are not mathematically valid inferences—
they are inferences made in the context of probability and uncertainty. I mention
as an aside that there is a large literature by advocates of a relative frequency theory
of probability about how to make inferences from relative frequencies to single
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cases. Since I come closer to being a Bayesian than a relative frequentist, I shall not
review these arguments, but many of the discussions are relevant in arguing from a
different viewpoint than mine about Hesslow’s claims.

First, though, let me distinguish sharply between the generic relations and the
individual relations and what I think is the appropriate terminology for making this
distinction. The language I prefer is that the generic relations are average or mean
relations. The individual relations at their fullest and best depend upon individual
sample paths known in great detail. An individual sample path is the continuous
temporal and spatial path of development of an individual’s history. There is in this
history ordinarily a great deal of information not available in simple mean data. I
can say briefly and simply what the expected or mean life span is of an adult male
who is now forty-five years old and is living in the United States, but if I consider
some single individual and examine him in terms of his past history, his ancestors,
his current state of health, his employment, etc., I may come to a very different
view of his expected number of remaining years. Certainly it would be ludicrous to
think that there is a logically valid inference from the mean data to the individual
data.

But for a Bayesian or near Bayesian like myself, the matter has a rather
straightforward solution. First of all, probabilities as matters of belief are directly
given to individual events and their individual relationships. Second, by the stan-
dard theorem on total probability, when I say that a given individual has an expected
lifetime of twenty years, I have already taken account of all the knowledge that I
have about him. Of course, if I learn something new, the probability can change,
just on the basis of the theorem on total probability. Now the central point is that
ordinarily much of what I know about individuals is based upon generic causal rela-
tions. I simply do not know enough to go very much beyond generic relations, and
thus my probabilistic estimate of an individual’s expected remaining lifetime will
very much depend on a few generic causal relations and not much else. The absence
of logical validity in relating the generic in the individual in no way keeps me from
talking about individual causation, contrary to Hesslow’s claim. In fact, I would say
that what I have said is ji*st the right account of how we do talk about individual
causation in the cases where we know something about generic probabilistic causal
relations. We know, for example, that heavy clouds are a good sign of rain, and
when accompanied by a drop in atmospheric pressure an even better sign. We know
that these two conditions alone will not cause rain with probability one, but there
is a strong probabilistic causal relation. We go on to say, well, rain is likely some-
time this afternoon. We are quite happy with our causal views of the matter based
on a couple of generic causal relations. Intimate details of the kind available to me-
teorologists with the professional responsibility to predict the weather are not avail-
able, let us say, in the instance being discussed. The meteorologist faced with a
similar problem uses a much more complex theory of generic relations in order
finally to issue his prediction for the afternoon. It is also important to note, of
course, that on the kind of Bayesian view I am describing here there is no algosithm
or simple calculus for passing by probability from generic causal relationships to
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individual ones, even for the trained meteorologist. It is a matter of judgment as to
how the knowledge one has is used and assessed. The use of the theorem on total
probability mentioned above depends on both conditional and unconditional prob-
abilities, which in general depend on judgment. In the case where there is very fine
scientific knowledge of the laws in question it might be on occasion that the condi-
tional probabilities are known from extensive scientific experimentation, but then
another aspect of the problem related to the application to the individual event will
not be known from such scientific experimentation except in very unusual cases,
and judgment will enter necessarily.

4. PHYSICAL FLOW OF CAUSES

In his excellent review article on probabilistic causality, Salmon (1980) puts his
finger on one of the most important conflicting intuitions about causality. The deri-
vations of the fundamental differential equations of classical physics give in most
cases a very satisfying physical analysis of the flow of causes in a system, but there
is no mention of probability. It is characteristic of the areas in which probabilistic
analysis is used to a very large extent that a detailed theory of the phenomena in
question is missing. The examples from medicine given earlier are typical. We may
have some general ideas about how a vaccine works or about the mechanisms for
absorbing vitamin A, but we do not have anything like an adequate detailed theory
of these matters. We are presently very far from being able to make any kind of de-
tailed theoretical predictions derived from fundamental assumptions about molecu-
lar structure, for example. Concerning these or related questions we have a very
poor understanding in comparison with the kinds of models successful in various
parts of classical physics about the detailed flow of causes. I think Salmon is quite
right in pointing out that the absence of being able to give such an analysis is the
source of the air of paradox of some of the counterexamples that have been given.
The core argument is to challenge the claim that the occurrence of a cause should
increase the probability of the occurrence of its effect.

