Patrick Suppes

PROBLEMS OF CAUSAL ANALYSIS
IN THE SOCIAL SCIENCES

This article is concerned with the prospects and problems of
causal analysis in the social sciences. On the one hand, over the
past 40 years there has developed an elaborate and powerful statis-
tical methodology. The depth of these developments far exceeds
that of any other time in the history of statistics. On the other
hand, only very recently have very explicit causal analyses been
the focus of extensive discussion in the social sciences. It is my
feeling that the various developments in economics, philosophy,
and sociology are coming together to give a new and highly ap-
plicable synthesis of ideas about causality.

I shall not provide a detailed bibliography of the developments
I refer to, because that has been done rather recently in a com-
plete way by Paul Humphreys [unpublished], but what I shall con-
centrate on is the problem of introducing more structure into
causal analysis.

1. FORMAL DEFINITION
The philosophical literature has tended to emphasize discussion

of causality in terms of events, but the statistical and social science
literature almost uniformly formulates causal concepts in terms of
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random variables. The reasons for this are several. For one thing,
there is a continued interest in treating quantitative properties and
the causal relations between them. For this purpose the language
of events is difficult to use in an efficient and natural way. For an-
other thing, one is not ordinarily interested in constructing a de-
tailed sample space but only to rely on Kolmogorov’s consistency
theorem in order to know that one exists.

With this framework in mind. I begin by using some of the for-
mal definitions and theorems from earlier work on these ques-
tions (Suppes [1970]).

Prima Facie Causes.

The definition of prima facie cause assumes that causal influ-
ence is temporally ordered, with causes strictly preceding their ef-
fects in time. There is some basis for arguing that cause and effect
can be simultaneous; but I shall ignore that complication here,

(b1) The property Y, is a (weak) prima facie quadrant
cause of the property X, if and only if
()t <t
(if) Forall x and y if (Y 2 y) > 0, then
P(X, 2 x| Yyu=y)>PX, >x).

The term gquadrant is used because (ii) may be written:
PX,2x, Yp=2y)=2PX, 2x)P(Yy=2y),

which expresses a comparison between the probability of any
quadrant X, > x, Yy > y under the given distribution and the
probability of this quadrant in the case of independence.

In the literature of applied statistics the most common notion
of dependence between random variables or quantitative prop-
erties is that of correlation. Following the methods of Lehmann
[1966] we may prove the following theorem to show that the no-
tion of prima facie cause defined here implies that of nonnegative
correlation,
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(T1) 'If Y, is a prima facie quadrant cause of X, and if the
variances of Y, and X, exist as well as their covari-
ance, and if neither variance is zero, then the correla-
tion of X, and Y, is nonnegative.

Obviously this definition is too simple for any complete ac-
count, It is apparent that prima facie causes can be spurious. A
typical and familiar example would be the falling of a barometer
preceding a storm. Given our modern knowledge of meteorology,
we do not believe that the falling barometer is a genuine cause of
the storm.

For this reason I introduce the notion of a spurious cause.

Spurious Cause.

The definition is an obvious extension of the first one. A spuri-
ous cause must be a prima facie cause.

(D2) A property Yy is a spurious quadrant cause of X, if
and only if there is a t" < t' and a property Z . such
that

(i) Y, is a weak prima facie quadrant cause of X,,
(ii) For all x, y and z if P(Yp 2y, Zi 2 2) > 0, then
P(X,>x | Yt’>y) Z,n>z)=P(X,>x |Ztn>z).

In the literature of applied statistics, the notion most closely
corresponding to that of spurious quadrant causality is that of
spurious correlation. Roughly speaking, two random variables
are said to be spuriously correlated if the correlation between
them can be shown to vanish when a third variable is introduced
and “held constant.” The necessity of investigating the possibility
of spurious correlation before using the existence of a correlation
to make an inference about causal relations has long been rec-
ognized in statistics. A good detailed discussion of the causal sig-
nificance of spurious correlations is to be found in Simon [1954].

Corresponding to the preceding theorem about correlations, we
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may prove the following theorem about spuricus correlations.

(T2) Spurious quadrant caeusality implies spurious correls-
tion.

Genuine Cause.

We define a prima facie cause as genuine (relative to a given
framework of concepts) if and only if it is not spurious. Notice
that the definition of genuine must be relativized to a framework
of concepts. There is no metaphysically or scientifically ultimate
concept of genuine cause.

2. SOME PROBLEMS

I shall discuss two problems that are important in the applica-
tion of the general concepts just defined to detailed scientific
analysis. One is the probelm of mutual interaction of causes, and
the other is the problem of identifying internal states. These two
problems are meant simply to give a sample of the kinds of diffi-
culties that arise and need further thought,

Problem of Interaction.

