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ESTIMATING CAUSAL EFFECTS OF TREATMENTS IN
RANDOMIZED AND NONRANDOMIZED STUDIES'

DONALD B. RUBIN?

Educational Testing Service, Princeton, New Jersey

A discussion of matching, randomization, random sampling, and other
methods of controlling extraneous variation is presented. The objective
is to specify the benefits of randomization in estimating causal effects
of treatments. The basic conclusion is that randomization should be
employed whenever possible but that the use of carefully controlled
nonrandomized data to estimate causal effects is a reasonable and nec-

essary procedure in many cases.

Recent psychological and educational
literature has included extensive criticism
of the use of nonrandomized studies to
estimate causal effects of treatments (e.g.,
Campbell & Erlebacher, 1970). The im-
plication in much of this literature is that
only properly randomized experiments can
lead to useful estimates of causal effects. If
taken as applying to all fields of study, this
position is untenable. Since the extensive
use of randomized experiments is limited to
the last half century,® and in fact is nof
used in much scientific investigation today,!
one is led to the conclusion that most
scientific “truths” have been established
without using randomized experiments. In
addition, most of us successfully determine
the causal effects of many of our everyday
actions, even interpersonal behaviors, with-
out the benefit of randomization.

Even if the position that causal effects of
treatments can only be well established from
randomized experiments is taken as ap-
plying only to the social sciences in which

1T would like to thank E. J. Anastasio, A. E.
Beaton, W. G. Cochran, K. M. Kazarow, and
R. L. Linn for helpful comments on earlier ver-
sions of this paper. I would also like to thank the
U. S. Office of Education for supporting work on
this paper under contract OEC-0-71-3715.

* Requests for reprints should be sent to Donald
B. Rubin, Division of Data Analysis Research,
Educational Testing Service, Princeton, New Jer-
sey 08540. .

% Essentially since Fisher (1925).

‘For example, in Davies (1954), a well-known
textbook on experimental design in industrial work,
randomization is not emphasized.

there are currently few well-established
causal relationships, its implication—to
ignore existing observational data—may be
counter-productive. Often the only im-
mediately available data are observational
(nonrandomized) and either (a) the cost of
performing the equivalent randomized ex-
periment to test all treatments is prohibitive
(e.g., 100 reading programs under study);
(b) there are ethical reasons why the treat-
ments cannot be randomly assigned (e.g.,
estimating the effects of heroin addiction on
intellectual functioning); or (c) estimates
based on results of experiments would be
delayed many years (e.g., effect of child-
hood intake of cholesterol on longevity).
In cases such as these, it seems more reason-
able to try to estimate the effects of the
treatments from nonrandomized studies
than to ignore these data and dream of the
ideal experiment or make ‘“armchair’
decisions without the benefit of data analy-
sis. Using the indications from nonran-
domized studies, one can, if necessary,
initiate randomized experiments for those
treatments that require better estimates or
that look most promising.

The position here is not that randomiza-
tion is overused. On the contrary, given a
choice between the data from a randomized
experiment and an equivalent’ nonran-
domized study, one should choose the data
from the experiment, especially in the social
sciences where much of the variability is
often unassigned to particular causes. How-
ever, we will develop the position that non-
randomized studies as well as randomized
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CAUSAL EFFECTS 689

experiments can be useful in estimating
causal treatment effects.

In order to avoid unnecessary complica-
tion, we will restrict discussion to the very
simple study consisting of 2N units (e.g.,
subjects), half having been exposed to an
experimental (E) treatment (e.g., a com-
pensatory reading program) and the other
half having been exposed to a control (C)
treatment (e.g., a regular reading program).
If Treatments E and C were assigned to the
2N units randomly, that is, using some
mechanism that assured each unit was
equally likely to be exposed to E as to C,
then the study is called a randomized ex-
periment or more simply an experiment;
otherwise, the study is called a nonran-
domized study, a quasi-experiment, or an
observational study. The objective is to
determine for some population of units (e.g.,
underprivileged sixth-grade children) the
“typical” causal effect of the E versus C
treatment on a dependent Variable Y,
where Y could be dichotomous (e.g., suc-
cess—failure) or more continuous (e.g., score
on a given reading test). The central ques-
tion concerns the benefits of randomiza-
tion in determining the causal effect of the
E versus C treatment on Y.

DEeFINING THE CAusaL ErfFecr oF THE E
VERSUS C TREATMENT

Intuitively, the causal effect of one treat-
ment, E, over another, C, for a particular
unit and an interval of time from t, to t, is
the difference between what would have
happened "at time t, if the unit had been
exposed to E initiated at t; and what would
have happened at t, if the unit had been
exposed to C initiated at t,: “If an hour ago

- I had taken two aspirins instead of just a

glass of water, my headache would now be
gone,” or “Because an hour ago I took two
aspirins instead of just a glass of water, my
headache is now gone.” Our definition of the
causal effect of the E versus C treatment will
reflect this intuitive meaning.

First define a trial to be a unit and an
associated pair of times, t, and t.,, where
t1 denotes the time of initiation of a treat-
ment and t: denotes the time of measure-
ment of a dependent variable, Y, where
t1 < t2. We restrict our attention to Treat-
ments E and C that could be randomly

assigned; thus, we assume (a) a time of
initiation of treatment can be ascertained
for each unit exposed to E or C and (b)
E and C are exclusive of each other in the
sense, that a trial cannot simultaneously
be an E trial and a C trial (ie., if E is
defined to be C plus some action, the
initiation of both is the initiation of E; if E
and C are alternative actions, the initiation
of both E and C is the initiation of neither
of these but rather of a third treatment, E
+ C).