Salmon uses as a good example of this phenomenon the hypothetical case
made up by Deborah Rosen and reported in my 1970 monograph. A golfer makes a
birdie by hitting a limb of a tree at just the right angle, not certainly something that
he planned to do. The disturbing aspect is that if we estimated the probability of
his making a birdie prior to his making the shot and we added the condition that
the ball hit the branch, we would ordinarily estimate the probability as being defi-
nitely lower than that he would have made a birdie without this given condition.
On the other hand, when we see the event happen we have an immediate physical
recognition that the exact angle that he hit the branch played a crucial role in the
ball’s going into the cup. In my 1970 discussion of this example, I did not take suf-
ficient account of the conflict of intuition between the general probabilistic view
and the highly structured physical view. I now think it is important to do so and I
very much agree with Salmon that the issues here are central to a general acceptabil-
ity of a probabilistic theory of causality. I therefore want to make a revised response.
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There are at least three different kinds of cases in which what seem for other
reasons to be prima facie causes in fact turn out to be negative causes, i.e., the con-
ditional probability of the effect’s occurring is lowered given the cause. One sort of
case involves situations in which we know a great deal about the classical physics. A
second kind of case is where an artificial example can be constructed and we may
want to make claims about observing a causal chain. Salmon gives a succinct and
useful example of this kind, which T discuss. Third, there are the cases in which we
attribute without any grounds some surprising event as a cause of some significant
effect. In certain respects the ancient predilection for omens falls under this cate-
gory, but I shall not expand upon this view further.

In the first kind of case there is a natural description of the event after the
fact that makes everything come out right. Using the golf ball example as typical,
we now describe the event as that of the golf ball’s hitting the branch at exactly the
right angle to fall into the cup. Given such a description we would of course make
the conditional probability close to one, but it is only after the fact that we could
describe the event in this fashion. On the other hand, it is certainly too general to
expect much to come out of the event described simply as the golf ball’s hitting the
limb of the tree. It is not really feasible to aim before the event at a detailed de-
scription of the event adequate to make a good physical prediction. We will not be
given the values of parameters sufficiently precisely to predict that the golf ball will
hit the Hmb of the tree at an angle just right for bouncing into the cup. Consequent-
ly, in such cases we cannot hope to predict the effects of such surprising causes, but
based upon physical theories that are accurate to a high degree of approximation
we understand that this is what happened after we have observed the sequence of
events. Another way of putting the matter is that there is a whole range of cases in
which we do not have much hope of applying in an interesting scientific or com-
monsense way probabilistic analysis, because the causes will be surprising. Even in
cases of extraordinary conceptual simplicity, e.g., the N-body problem with only
forces of gravitation acting between the bodies, extended prediction of behavior for
any length of time is not in general possible. Thus, although a Bayesian in such mat-
ters, I confess to being unable to make good probabilistic causal analyses of many
kinds of individual events. In the same fashion, I cannot apply to such events, in ad-
vance of their happening, detailed physical theories. The possibilities of application
in both cases seem hopeless as a matter of prediction. This may not be the way we
want the world to be but this is the way it is.