Especially in applications in the social sciences but also in classi-
cal physics, there arises the problem of the interaction between
individuals who are influencing each other causally. The famous
example in classical mechanics is gravitational attraction. There are
probably no examples quite so salient in the social sciences but
there are a number of well-defined kinds of such interaction in
psychology and economics. To illustrate one kind of attack and
one kind of subsequent development that follows, I draw upon the
following extended example from earlier work in mathematical
psychology (Lamperti and Suppes [1959]).
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The models I consider apply to an experimental situation which
consists of a sequence of trials. On each trial the subject of the ex-
periment makes a response, which is followed by a reinforcing
event. Thus an experiment may be represented by a sequence
(A.,E, A, ,E, ..., A,,E,,.) of random variables, where the
choice of letters follows conventions established in the literature:
the value of the random variable 4, is a number j representing the
actual response on trial n, and the value of E, is a number & rep-
resenting the reinforcing event on trial n. The relevant data on
each trial may then be represented by an ordered pair (j, #) of
integers with 1 < j <7, and 0 < %k <, that is, we envisage in gen-
eral 7 responses and t + 1 reinforcing events. Any sequence of
these pairs of integers is a sequence of values of the random vari-
ables and thus represents a possible experimental outcome. The
general aim of the theory is to predict the probability distribution
of the response random variable when a particular distribution, or
class of distributions, is imposed on the reinforcement random
variable.

The theory is formulated for the probability of a response on
trial n + 1 given the entire preceding sequence of responses and re-
inforcements. For this preceding sequence I use the notation x,,.
Thus

% = (BnsfnsEnotsinet seeesBa 51 )

(It is convenient to write these sequences in this order, but note
that the numbering here is from past to present, not the reverse.)
Our single axiom is the following linearity assumption:
Axiom L. If E, = k and P(x,) > 0, then
(1) P(Anﬂ =jlxn)=(1‘6k)P(An =j|xn—1)+9k7\jks
where 0 < 0, Ny < 1 and ,]}37\,,‘ =1.
I also define here certain moments which are of experimental

interest. The moments of ,, of the response probabilities at trial n
are:
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(2) o= T P4y = flxgy )P (e ).

Xp-g

And if the appropriate limits exist we define

@ -m et

The moments (2) are formed in an unsymmetrical way; how-
ever, they enter in a natural way in the expression of quantities
which are easily observed experimentally — for instance, the joint
probability P(4,.; =j, A, =j). (For other examples, see Estes and
Suppes [1959].)

We are also interested in studying extensions of the linear model
to multiperson situations, We may suppose that we have s subjects
in a situation such that the probability of a particular reinforcing
event for any one subject will depend in general on preceding re-
sponses and reinforcements of the others - 1 subjects as well as on
his own prior responses and reinforcements. The data on each trial
may then be represented by an ordered 2s-tuple (7, &y ,...,Js,Rs) of
integers with 1 <j, <r, 0<%k, <¢, for ¢ =1,..,s5 and any se-
quence of such tuples represents a possible experimental outcome.
Let AY and EY be the response and reinforcement random vari-
ables for the ith subject on trial n. We may then generalize Axiom
L to:

Axiom M. For 1 <i<s, if E® =k and P(x,)) > 0, then
(4) PAD = fjlag) = (1= 0P)PAD = jlxn ) + 00N,
where 0 < ch'), 7\5’2 < 1and ,E)\fg =1,
Extensive experimental tests of Axiom M for two-person situa-
tions are reported in Suppes and Atkinson [1960]. Let x® be just
the sequence of first n - 1 responses and reinforcements of subject

i. It is a consequence of Axiom M that

PAD = j1xD) = P(AD =jix, ),
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and it is in terms of x@ that we define moments of?; , exactly
analogous to (2). We shall also be interested in the joint moments

(5) Vrvdon= Z PPAD = 1 AP =y 1501 )P (00 ):

and their asymptotes v;, ; if they exist. To work with these
latter moments in terms of Axiom M we need the additional rea-
sonable assumption that when all the n - 1 preceding responses
and reinforcements are given, the s responses on trial n are statisti-
cally independent:

Axiom I If P(x,, ) > 0, then
- R -
P(AD = ji ey AP = o120y ) = 1L P(AD = filxny ).

The experimental restriction implied by Axiom I has been satisfied
in the multiperson studies employing the linear model.

From a causal standpoint the interesting thing about these multi-
person situations is that one person’s response is a prima facie
cause of a later response by someone else, though we may prove,
using Axiom I, that these responses are spurious. In other words,
what we can prove using Axioms L, M, and I is that for an individ-
ual’s response in a multiperson interactive situation only the se-
quence of preceding reinforcements is genuinely causal. For fur-
ther discussion of this point, see Suppes [1970].

Notice that what happens in this learning-theory example is
typical. We start with a surface interaction but then go deeper to
eliminate the direct interaction. In the present instance we elim-
inate causal interactions in terms of responses by going directly to
the information obtained from the stochastic reinforcement sched-
ule. I do not mean to suggest that we can do this in all kinds of
social interaction. It would, in fact, be my own view that, especial-
ly in the case of language acquisition, it is exactly the responses of
the mother that serve as the most important causal influence on
language acquisition by the child — a view that is hardly news.

But I have chosen the present limited example because it illus-
trates the general principle very well. This general principle is also
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exhibited in the classical case of gravitation. We have moved from
thinking of direct attraction between bodies to the presence of a
gravitational field. It is quite true that we may want to regard this
gravitational field as part of space-time geometry, but other ex-
amples exist that make the same point — electromagnetic fields,
for example, to avoid action at a distance in cases of finite propa-
gation. We move from the mutual interaction of bodies to the ac-
tion of fields on bodies.