Now define the causal effect of the E
versus C treatment on Y for a particular
trial (i.e., a particular unit and associated
times t4, t,) as follows:

Let y(E) be the value of Y measured® at

- t2 on the unit, given that the unit re-
ceived the experimental Treatment E
initiated at t,;

Let y(C) be the value of Y measured at
t; on the unit given that the unit re-
ceived the control Treatment C initiated
at tl;

Then y(E) — y(C) is the causal effect of
the E versus C treatment on Y for that
trial, that is, for that particular unit and
the times t;, t,.

For example, assume that the unit is a
particular child, the experimental treat-
ment is an enriched reading program, and
the control treatment is a regular reading
program. Suppose that if the child were
given the enriched program initiated at time

® The measured value of Y stated with reference
to time ts is considered the “true” value of Y at t..
This position can be justified by defining Y by a
measuring instrument that always yields the mea-
sured Y (eg., Y is the score on a particular 1Q
test as recorded by the subject’s teacher). Since
an “error” in the measured Y can only be detected
by a “better” measuring instrument (eg., a
machine-produced score on that same 1Q test),
the values of a “truer” score can be viewed as the
values of a different dependent variable. Clearly,
any study is more meaningful to the investigator
if the dependent variable better reflects underlying
concepts he feels are important (e.g., is more ac-
curate) but that does not imply he must con-
sider errors about some unmeasurable “true score.”
For the reader who prefers the concept of such
errors of measurement, he may consider the follow-
ing discussion to assume negligible “technical
érrors” so that Y is essentially the “true” Y
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t1, 10 days later at time t; he would have a
score of 38 items correct on a reading test;
and suppose that if the child instead were
given the regular program initiated at time
t;, at time t; he would score 34 items cor-
rect. Then the causal effect on the reading
test for that trial (that child and times ti,
t;) of the enriched program versus the
regular program is 38 — 34 = 4 more items
correct.

The problem in measuring y(E) — y(C)
is that we can never observe both y(E) and
y(C) since we cannot return to time t: to
give the other treatment. We may have the
same unit measured on both treatments in
two trials (a repeated measure design), but
since there may exist carryover effects (e.g.,
the effect of the first treatment wears off

slowly) or general time trends (e.g., as' the

child ages, his learning ability increases),
we cannot be certain that the unit’s re-
sponses would be identical at both times.

Assume now that there are M trials for
which we want. the “typical” causal effect.
For simplicity of exposition, assume that
each trial is associated with a different unit
and expand the above notation by adding
the subscript j to denote the j* trial (j =
1, 2, -+, M); thus y;(E) — y;i(C) is the
causal effect of the E versus C treatment
for the jtb trial, that is, the j** unit and the
associated times of initiation of treatment,
t1;, and measurement of Y, ts;.

An obvious definition of the ‘‘typical”
causal effect of the E versus C treatment
for the M trials is the average (mean) causal
effect for the M trials:

% ,21 lyi(E) — y;(C)]

Even though other definitions of typical
are interesting,® they lead to more compli-

¢ Notice that if all but one of the individual
causal effects are small and that one is very large,
the average causal effect may be substantially
larger than all but one of the individual causal
effects and thus not very “typical.” Other possible
definitions of the typical causal effects for the M
trials are the median causal effect (the median of
the individual causal effects) or the midmean
causal effect (the average of the middle half of
the individual causal effects). If the individual
causal effects, y;(E) — y3(C), are approximately
symmetrically distributed about a central value,

cations when discussing properties of esti-
mates under randomization. Hence we
assume the average causal effect is the de-
sired typical causal effect for the M trials
and proceed to the problem of its estima-
tion given the obvious constraint that we
can never actually measure both y;(E)
and y;(C) for any trial.

RANDOMIZATION, MATCHING, AND
EsTIMATING THE TYPICAL
CavusaL EFFECT IN THE
2N TriaL StupDY

For now assume that the objective is to
estimate the typical causal effect only for
the 2N trials in the study. Of course, in
order for the results of a study to be of much
interest, we must be able to generalize to
units and associated times other than those
in the study. However, the issue of gen-
eralizing results to other trials is discussed
separately from the issue of estimating the
typical causal effect for the trials under
study. Also, for now we only consider the
simple and standard estimate of the typical
causal effect of E versus C: the average Y
difference between those units who re-
ceived E and those units who received C.
After considering this estimate when there
are only two trials in the study and then
when there are 2N (N > 1) trials in the
study, we will more formally discuss two
benefits of randomization.

Two-Trial Study

Suppose there are two trials under study,
one trial having a unit exposed to E and the
other having a unit exposed to C. The
typical causal effect for the two trials is

1 [1(E) — yi(C) + yo(E) — y:(C)). (1]

The estimate of this quantity from the
study, the difference between the measured
Y for the unit who received E and the
measured Y for the unit who received C, is
either

y1(E) — y2(C) )
or

y«(E) — v:(C) 3]

sensible definitions of “typical” will yield similar
values.
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