Salmon alse gives an example that has a much simpler physical description
than the golf ball example. It involves the eight ball and the cue ball on a pool table
with the player having a 50-50 chance of sinking the eight ball with the cue ball
when he tries. Moreover, the eight ball goes into the corner pocket, as Salmon says,
“if and almost only if his cue ball goes into the other far corner pocket.” Let event
A be the player’s attempting the shot, B the dropping of the eight ball in the corner
pocket, and C the dropping of the cue ball into the other corner pocket. Under the
hypotheses given, B is a prima facie cause of €, and Salmon is concerned about the
fact that A does not screen B off from C, i.e., render B a spurious cause of C. Salmon
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expresses his concern by saying that we should have appropriate causal relations
among A, B, and C without having to enter into more detailed physical theory. But
it seems to me that this example illustrates a very widespread phenomenon. The
physical analysis, which we regard as correct, namely, the genuine cause of C,i.e.,
the cue ball going into the pocket, is in terms of the impact forces and the direction
of motion of the cue ball at the time of impact. We certainly believe that such spec-
ification can give us a detailed and correct account of the cue ball’s motion. On the
other hand, there is an important feature of this detailed physical analysis. We must
engage in meticulous investigations; we are not able to make in a commonsense way
the appropriate observations of these earlier events of motion and impact. In con-
trast, the events 4, B, and C are obvious and directly observable. I do not find it
surprising that we must go beyond these three events for a proper causal account,
and yet at the same time we are not able to do so by the use of obvious common-
sense events. Aristotle would not have had such an explanation, from all that we
know about his physics. Why should we expect it of untutored common sense?

The second class of example, of which Salmon furnishes a very good instance,
is when we know only probability transitions. The example he considers concerns
an atom in an excited state. In particular, it is in the fourth energy level. The prob-
ability is one that it will necessarily decay to the zeroeth level, i.e., the ground
state. The only question is whether the transitions will be through all the intermedi-
ate states three, two, and one, or whether some states will be jumped over. The
probability of going directly from the fourth to the third state is 3/4 and from the
fourth to the second state is 1/4. The probability of going from the third state to
the first state is 3/4 and from the third state to the ground state 1/4. Finally, the
probability of going from the second state to the first state is 1/4 and from the sec-
ond state directly to the ground state 3/4. It is required also, of course, that the
probability of going from the first state to the ground state is one. The paradox
arises because of the fact that if a decaying atom occupies the second state in the
process of decay, then the probability of its occupying the first state is 1/4, but the
mean probability whatever the route taken of occupying the first state is the much
higher probability of 10/16. Thus, on the probabilistic definitions given earlier of
prima facie causes, occupying the second state is a negative prima facie cause of oc-
cupying the first state.

On the other hand, as Salmon emphasizes, after the events occur of the atom
going from the fourth to the second to the first state, many would say that this se-
quence constitutes a causal chain. My own answer to this class of examples is to
meet the problem head-on and to deny that we want to call such sequences causal
sequences. If all we know about the process is just the transition probabilities given,
then occupancy of the second state remains a negative prima facie cause of occupy-
ing the first state. The fact of the actual sequence does not change this characteriza-
tion. In my own constructive work on causality, I have not given a formal defini-
tion of causal chains, and for good reason. I think it is difficult to decide which of
various conflicting intuitions should govern the definition.

We may also examine how our view of this example might change if the
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probabilities were made more extreme, i.e., if the mean probability of occupying
the first energy state comes close to one and the probability of a transition from
the second to the first state is close to zero. In such cases when we observe the se-
quence of transitions from the fourth to the second to the first state, we might be
inclined to say that the atom decayed to the first state in spite of occupying the
second state. By using such phrases as in spite of we indicate our skepticism that
what we have observed is a genuine causal chain.