Problem of Identifying Internal States.

One particular feature of the example just considered illustrates
a problem common to the physical and social sciences but also one
whose solution in the physical sciences seems difficult to imitate
in the social sciences. I have in mind the postulation of internal
states and related structure that cannot be directly observed in
order to eliminate a causal regression into the past. For example,
in considering the current phenomenoclogical properties of a physi-
cal object we now postulate almost without thinking that these
properties are determined by the particular atomic structure of the
object at the present time. It is not necessary to know anything
about the history of the object from a theoretical standpoint if we
know the current microstructure. To know the phenomenological
properties of a particular substance it is not necessary to track the
history of the substance in detail and how these properties have
evolved as the substance changes from one state to another, but it
is sufficient to make tests for the purity of the sample in terms
of its atomic structure and from this determination to infer all
other phenomenological properties. This radical truncation of the
past is one of the most essential general concepts in the physical
sciences. The particular successes that have been achieved in mod-
ern physics and chemistry by pushing this approach to the limit
represent the most profound accomplishments in the history of
science.

The disturbing question is the extent to which a similar method-
ology of causal analysis can be pursued at a detailed level in the
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social sciences. To avoid any confusion on this point, let me be
clear that the issue is not one of general philosophical belief. It is
reasonable to believe that a person’s actions at a given time are
probabilistically determined by the encoding of his past experi-
ence in his central nervous system and by the current state of the
many chemical substances, such as hormones, enzymes, etc., in
his body at the present instant. We do not have to accept a philo-
sophical view of direct action at a distance across time so that an
event that occurred in childhood directly affects an action in adult-
hood without benefit of intervening internal states. Most reason-
able people would probably deny belief in such remote action at a
distance across time. The difficulty is scientific rather than philo-
sophical, but the difficulty is so profound scientifically that it
must affect our general philosophical view of what is possible in
the social sciences.

The problem is simply that of being able to postulate detailed
internal states which we have some hope of being able to identify
by actual empirical methods. The great success of physics and
chemistry has depended upon the structural identity of substances,
modulo at least the phenomenological properties we have as yet
investigated with any thoroughness. It is a plausible thesis that we
do not have in the case of persons or even other animals anything
like such uniformity of structure; rather, one person’s internal
structure at a given moment is in no interesting way isomorphic
with the internal structure of another person. By “interesting
way” I mean of course in terms of psychological properties and
not gross physical properties. If the situation is as hopeless as I am
inclined to think it is, this means that the methodology of the
social sciences and the development of causal theories must take
quite a different direction than that which has been so successful
in the physical sciences.

Referring to the learning example considered earlier, there is a
concise technical way of putting the point. The kind of learning
model considered is, from a stochastic viewpoint, a stochastic pro-
cess that is a chain of infinite order. The probability of a present
response depends upon the complete past of the organism. In con-
trast, an internal-state theory of such matters would postulate an
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internal structure with a Markovian property: given the current
knowledge of the internal state, no change in prediction of future
behavior would arise from having full knowledge of the past. What
may be characteristic of the social sciences and what makes them
scientifically very difficult is that we shall not be able to move
from chains of infinite order in terms of phenomenological vari-
ables to well-defined enlarged Markov processes with underlying
theoretical states that render knowledge of the past otiose. The
pessimism of this viewpoint is not in any serious way relieved by
the current widespread interest in cognitive psychology, and the
postulation of mental furniture that no one of good sense would
seriously deny. It is not that we do not have internal processes,
and it is not that we do not have some knwoledge of these pro-
cesses, but it is that the uniqueness of these processes in each indi-
vidual in all likelihood constitutes an impenetrable barrier to the
kinds of Iaws in psychology that would match the great theoretical
successes in physics.

If my views on these matters are anywhere near correct they
constitute a different justification for the kind of phenomenologi-
cal analysis of causality in probabilistic terms characteristic of
many modern applications of statistics in the social sciences.
Those of us who would like to see much deeper theoretical de-
velopments that go far beyond these phenomenological applica-
tions will probably continue to be disappointed.

Concluding Remarks.

I have tried to provide a general framework for causal analysis
in the social sciences and have given one or two examples that
properly belong to these sciences. On the other hand, I want to
emphasize I have merely scratched the surface of a large and com-
plex subject. There has been in recent years, as I indicated at the
beginning, a very considerable literature in economics and sociol-
ogy on causality. I have not attempted to review that literature in
any systematic way, but the general ideas I have set forth are com-
patible with much of the thinking in those developments. Those
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developments, by and large, have taken place with concern for
practical applications in a proper statistical setting and not with
deterministic theories of causality reminiscent of classical physics
of the nineteenth century.

I have not really said anything, of course, about the statistical
theory associated with the ideas developed in general outline. That
is another story and far too complex even to sketch in the present
article. I do want to emphasize, however, that it is important to
bring any causal theory to maturity by showing how it relates to
detailed statistical theory and practice.

Department of Philosophy
Stanford University
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