5. COMMON CAUSES

It was a virtue of Reichenbach to have recognized that a natural principle of causal-
ity is to expect events that are simultaneocus, spatially separated, and strongly cor-
related, to depend upon some common cause to generate the correlation. There are
a variety of controversial questions about the principle of common cause, and the
source of the controversy is the absence of clear and widely accepted intuitions
about what we should expect of such causes. Should we expect such causes to exist?
Thus, when we observe phenomenologically simultaneous events strongly correlated,
should we always be able to find a common cause that eliminates this phenomeno-
logical correlation in the sense that, when we condition on the common cause, the
new conditional correlation is zero? Another question concerns the determinism of
common causes. Ought we to expect such causes to be deterministic, or can we find
common causes that are strictly probabilistic? In a recent essay, Van Fraassen
{1982) expresses the view that the causes must be deterministic in the following
way.

But a belief in the principle of the common cause implies a belief that there is
in the relevant cases not merely a compatibility (so that deterministic hidden
variables could be introduced into models for the theory) but that ail those
hidden events which are the common causes, are real, and therefore, that the
world is really deterministic (208).

Salmon (1982) in his reply to Van Fraassen suggests that the principle of common
cause is sometimes used as an explanatory principle and sometimes as a principle of
inference. Also he implicitly suggests a third and different use as a maxim of ration-
ality, which is a use also considered by Van Fraassen. The maxim is: search for a
common cause whenever feasible to explain simultaneous events that are strongly
correlated. Using the principle as a maxim does not guarantee any explanations nor
any inferences but can be important in the strategy of research. The dialogue be-
tween Salmon and Van Fraassen in the two articles mentioned contains a number
of useful points about common causes, but rather than consider in detail their ex-
amples, counterexamples, arguments, and counterarguments to each other, [ want
to suggest what I think is a reasonable view of the principle of common cause. In
doing so [ shall avoid references to quantum mechanics except in one instance. I
shall also generalize the discussion to more than two events, because in many scien-
tific applications it is not adequate to consider the correlations of only two events.

First let me say more explicitly what I shall mean by common cause. The



CONFLICTING INTUITIONS ABOUT CAUSALITY 163

exposition here will be rather sketchy. The technical details of many of the points
made are given in the Appendix.
Let A and B be events that are approximately simultaneous and let

P(AB) # P(A)P(B);

i.e., A and B are not independent but correlated. Then the event C is a common
cause of A and B if

(i) C occurs earlier than 4 and B;
(i) P(ABIC)=PAICYP(BIC);
(iii) P(AB\C) = P(AIC)P(B|C).

In other words, C renders A and B conditionally independent, and so does C, the
complement of C. When the correlation between A and B is positive, i.e., when

P(4B) > P(A)P(B),
we may also want to require:
(iv) Cis a prima facie cause of 4 and of B.

I shall not assume (iv) in what follows. I state in informal language a number of
propositions that are meant to clarify some of the controversy about common
causes. The first two propositions follow from a theorem about common causes
proved in Suppes and Zanotti (1981).

Proposition I. Let events A,, A,, . . . , A, be given with any two of the
events correlated. Then a necessary and sufficient condition for it to be pos-
sible to construct a common cause of these events is that the events Ay, A,,
. .., Ay have a joint probability distribution compatible with the given
pairwise correlations.

An important point to emphasize about this proposition is its generality and at the
same time its weakness. There are no restrictions placed on the nature of the com-
mon causes. Once any sorts of restrictions of a physical or other empirical kind are
imposed, then the common cause might not exist. If we simply want to know
whether a common cause can be found as a matter of principle as an underlying
cause of the observed correlations between events, then the answer is not one that
has been much discussed in the literature. All that is required is the existence of a
joint probability distribution of the phenomenological variables. It is obvious that
if the candidates for common causes are restricted in advance, then it is a simple
matter to give artificial examples that show that among possible causes given in ad-
vance no common cause can be found. The ease with which such artificial examples
are constructed makes it obvious that the same holds true in significant scientific in-
vestigations. When the possible causes of diseases are restricted, for example, it is
often difficult for physicians to be able to find a common cause among the given
set of candidates.

Proposition II. The common cause of Proposition I can always be constructed
S0 as to be deterministic.
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Again, without restriction, determinism is always open to us. On the other hand, it
is easy to impose some natural principles of symmetry that exclude deterministic
causes when the correlations are strictly probabilistic, i.e., the correlations between
the events at the phenomenological level are not themselves deterministic. Explicit
formulations of these principles of symmetry are given in the Appendix.

Proposition IIl. Conditions of symmetry can easily be found such that strict-
ly probabilistic correlations between phenomenologically observed events
have as a common cause one that is strictly probabilistic.

This last proposition is special in nature, of course. It refers to principles of sym-

metry discussed in the Appendix. The conditions are sufficient but not necessary. It

would be desirable to find significant necessary and sufficient conditions that re-

quire the common cause to be probabilistic rather than deterministic in character.
Finally, I state one application to quantum mechanics.

Proposition IV. There are correlated phenomenological data that cannot have
a common cause that is theoretically consistent with quantum mechanics, be-
cause there can be no joint probability distribution of the data, as described
in Proposition I.

APPENDIX ON COMMON CAUSES

In this Appendix I present a number of theorems about inferences from phenom-
enological correlations to common causes. In the framework of quantum me-
chanics, the theorems are mainly theorems about hidden variables. Most of the
proofs will not be given, but references will be cited where they may be found. The
content of this Appendix follows closely the first part of Suppes and Zanotti
(1984).

To emphasize conceptual matters and to keep technical simplicity in the fore-
front, I consider only two-valued random variables taking the values *1. We shall
also assume symmetry for these random variables in that their expectations will be
zero and thus they will each have a positive variance of one. For emphasis we state:

GENERAL ASSUMPTION. The phenomenological random variables X,
.« ., Xy have possible vahies *1, with means E(X,)=0,1 <i<N.

We also use the notion X, ¥ and Z for phenomenological random variables. We use
the notation E(XY) for covariance, which for these symmetric random variables is
also the same as their correlation o(X,Y).

The basic meaning of common cause that we shall assume is that when two
random variables, say X and Y, are given, then in order for a hidden variable A to
be labeled a common cause, it must render the random variables conditionally inde-
pendent, that is,

) E(XYIN) = E(XINEY IN).
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Two Deterministic Theorems

We begin with a theorem asserting a deterministic result. It says that if two random
variables have a strictly negative correlation, then any cause in the sense of (1) must
be deterministic, that is, the conditional variances of the two random variables, given
the hidden variable A, must be zero. We use the notation o(XIA) for the conditional
standard deviation of X given A, and its square is, of course, the conditional vari-
ance.

THEOREM 1 (Suppes and Zanotti, 1976). If
‘i) E(XYIN) = E(XINE(Y )
(i) p(X,Y) = —1

o(XIN) =o(YIN)=0.

then

The second theorem asserts that the only thing required to have a common
cause for V random variables is that they have a joint probability distribution. This
theorem is conceptually important in relation to the long history of hidden variable
theorems in quantum mechanics. For example, in the original proof of Bell’s in-
equalities, Bell (1964) assumed a causal hidden variable in the sense of (1) and de-
rived from this assumption his inequalities. What Theorem 2 shows is that the as-
sumption of a hidden variable is not necessary in such discussions—it is sufficient
to remain at the phenomenological level. Once we know that there exists a joint
probability distribution then there must be a causal hidden variable, and in fact
this hidden variable may be constructed so as to be deterministic.

THEOREM 2 (Suppes and Zanotti, 1981). Given phenomenological random

variables Xy, . . . , Xy, then there exists a hidden variable \, a common
cause such that
EXy, . .. ,XN|7\) =E(X;IN) . .. E(XNI?\)
if and only if there exists a joint probabijlity distribution of X;, . . . ,X N
Moreover, N may be constructed as a deterministic cause, i.e., for I <i<N
o(X;IN)=0.
Exchangeability

We now turn to imposing some natural symmetry conditions both at a phenomeno-
logical and at a theoretical level. The main principle of symmetry we shall use is
that of exchangeability. Two random variables X and Y of the class we are studying
are said to be exchangeable if the following probabilistic equality is satisfied.

) PX=1,Y=-1)=P(X=-1,Y=1).

The first theorem we state shows that if two random variables are exchange-
able at the phenomenological level then there exists a hidden causal variable satisfy-
ing the additional restriction that they have the same conditional expectation if and
only if their correlation is not negative.
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THEOREM 3 (Suppes and Zanotti, 1980). If X and Y are exchangeable, then
there exists a hidden variable \ such that
(i) Nisacommon cause of X and Y,
(i) E(XIN)=E(IN)
if and only if
pX,7)=0.

There are several remarks to be made about this theorem. First, the phenomenologi-
cal principle of symmetry, namely, the principle of exchangeability, has not been
used in physics as explicitly as one might expect. In the context of the kinds of ex-
periments ordinarily used to test hidden variable theories, the requirement of
phenomenological exchangeability is uncontroversial. On the other hand, the theo-
retical requirement of identity of conditional distributions does not have the same
status. We emphasize that we refer here to the expected causal effect of A. Obvious-
ly the actual causal effects will in general be quite different. We certainly would
concede that in many physical situations this principle may be too strong. The
point of our theorems about it is to show that once such a strong theoretical prin-
ciple of symmetry is required then exchangeable and negatively correlated random
variables cannot satisfy it.

Theorem 4 strengthens Theorem 3 to show that when the correlations are
strictly between zero and one then the common cause cannot be deterministic.

THEOREM 4 (Suppes and Zanotti, 1984). Given the conditions of Theorem
3, if 0 < p(X,Y) < 1 then A cannot be deterministic, i.e., o(X|\), o(Y|\) # 0.

PROOQF. We first observe that under the assumptions we have made:
Min{P(X=1,Y=-1),P(X=1,Y=1),P(X=-1,Y=—1)} >0.
Now, let 2 be the probability space on which all random variables are defined. Let

@={4} 1 <i<Nand I = {115-}, 1 <j <M be two partitions of . We say that
I is a refinement of @ in probability if and only if for all ’s and /s we have:

If P(4; N H;) > 0 then P(4; N H)) = P(E).

Now let X\ be a causal random variable for X and ¥ in the sense of Theorem 3, and
let A have induced parition X = {H}-}, which without loss of generality may be as-
sumed finite. Then A is deterministic if 3 is a refinement in probability of the parti-
tion @ ={A4;}generated by X and Y, for assume, by way of contradiction, that this
is not the case. Then there must exist 7 and / such that P(4; N H;) >0 and

P(4; N Hy) <P(Hp,
but then 0 <P(4;H) < 1.
We next show that if A is deterministic then E(XIX) # E(YIN), which will

complete the proof.
Let, as before, I = {H}-} be the partition generated by A. Since we know that

LPX=1,Y=-1,H)=P(X=1,Y=-1)>0
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there must be an /; such that
PX=1,Y=-1,H)>0,

but since A is deterministic, 3 must be a refinement of @ and thus as already proved
PX=1,Y=-1lH)=1,

whence

P(X=1,Y=1H)=0
P(X=-1,Y=1/4)=0
P(X=-1,Y=—1)=0,

and consequently we have
PX=1H)=PY=-1H)=1

3
P(X=-1|H)=PY =1H)=0

Remembering that Z(XI\) is a function of A and thus of the partition 3(, we have
from (3) at once that

E(XI\) #EYIN).

Notes

1. This article is excerpted from chapter 3 of my Probabilistic Metaphysics, which is in
press.

2. As Cartwright (1979) points out, it is a historical mistake to attribute Simpson’s para-
dox to Simpson. The problem posed was already discussed in Cohen and Nagel’s well-known
textbook (1934), and according to Cartwright, Nagel believes that he learned about the prob-
lem from Yule’s classic textbook of 1911. There has also been a substantial recent discussion
of the paradox in the psychological literature (Hintzman 1980; Martin 1981).
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